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"Somewhere, something incredible is waiting to be known."
Carl Sagan
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Summary

THE spread of the keyhole neurosurgery procedure is due to its capability to min-
imise patient trauma, risk of infection and recovery time. These features make
keyhole neurosurgery applicable for a wide range of patients who are not suit-

able for open surgery. However, performing these procedures using traditional rigid
needles may result in the impossibility to reach targets without colliding with anatomi-
cal obstacles (e.g., bones) or sensitive anatomical tissues (e.g., vital organs and vessels).

Over the last two decades, different research groups have focused their efforts on
the development of needles able to steer inside the tissue. These needles can per-
form curvilinear trajectories planned to maximise the distance from sensitive anatom-
ical structures to be avoided and reach targets otherwise inaccessible via rectilinear
insertion paths. Differently from conventional needles, for which the insertion path can
be planned and performed by the clinician on the basis of the target location and the
patient anatomy, the complex kinematics of steerable needles make the manual path
planning unbearable requiring the aid of automatic or semiautomatic path planning so-
lutions. The pre-operative and intra-operative accuracy, and the robotic motion control
robustness directly contribute to treatment outcomes and postoperative recovery.

On this background, the overall goal of this PhD thesis is to describe a safe and
effective keyhole neurosurgery automatic planning framework for flexible neurosur-
gical needles. The framework is intended to support neurosurgeons during: 1) the
pre-operative procedure to quickly determine the most appropriate surgical entry point
and trajectory through the brain with minimised risk, 2) the intra-operative procedure
to react to a dynamic environment, and 3) the robotic needle insertion to provide an
appropriate control strategy.
In particular, the contributions of this PhD work are:

1. An overview of different path planning techniques used for surgical steerable
needle/catheters. A systematic and careful literature search in major databases
such as Pubmed, Scopus and Web of Science was carried out using "steerable
catheter/needle" and "path planning" as main keywords. The analysis carried out
for each paper concerns the clinical aim, the path planning method, the validation
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procedure and the quantitative results. 84 studies out of 337 were identified, which
actually made use of path planning algorithms for steerable needle/catheters. Such
Paradigms Include graph-based, sampling-based, mathematical-based, learning-
based, reasoning based and multifusion-based methods.

2. A pre-operative path planning framework that couples learning-based and reasoning-
based techniques in order to improve path planning performance. In particular,
an inductive learning model, relying on demonstrations performed by expert op-
erators, is in charge of generating a set of paths as candidate solutions; then a
deductive reasoning module selects the "best" starting point, according to explicit
knowledge modeled over domain experts suggestions. This kind of coupling al-
lows to transfer to the automated path planner most of the knowledge available
at human level: the inductive learning module "catches", via demonstrations, ex-
pert capabilities that are hard to explicitly express (e.g., visual-spatial, bodily-
kinesthetic), while the deductive module formally encodes what has been elab-
orated by the experts upon long-lasting practice (e.g., domain knowledge, best
practices). Eventually, we assess the viability of the proposed approach, with in-
silico test, proving that it stands or even outperform state-of-the-art approaches in
terms of safety distance-from-obstacles respect, smoothness, and computational
time.

3. A realistic, time-bounded simulator based on position-based dynamics simulation
that mocks brain deformations due to catheter insertion. It maximises the prob-
ability of intra-operative path planning success by accounting for uncertainty in
deformation models. The simulator uses a novel approach with respect to the
literature, and it has proved to be a close match with real brain deformations
through validation using recorded deformation data of in-vivo animal trials with
a mean mismatch of 4.73±2.15%. The stability, accuracy, and real-time perfor-
mance make this model suitable for creating a dynamic environment for keyhole
neurosurgery path planning and intra-operative control.

4. A novel path-replanner able to generate an obstacle-free and curvature bounded
path at each time step during insertion, accounting for a constrained target pose
and intra-operative anatomical deformation. The generated path is achieved with
inverse reinforcement learning methods for planning intra-operative feasible tra-
jectory in the dynamic needle-tissue interactive keyhole neurosurgery environ-
ment. Simulation results performed on a realistic dataset show that our re-planning
method can guide a needle with bounded curvature to a predefined target pose with
an average targeting error of 1.34 ± 0.52 mm in position and 3.16 ± 1.06 degrees
in orientation under a deformable simulated environment, with a re-planning time
of 0.02 sec and a success rate of 100%. The target is considered reached with a
tolerance of 2.5 mm in position and 10° in orientation.

5. A motion controller that can steer a programmable bevel-tip needle to produce
the desired trajectory in 3D. This is performed thanks to the integration of the
path planning model developed in 3D Unity into a system that consists of a pro-
grammable bevel-tip needle, a needle tracking via electromagnetic sensors and a
needle steering robot. The integration is performed with the support of the Robotic
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Operating System. In-gel validation shown the feasibility of the method, with a
100% success rate on reaching the target and 3.88 mm of error in positioning
(with a tolerance of 5 mm), demonstrating performances comparable with the
state-of-art of other controllers applied to the same needle steering system. The
Programmable Bevel-tip Needle (PBN) is a multi-segment steerable needle under
development within the EU EDEN2020 project. It is composed of four axially
interlocked slender sections, robotically actuated to develop specific tip configu-
rations that allow the needle to steer in the space. In this PhD dissertation, the
PBN is considered as a case study for the presented methods.
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Sommario

LO sviluppo della procedura di neurochirurgia keyhole è dovuto alla sua capacità
di ridurre al minimo il trauma del paziente, il rischio di infezione e il tempo di
recupero. Queste caratteristiche rendono la neurochirurgia keyhole applicabile

a una vasta gamma di pazienti non adatti alla chirurgia aperta. Tuttavia, l’esecuzione di
queste procedure, utilizzando i tradizionali aghi rigidi, può comportare l’impossibilità
di raggiungere gli obiettivi senza scontrarsi con ostacoli anatomici (ad esempio, le ossa)
o tessuti anatomici sensibili (ad esempio, organi vitali e vasi sanguigni).

Negli ultimi due decenni, diversi gruppi di ricerca hanno concentrato i loro sforzi
sullo sviluppo di aghi in grado di orientarsi all’interno dei tessuti. Questi aghi posso-
no eseguire traiettorie curvilinee, pianificate per massimizzare la distanza da strutture
anatomiche sensibili da evitare, e raggiungere obiettivi altrimenti inaccessibili tramite
percorsi di inserimento rettilinei. A differenza degli aghi convenzionali, per i quali il
percorso di inserimento può essere pianificato ed eseguito dal medico sulla base della
posizione del bersaglio e dell’anatomia del paziente, la complessa cinematica degli aghi
orientabili rende infattibile la pianificazione manuale, richiedendo quindi l’aiuto di so-
luzioni automatiche o semiautomatiche. La precisione pre-operatoria e intra-operatoria
e la robustezza del controllo del movimento robotico contribuiscono direttamente ai ri-
sultati del trattamento e al recupero post-operatorio.

Su queste basi, l’obiettivo generale di questa tesi di dottorato è quello di descrive-
re un quadro sicuro ed efficace di pianificazione automatica di neurochirurgia keyhole
per aghi neurochirurgici flessibili. Il sistema intende supportare i neurochirurghi du-
rante: 1) la procedura pre-operatoria per determinare rapidamente il punto di ingresso
chirurgico più appropriato e la traiettoria attraverso il cervello con un rischio ridotto
al minimo, 2) la procedura intra-operatoria per interagire con un ambiente dinamico,
e 3) l’inserimento dell’ago robotico per fornire una strategia di controllo adeguata. In
particolare, i contributi di questo lavoro di dottorato sono:

1. Una panoramica delle diverse tecniche di pianificazione del percorso utilizzate
per gli aghi/cateteri chirurgici orientabili. Una ricerca sistematica e attenta della
letteratura nelle principali basi di dati come Pubmed, Scopus e Web of Science
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è stata effettuata utilizzando "steerable catheter/needle" e "path planning" come
parole chiave importanti. L’analisi effettuata per ogni articolo riguarda l’obiettivo
clinico, il metodo di pianificazione del percorso, la procedura di validazione e i ri-
sultati quantitativi. Sono stati identificati 84 studi su 337 che hanno effettivamente
fatto uso di algoritmi di pianificazione del percorso per aghi/cateteri orientabi-
li. Tali paradigmi includono metodi basati su grafi, campionamento, matematica,
apprendimento, ragionamento e multifusione.

2. Un sistema di pianificazione del percorso pre-operatorio che incorpora tecniche
basate sull’apprendimento e sul ragionamento al fine di migliorare le prestazioni
di pianificazione del percorso. In particolare, un modello di apprendimento indut-
tivo, basato su dimostrazioni eseguite da operatori esperti, è incaricato di generare
un insieme di percorsi come soluzioni candidate; successivamente, un modulo di
ragionamento deduttivo seleziona il "miglior" punto di partenza, secondo la co-
noscenza esplicita modellata sui suggerimenti degli esperti del dominio. Questo
tipo di accoppiamento permette di trasferire al pianificatore automatico di percor-
si la maggior parte della conoscenza disponibile a livello umano. Il modulo di
apprendimento induttivo "cattura", tramite dimostrazioni, le capacità degli esper-
ti che sono difficili da esprimere esplicitamente (ad esempio, visuale-spaziale,
fisico-cinestetico), mentre il modulo deduttivo codifica formalmente ciò che è sta-
to elaborato dagli esperti dopo una lunga pratica (ad esempio, la conoscenza del
dominio, le migliori pratiche). Infine, valutiamo la fattibilità dell’approccio pro-
posto, in simulazione, dimostrando che è in grado di competere o addirittura su-
perare le soluzioni presenti nello stato dell’arte in termini di distanza di sicurezza
dagli ostacoli, linearità e tempo di calcolo.

3. Un simulatore realistico, incentrato sulla simulazione dinamica basata sulla po-
sizione, che simula le deformazioni del cervello dovute all’inserimento del ca-
tetere e massimizza la probabilità di successo della pianificazione del percorso
intra-operatorio tenendo conto dell’incertezza nei modelli di deformazione. Il si-
mulatore utilizza un nuovo approccio rispetto alla letteratura, e ha dimostrato di
avere una stretta corrispondenza con le deformazioni cerebrali reali attraverso la
convalida utilizzando i dati di deformazione registrati in esperimenti su animali
in vivo con un mismatch medio del 4.73±2.15%. La stabilità, la precisione e le
prestazioni in tempo reale rendono questo modello adatto a creare un ambiente
dinamico per la pianificazione del percorso KN e la guida intra-operatoria.

4. Un nuovo ripianificatore di percorsi in tempo reale in grado di generare, ad ogni
passo temporale durante l’inserimento, un percorso privo di ostacoli e di cur-
vatura, tenendo conto di una posa vincolata dell’obiettivo e della deformazione
anatomica intra-operatoria. Il percorso generato è ottenuto con metodi di appren-
dimento di rinforzo inverso per la pianificazione della traiettoria intra-operatoria.
I risultati di simulazione eseguiti su un set di dati realistici dimostrano che il no-
stro metodo di ripianificazione può guidare un ago con curvatura limitata a una
posizione di destinazione predefinita con un errore medio di posizionamento di
1.34 ± 0.52 mm in posizione e 3.16 ± 1.06 gradi in orientamento in un ambiente
deformabile, con un tempo di ripianificazione di 0.02 sec e un tasso di successo
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del 100%. L’obiettivo è considerato raggiunto con una tolleranza di 2.5 mm per la
posizione e 10° per l’orientamento.

5. Un controllore di movimento che può guidare un ago orientabile per produrre la
traiettoria desiderata in 3D. Questo viene realizzato grazie all’integrazione del
modello di pianificazione del percorso sviluppato in 3D Unity in un sistema che
consiste in un ago orientabile, un tracciamento dell’ago tramite sensori elettroma-
gnetici e un robot che guida l’ago. L’integrazione viene eseguita con il supporto
del Robotic Operating System. La validazione in-gel ha mostrato la fattibilità del
metodo con un tasso di successo del 100% nel raggiungere il bersaglio e 3.88 mm
di errore nel posizionamento (con una tollerenza di 5 mm), dimostrando prestazio-
ni paragonabili allo stato dell’arte di altri controllori applicati allo stesso sistema
di guida dell’ago. Il Programmable Bevel-tip Needle (PBN) è un ago orientabile
a più segmenti in fase di sviluppo nell’ambito del progetto EU EDEN2020. È
composto da quattro sezioni sottili interconnesse assialmente, azionate robotica-
mente per sviluppare specifiche configurazioni della punta che permettono all’ago
di sterzare nello spazio. In questa tesi di dottorato, il PBN è considerato come un
caso di studio per i metodi presentati.
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davg, cmax and αtr) and computing an extrinsic reward(rex(Tagent, a)),
can produce a path similar to the expert’s demonstrations and that re-
spects the kinematic constraints. Once the IL model is trained, it gener-
ates a set of optimal paths; the weights (wdtot , wdmin

and wcmax) and the
kinematic constraints are taken as input by the DR classifier that extracts
the best path with an approach based on ASP. Applying hard and soft
constraints obtaining the best path QILDR . . . . . . . . . . . . . . . . 53

3.4 CED and DBS Environemnts. In (a) sagittal, axial and coronal view
of the CED environment are reported. Defining accordingly the obsta-
cle space (Cobst ={ventricles, thalamus, pallidum and vessels), the free
space (Cfree = gyri) and the target space (Ctarget = tumor). In (b)
sagittal, axial and coronal view of the DBS environment are reported.
Defining accordingly the obstacle space (Cobst ={ventricles, thalamus,
pallidum, vessels and CST}), the free space (Cfree = gyri) and the target
space (Ctarget = LSTN). . . . . . . . . . . . . . . . . . . . . . . . . . 59

XXIV



i
i

“output” — 2021/11/18 — 15:47 — page XXV — #28 i
i

i
i

i
i

List of Figures

3.5 Neurosurgical simulator. It is possible to: (1) start a simulation, (2)
select the procedure between the DBS and CED, (3) input the physi-
cal characteristics of the needle, dout and kmax, and the parameters to
be maximised or minimised in the selection of the best path, (4) se-
lect starting and target configurations , Tstartk and Ttarget, (5) perform
manually the trajectories with a joystick controller or let the agent to
perform trajectories autonomously with ILDR and finally (6) visualise
all the generated trajectories. . . . . . . . . . . . . . . . . . . . . . . 60

3.6 Schematic representation of the experimental protocol workflow Each
environment Envs (with 1 ≤ s ≤ 2), takes in input the start configura-
tions, Ts

startk
(with 1 ≤ k ≤ 10), the target configuration, Ts

target, the
weights, ws

cmax
, ws

dmin
, ws

dtot
and the kinematic constraints of the moving

agent, dout and kmax. j experiments, EXPj (with 1 ≤ j ≤ 5), were
conducted for each approach: Manual, DR, RRT* (only for DBS Envi-
ronment) and ILDR. A pool of surgical paths, {pathk} is generated, and
the optimal one, paths

j , is selected. . . . . . . . . . . . . . . . . . . . 61
3.7 Comparison between the different approaches. For both CED (a) and

DBS (b) environment, expert’s rules, and needle kinematic constraints
are reported in the upper part. a) shows a comparison between Manual,
DR, and ILDR approaches in the CED environment. b) shows a compar-
ison between Manual, DR, RRT*, and ILDR in the DBS environment.
The results for both considered scenarios and used approaches are re-
ported in terms of the minimum (dmin) and the mean (davg) distance
from the critical obstacles, the total path length (dtot) and the curvature
(cmax) calculated over the five best paths for each approach. P-values
were calculated using Wilcoxon matched-pairs signed-rank test. . . . . 64

3.8 Comparison between DR and ILDR approaches. For both CED (sce-
nario 1) and DBS (scenario 2) environment, one example of the obtained
path is shown. In particular, a) shows a comparison between DR and
ILDR approaches in the CED environment. b) shows a comparison be-
tween DR and ILDR in the DBS environment. The results for both con-
sidered scenarios show an increase in safety (>> dmin) and smoothness
(<< cmax) and a reduction in length (<< dtot) for the proposed method
(ILDR). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.1 Workflow of the experimental study. . . . . . . . . . . . . . . . . . . 70
4.2 Experimental Setup. (A) Illustration of the PBN catheter showing the

four segments interlocked by means of Dovetail joints. The four seg-
ments can slide on each other along the center axis, creating an offset
that allows the steering of the catheter (courtesy of Leibinger, 2016).
(B) Experimental setup with the hydrogel phantom and the needle pre-
sented in [161]. (C) Basic deformable parallelepiped-shaped phantom
used for the initial setting of PBD simulation parameters for the brain
white matter and the 3D model of the reconstructed catheter with an
outer diameter of 2.5mm. . . . . . . . . . . . . . . . . . . . . . . . . 71
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4.3 Human Brain Dataset: (A) Representation of the brain structures seg-
mented on the normalized 3D T1-weighted images and the 3D high-
resolution ToF-MRA. (B) Particle model of brain white matter. (C) Par-
ticle model of deep gray matter structures. . . . . . . . . . . . . . . . . 72

4.4 Ovine Brain Dataset (A) Coronal, sagittal and axial view of post-operative
CT on ovine brain and in-vivo experiment. (B) Ovine brain pre-operative
and intra-operative 3DT1 and deformation field analysis. (C) 3D seg-
mented dataset for the ovine brain. (D) Particle model for the ovine brain. 73

4.5 Needle Deformation Field of in-vivo Insertion (A) To sample the de-
formation field, first we set the viewing axes so that the z-axis is roughly
parallel to the catheter insertion direction. (B) Then we take our samples
from the catheter hole boundary in the x-z plane (green points) (C) and
y-z plane (orange point). . . . . . . . . . . . . . . . . . . . . . . . . . 74

4.6 Needle Displacement Results. (A) Displacement obtained for white
matter on the calibration parallelepiped and comparison with the one ob-
tained in [161]. (B) Heatmap representing the displacement of the differ-
ent deep gray matter structures at various insertion depths (the maximum
insertion depth reached is considered enough to be clinically relevant).
(C) Five experiments reporting the deformation of the simulated ovine
model (yellow) and the relative in-vivo reference (blue) as a function of
the insertion depth. The obtained errors are considered acceptable as
they are under a threshold fixed to 10%. . . . . . . . . . . . . . . . . . 75

5.1 Agent and Dynamic Environment A The moving agent kinematic con-
straints are: the catheter diameter (dout) and the maximum curvature
(kmax) that it can perform. At t − th time step it can translate (pagentt)
and rotate (Ragentt), from its configuration, qagentt . B The environment
is represented by a brain structure, the obstacle space (Cobst), the free
space (Cfree). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.2 Models Construction A The SAC model is trained estimating the pol-
icy (π) and value function in every epoch, using the actual policy to
interact with the environment, performing action at taking observation
ot, calculating the TDerror and returning the action probability density
function. B PPO control policy, modelled as a NN (actor) and a second
NN for estimating value functions (critic). C The PPO+GAIL+camera
model is trained through a loop that starts with paths generated by an
expert ({QManual}) and paths ({QG}) performed by the network gener-
ator. With a GAIL approach, a discriminator with its network, taking in
input the expert and generator policies (πE and πθ), makes a compari-
son of these two paths generating an intrinsic reward (rin), updating the
agent’s policy (π). The loop continues until the generator, moving in
the environment with actions (at), collecting observations with a visual
encoder based on a CNN and computing an extrinsic reward(rex), can
produce a path similar to the expert’s demonstrations and that respects
the kinematic constraints. D The PPO+GAIL+raycast model is trained
as the model described in C, with the only difference being that the ob-
servations’ nature is not visual but binary (collision or no collision). . . 84
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5.3 The simulation framework architecture is composed by the “Segmen-
tation” module that takes in input the patient dataset (MRI and CT) and
gives in output the withe matter, target (target) and obstacles (obst)
segmented meshes. The segmented meshes are the input of the “PDB
simulator” of brain tissue deformation, that produces in output a (1)
static environment composed by the target space and the obstacle space
(Ctarget, Cobst) which are the input together with expert manual demon-
stration (Qmanual), start (qstart) and target (qtarget) configuration and
kinematics constraint(kmax) of the (2) “Training” the (3) "Pre-operative
path planning” modules. The (2) and (3) returns respectively the trained
model and the pre-operative path (Qpre) both input of the (4) “Intra-
operative path planning ” module. At this point the (4) can start to inter-
act with a Dynamic Environment (5) sending the agent current config-
uration (qagentt) and generating (6) the agent next step (qagentt+1). This
configuration is sent to the “Motion Control” module, which estimates
the curvature the needle as to achieve(Kdest) translated into the motion
of the PBN. The configuration of the robot is registered by the sensors
in the form of curvature(krealt) and translated as the real configuration
of the tip (qrealt+1). The estimation of the real tip configuration allows
computing the (7) error with respect to the agent configuration previ-
ously computed (qagentt+1). This error affects the (8) fast re-planning
that, in combination with the trained model, returns (4) the new con-
figuration the needle has to achieve performing re-positioning, taking
account of the committed error and trying to predict the future bias. The
procedure continues in a loop until the target is reached or an obstacle is
touched. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

5.4 The intra-operative path, Qintra, starts in qagent0 which coincides with
the real robot initial configuration (qreal0), the pre-operative path (Qpre)
initial configuration (qreal0) which in turn coincides with the selected
starting configuration (qstart0). The intra-operative path planning algo-
rithm generates a new configuration (qagentt) at every t step, most of the
time different from (qreft) due to the real robot configuration (qrealt),
where the agent perform re-positioning updating its current configura-
tion with the real robot configuration qagentt ← qreft . The last configu-
ration (qagentn−1) reaches the target configuration and space (qtargett and
Qtargett), avoiding obstacles (Qobstt), all deformed with respect to the
initial configurations due to the simulated brain deformation. . . . . . . 88
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5.5 Experimental protocol. The training phase, for SAC and PPO+GAIL
models, takes in input m start (qstartm) and target (qtargetm) configura-
tions and expert manual path (Qmanual

m ) (with 1 ≤ m ≤ 70). For all the
proposed approaches SAC, PPO+GAIL+camera, PPO+GAIL+raycast
and EBB the preoperative phase takes in input k qstartk and qtargetk ,
(with 1 ≤ k ≤ 5) and the kinematic constraints of the moving agent, dout
and kmax and produces k pre-operative path (Qpre

k ). The produced paths
Qpre

k , together with the maximum number of steps allowed (tmax) and
the update frequency (tupdate) are the inputs of j experiments, EXP j

(with 1 ≤ j ≤ 2), where EXP 1 correspond to experiments without
reposition of the robot during the procedure while EXP 2 corresponds
to experiments simulating the repositioning of the robot. Finally the out-
put of each approaches are the intra-operative paths: QSAC,j

k , QGAIL+C,j
k ,

QGAIL+R,j
k and QEBB,j

k . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
5.6 Results A Pre-operative path, Qpre

k (red), and Intra-operative results,
Qintra

k plotted as a function of the path, k, for qualitative comparison
(intra-operative tests were conducted on a total of 5 path, with 1 ≤ k ≥
5). The intra-operative path is reported for each approach: QGAIL+PPO+ray

k

(blue), QGAIL+PPO+cam
k (green), QEBB

k (black). B Shows TOE, TPE,
dmin, davg and dtot. C Shows a comparison between GAIL+PPO+ray,
GAIL+PPO+cam and EBB approach in KN environment. The results
for both considered scenarios and used approaches are reported in terms
of the minimum distance (dmin) and the average distance (davg) distance
from the critical obstacles, the total path length (dtot) calculated over
the k paths for each approach. P-values (*≤0.05 and n.s.≥0.05) were
calculated using Wilcoxon matched-pairs signed-rank test. . . . . . . . 93

6.1 Block diagrams showing the different control systems for PBNs ap-
plicated in the Eden2020 context. (A) Representation of the “Surgeon-
in-the-Loop” control system presented in [275]. The surgeon commands
the desired needle curvature kdes(t) from which the inverse model calcu-
lates the best needle shape. The motor control system then computes the
required actuation of the PBN to achieve the desired needle shape at an
insertion speed of v(t). The PBN’s resultant tip pose q(t) is displayed
to the surgeon alongside a reference pre-planned tip pose pref (t)) via
a visual interface. (B) Representation of the “Re-planning as Control”
control system presented in [209]. “Re-planning as Control” framework
removes the need of a user guiding the needle insertion, thus avoiding
external influence on the resulting accuracy. The system automatically
steers the needle along paths that avoid obstacles of known location.
(C) Representation of our “Inverse Reinforcement Learning (IRL) as
control” system. IRL algorithm replaces the surgeon by computing the
required curvatures once the information about the PBN tip position is
received. (A) Courtesy of Watts et al. [275] and (B) Courtesy of Pinzi et
al. [209] . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
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6.2 Training Environment. The IRL control policy, π, is trained through
a loop that starts with the policy (πE), generated by an expert and the
policy (πG) performed by the network generator. With a GAIL approach
a discriminator with its network, taking in input the expert and generator
policies (πE and πG), makes a comparison of these two paths generating
an intrinsic reward (rin), updating the learner policy (π). The loop con-
tinues until the generator, moving in the environment with actions (at),
collecting observations and computing rewards (rt), can produce a pol-
icy similar to the expert’s one. The training environment is represented
by deformable mesh object of the brain (obtained with a PBD approach)
and the model of the PBN. Here the body frame coordinates of the PBN
is shown. Angular and linear velocities, ωx, ωy, ωz, and v are shown
along with the corresponding curvatures k2, k1, and torsion τ (assumed
to be zero for the EDEN2020 PBN needle). . . . . . . . . . . . . . . . 99

6.3 ROS Integration. (A) In order to establish the communication between
Unity and ROS, we use ROS Sharp (ROS#). The communication is
established through the activation of nodes on which both Unity and
ROS can publish messages or read messages already published to make
this communication the package Rosbridge is required. Rosbridge pro-
vides a JSON API to ROS functionality for non-ROS programs. The
front-ends that interface with Rosbridge includes a WebSocket server for
web browsers interaction. (B) The communication protocol between
the “IRL as Control” based on Unity Engine and the robotic environ-
ment based on ROS, with the messages exchanged with the aid of ROS#.
Unity is a publisher of the node /desired_curvature and a subscriber of
the node /needle_pose. On the contrary, ROS is a subscriber of the node
/desired_curvature and a publisher of the node /needle_pose. In this
way, Unity can send information about the curvature the needle has to
follow to the robot, and the robot can return to Unity the needle position.
(C) Thanks to ROS, it was possible to connect the “IRL as Control”
with the front end of the EDEN2020 system. The round boxes indicate
a topic, while the squared ones are nodes. ROS’s meshes are provided to
Unity thanks to the message the /front_end_proxy/segmentation_mesh
of type the /MeshArray. Soft tissue modelling is applied to the differ-
ent objects to generate the dynamic environment and take account of
soft tissue deformation. ROS also passes user inputs such as start pose,
(qstart) and target pose (qtarget). The desired curvature (kdes(t)) is sent
to the motion_control topic, which sends the information received to the
desired curvature-offset conversion “inverse module”. These offsets are
sent directly to the robot, moving the catheter by the desired displace-
ment. FBG sensors return the exact pose (q(t)) of the catheter tip once
the movement is performed. The FBG’s feedback is provided to the
Unity module thanks to the tool_tracking topic. . . . . . . . . . . . . . 103

XXIX



i
i

“output” — 2021/11/18 — 15:47 — page XXX — #33 i
i

i
i

i
i

List of Figures

6.4 Simulated Environment. The “IRL as control” approach is integrated
with the EDEN2020 simulator of the robotic system. The “IRL as con-
trol” outputs the desired curvature values. These curvature values are
passed to the inverse model of the needle, which returns the required
offsets between the needle segments to achieve that curvature. These
required offsets serve as the inputs to the low-level controller, which
generates the motion profiles (containing cyclic motions) for the sim-
ulated motors to move the segments and create the commanded offset.
The expected curvature of the needle, based on the forward model of the
needle converting segment offset to curvature, as well as the actual pose
of the needle can then be shown to the operator via the visual interface
and sent to the “IRL as control” as input. Part of the image is courtesy
of Matheson et al. [176] . . . . . . . . . . . . . . . . . . . . . . . . . 104

6.5 Real Environment. The “IRL as control” approach integrated with the
EDEN2020 robotic system. The “IRL as control” outputs the desired
curvature values. These curvature values are passed to the inverse model
of the needle, which returns the required offsets between the needle seg-
ments to achieve that curvature. These required offsets serve as the
inputs to the low-level controller, which generates the motion profiles
(containing cyclic motions) for the motors to move the segments and
create the commanded offset. The curvature of the needle, as well as
the actual pose of the needle, measured by the FBG sensors, can then be
shown to the operator via the visual interface and sent to The “IRL as
control” as input. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

6.6 Experimental Setup. (A) 7% by weight swine gelatin. (B) 2.5 mm
outer diameter biocompatible Programmable Bevel-tip Needle. (C) Full
experimental setup: the PBN is inserted into gelatin and tracked by the
FBG sensors. The neuromate ©robot (Renishaw Plc), an actuation box
controls each segment of the PBN and encoders measure their insertion
length. (D) The PBN sensorized with four multi-core fibers that have
FBG; each catheter segment has one fiber. The experiment utilizes four
multi-core fibers, fan-out boxes, interrogator and coupler (Courtesy of
Khan et al. [143]). (E) The Visual interface integrated into the com-
mercial neurosurgical planning and intraoperative software neurosin-
pire™(Renishaw plc). (F) FBG sensors visual interface. . . . . . . . . 107

6.7 In-silico results, Qsilico
k,j,g plotted as a function of the path, k, (in-silico

tests were conducted on a total of 5 path, with 1 ≤ k ≤ 5), as a function
of the experiment type, j, (j = 1 without re-positioning, j = 2 with
re-positioning) and as a function of maximum curvature, g, (with g = 1
when kmax = 0.005, g = 2 when kmax = 0.007, and g = 3 when
kmax = 0.014). All the graphs show the pre-operative path, Qpre

k , and
the target pose, qtarget. Target position error TPE and Target orientation
error TOE are reported for each result. . . . . . . . . . . . . . . . . . 108
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6.8 Dataset and In-vitro Results (A)Sagittal, axial and coronal view of the
segmented brain objects are reported. In red the obstacles and in white
the Gyri where the PBN can move freely. (B) In-silico insertion of the
path with k=1. (C) In-vitro insertion of the path with k=1. (D) In-silico,
Qsilico

i,j,k and In-vitro, Qvitro
i,j,k , results plotted as a function of the path, k, (in-

vitro tests were conducted only for the first path, k = 1), as a function
of the experiment type, j (j = 1 without re-positioning, j = 2 with
re-positioning) and as a function of the maximum curvature, g (with
g = 2 so kmax = 0.007). Both graphs show the preoperative path,
Qpre

k and the target pose qtarget. In the first graph (above), in-silico and
in-vitro trajectories are compared following the experiment without re-
positioning, while in the second case the conditions are the same except
that the experiment was conducted with re-positioning. Target position
error TPE and Target orientation error TOE are reported for each result. 109

8.1 Graphic Representation of The General Idea of The PBD Algorithm,
(a), (b), (c) and (d) illustrate the four main phases of the algorithm (cour-
tesy of Müller et al. [187]. . . . . . . . . . . . . . . . . . . . . . . . . 120

8.2 Projection of the constraint C(p1,p2) = |p1 − p2| − d, where the cor-
rections ∆pi are weighted according to the inverse masses wi = 1/mi
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CHAPTER1
Introduction

1.1 PROBLEM STATEMENT

1.1.1 Minimal invasive surgery

Nowadays, the incidence of cerebral diseases is exponentially increasing. According to
a new United Nations report, one in six people has a mental illness, such as Alzheimer’s,
Parkinson’s and brain tumours [1]. This growth is why the number of cutting-edge
technology development and studies about brain surgery is growing. Among the most
critical research challenges in this field is finding and targeting deep parts of the brain
using brain surgery.

Brain surgery is a necessary, highly invasive procedure that allows accessing the
brain to treat various conditions, including tumours, aneurysms, epilepsy and many
other complicated diseases. It is possible to apply various techniques to proceed with
the surgical procedure both for therapeutic and diagnoses reasons. Being very invasive
procedures, the risks for patients are very high, yet brain surgery saves the lives of
millions of people every year. In particular, in open brain surgeries, the cranial box’s
opening caused damage to the healthy tissues surrounding the target and an increase in
the possibility of undesired side effects such as infections or other complications. These
phenomena may cause higher healthcare costs, mainly related to longer hospitalisation
times and expensive postoperative treatments [224].

The progress made by research in this field in recent years has made it possible to
find new operating techniques that avoid opening the cranial box and thus minimise
the risk of infection. Current technical advances allow performing, for the variety of
the techniques, Minimally Invasive Surgery (MIS), which allows the reduction of the
incision during the operation, thus increasing the accuracy and the quality of the pro-
cedure [208]. Minimally invasive surgery is used not only in the neurosurgical field,

1
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but also in other fields and is considered the gold standard due to the improved imaging
techniques and surgical instruments used to perform it. These factors increase preci-
sion and accuracy during the surgical procedure, drastically reducing complications and
achieving better postoperative results than conventional craniotomy [292].

Keyhole neurosurgery

A procedure that is making its way into the world of neurosurgery is Keyhole Neuro-
surgery (KN). KN is a minimally invasive procedure performed to reach targets located
deep inside the brain through a tiny hole in the skull, called a "burr hole" or "key-
hole" [129].

1.1.2 Steerable needle

The use of standard instrumentation to perform the KN is his main drawback. Indeed,
the limited typology of surgical trajectories that a rigid catheter can perform and the
limited number of targets that can reach, due to the impossibility for a rigid probe to
curve into the brain, make this approach excluded for all the kinds of operation that
expects to arrive at anatomical sites in deep and complex areas that a straight path can-
not reach, as Convection Enhanced Delivery (CED). CED is a technique for implanting
a catheter into a brain tumour in order to infuse specific drugs. The risks involved in
using a rigid catheter are the generation of haemorrhage, infection and hardware mal-
function in combination with leakage of cerebral fluid, especially when the trajectory
overtakes delicate parts such as blood vessels or ventricles.

These complications and constraints can be significantly minimised by using a steer-
able catheter. They are probe with the possibility to make curvilinear paths, thanks
to flexible parts that compose them. The chance to curve provides more significant
degrees of freedom for the respective trajectory, allowing reaching deep brain areas
that are not reachable by straight trajectories. The technologies that develop steering
needles can overcome the limits imposed by the straight, rigid probe. Indeed, these
catheter types enhance targeting, promote the study of novel treatment methods, and
reduce complication rates. Moreover, the generation of curvilinear trajectories through
steerable probes allows an enhancement of the path’s accuracy and an improvement of
the safety of the procedures since the distance of the probe to healthy tissues can be
increased [247].

The programmable bevel-tip needle

Currently, the EDEN2020 European project has developed an innovative Programmable
Bevel-tip steerable Needle (PBN) for KN. The PBN is manufactured with four axially
interlocked thin sections, which are robotically driven at the base of the needle so that
they slide over each other along the main needle direction. The needle has a diameter
of 2.5 mm. Each section has a hollow lumen with an outer diameter of 0.3 mm that can
be used for drug delivery, cyst evacuation or optically based diagnostic detection. The
tip of each segment is ground to form a blunt profile at an angle of approximately 30°
from the neutral insertion axis of the needle. Further details on the fabrication of the
PBN can be found in [274]. The needle tip changes according to the offset generated
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1.1. PROBLEM STATEMENT

between adjacent sections and determines the driving direction and degree of curvature.
The PBN is considered a case study for the methods described in this thesis.

1.1.3 Path planning

As mentioned previously, the use of steerable needles in neurosurgery provides the
advantage over the standard rigid probe allowing it to reach deep brain areas without
damaging the surrounding tissues. However, differently from conventional needles, for
which the insertion path can be planned and performed by the clinician on the basis
of the target location and the patient anatomy, the complex kinematics of steerable
needles make the pre- and intra- operative path planning unbearable requiring the aid
of automatic or semi-automatic path planning solutions [57].

Pre-operative path planning

In general, pre-operative path planning algorithms calculate the optimal path from a se-
lected entry point on the cerebral cortex to a destination point, e.g. the tumour, avoiding
obstacles [229]. Indeed, the brain is characterised by a high density of vulnerable tis-
sues, and any damage to these structures could compromise the surgical procedure’s
success. Therefore, pre-operative path planning algorithms applied to neurosurgery
should define an optimal path within the grey and white matter while avoiding obsta-
cles identified by critical brain structures such as blood vessels, thalamus, ventricles
and dorsal pallidum. In order for the planner to avoid obstacles, it is necessary to spec-
ify in advance the criteria to be followed. For example, maximising the distance the
catheter must maintain from obstacles performs a safer trajectory while minimising the
trajectory’s length will make the operation less invasive. It is also essential to assess
the feasibility of the trajectories computed. In this case, algorithms should consider the
maximum curvature that the probe can perform and its diameter.

Intra-operative path planning

Moreover, during the intra-operative path planning phase, a good planning algorithm
should also consider the movements that obstacles make inside the brain during the op-
eration. These deformations, caused by the insertion of the catheter, if not simulated or
taken into account correctly, can cause errors in planning as they can move the obstacle
on the trajectory that was thought to be safe and thus negatively affect the outcome of
the operation.

A number of approaches for planning KN interventions have been proposed to assist the
surgeon in the planning process. Such paradigms include graph-based, sampling-based
and mathematical-based methods. In [191], Niyaz et al. exploit a graph-based method
for efficient path re-planning of Concentric Tube Needle (CTN) validated in-silico
but without a proper dynamic environment and brain tissue modelling. In [240]1, a
sampling-based path planner is proposed for a PBN for Deep Brain Stimulation (DBS).
The same was done by Hong et al. [119] but for a magnetically guided flexible needle
(MFN) [205]. In [79], Favaro et al. proposed a solution, for CED, based on a Batch

1Segato, A., Pieri, V., Favaro, A., Riva, M., Falini, A., De Momi, E., and Castellano, A. (2019). Automated steerable path
planning for deep brain stimulation safeguarding fiber tracts and deep gray matter nuclei. Frontiers in Robotics and AI, (6, 70).
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Informed Trees star (BIT-Star) approach. These last three methods only proposed a
pre-operative solution without taking into account the dynamicity of an intra-operative
environment. In [78], Fauser et al. proposed a solution using an Rapidly-exploring Ran-
dom Tree-Connect (RRT-Con) [151]. The proposed algorithm was validated in-silico
without a proper dynamic environment accounting for uncertainty in needle–tissue in-
teraction and needle/tissue deformation. Pinzi et al. in [210] proposed an Adaptive
Hermite Fractal Tree (AHFT) approach. This work was extended in [209] for fast
re-planning, taking into account the environment changes such as tissue deformation.
In [25] Bano et al. presented a mathematical-based method for generating pre-operative
paths for neurosurgical Flexible Bevel-tip Needle (FBN). This method was later vali-
dated by Ko et al., in [146]. Even in this work, during the in-silico validation, the
framework didn’t consider a dynamic environment. In [273], a heuristic-based search
algorithm is introduced to find an optimal path of the needle for neurosurgical Tumor
Ablation (TA).

To the best of our knowledge, there is currently no implementation of learning-based
framework in the KN for pre or intra-operative path planning of steerable needles. The
main reason is that Machine Learning (ML) methods, applicable in this context, such
as on-policy Reinforcement Learning (RL), require free exploration in the environment
which is not feasible in-vivo (with this statement we do not consider the off-policy
ones for this type of application since especially in a dynamic environment the agent
needs to explore or have pre-recorded data of in-vivo steerable needle insertion, which
are difficult to get as they are not yet used in the clinic). However, by exploiting the
idea that surgeons utilize pre-operative 3D images for pre-planning robotic platforms,
a simulated environment can be implemented as a "Brain Digital Twin" to perform
exploration and trajectory optimization training. The idea of Digital Twin [259] is used
instead of a pure simulation, because enable real-time system reflections, interaction
between physical and virtual spaces, and automatic model evolvement with updated
data feed. What we need, therefore, is a simulator that is as close to reality as possible
and that can provide us with the dynamism to train reliable on-policy RL models.

1.1.4 Motion control

Precision is of paramount importance in steerable needle insertion that can not be done
directly by the surgeon. Indeed, specialised devices are required to insert and guide
these needles into the tissue. These are robotic devices that assist the human during
insertion with precise and constant speed to prevent the catheter from flexing under the
surgeon’s excessive force, who may inadvertently bend them. A significant component
required to bring these robotically actuated steerable needles into use is the develop-
ment of appropriate control strategies to achieve an accurate insertion.

Two main approaches are frequently used to control needle steering systems: control
strategies based on kinematic/dynamic model of the needle and methods that use path
re-planning as control. In the first group, different techniques have been proposed
such as a sliding mode control technique based on nonholonomic unicycle model of
the needle [226], a nonlinear adaptive control scheme is proposed for stabilizing steer-
able needles [185] and model predictive control to explicitly consider input and state
constraints that arise from the unique mechanism of motion of the probe [147]. In
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1.2. AIM OF THE THESIS

the second group, different approaches were evaluated for different needle designs to
address effects such as tissue deformation and target motion. One of the most recent
works for PBN based designs is a modified version of the “Bubble Bending”, proposed
by Pinzi et al. in [209].

In addition to these two types of approaches based on kinematic/dynamic models
and methods that use path re-planning to control the needle, recent advances in ML
demonstrate the ability to automate the control of needle steering systems [264]. A
learning-based approach can add further advantages such as increased stability of the
procedure, reduced cognitive workloads, as well as facilitating supervised and collabo-
rative autonomy of MIS procedure.

1.2 AIM OF THE THESIS

The aim of this PhD thesis consists of developing a pre-operative curvilinear path plan-
ner for steerable needles, a realistic time-bounded simulator that mocks brain deforma-
tions due to needle insertion, an intra-operative path-replanner accounting for a con-
strained target pose, an intra-operative anatomical deformation and a motion controller
that can steer a needle to produce the desired trajectory. An synthetic graphical ab-
stract of this PhD thesis is shown in Figure 1.1. The proposed methods consider the
EDEN2020 PBN and robotic system as a case study.

Figure 1.1: Synthetic Graphical abstract of the PhD thesis. The research hypotheses that guide this
PhD work are presented

Starting from the open technical challenges, the research hypotheses that guide the PhD
work can be summarized as follows:

1. Hypothesis 1: The curvilinear pre-operative path planner can solve the planning
query by computing a kinematically feasible solution for the steerable needle.

(a) The path is computed in accordance with the optimization criteria of mini-
mum path length, curvature and maximum obstacle clearance (Hypothesis
1.1)

(b) The computational time, safety distance-from-obstacles and smoothness can
be kept consistent with standard pre-operative planning algorithms (Hypothesis
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1.2)

2. Hypothesis 2: The simulator realistically mocks brain deformations due to needle
insertion.

(a) The deformations proves to be a close match with the real brain (Hypothesis
2.1)

(b) The stability, accuracy, and real-time performance can be kept consistent with
standard dynamic simulators (Hypothesis 2.2)

3. Hypothesis 3: The presented intra-operative steerable needle path re-planner is
fast (Hypothesis 3.1) and accurate (Hypothesis 3.2).

4. Hypothesis 4: The motion controller can steer a needle to produce the desired
trajectory.

(a) The needle is inserted following the desired trajectory (Hypothesis 4.1)
(b) The accuracy and robustness can be kept consistent with standard needle in-

sertion control strategies. (Hypothesis 4.2)

To investigate the aforementioned hypotheses, specific research activities have been
performed, which are thoroughly discussed in this PhD dissertation.

To properly contextualize the research topics expressed in Chapter 2 a systematic
literature survey was carried out by reviewing methods for steerable needles path plan-
ning in MIS. The survey focuses on the analysis of the clinical aim and background,
the path planning method, the validation procedure and the quantitative results.

In Chapter 3, Hypothesis 1 is investigated, and a new method for pre-operative path
planning is presented using the PBN as a case study. Hypothesis 1.1 is investigated
by proposing a deductive reasoning approach according to explicit knowledge modeled
over domain experts suggestions while Hypothesis 1.2 is addressed implementing an
inductive learning approach relying on demonstrations performed by expert operators.
The method was validated against manual and automatic solutions from literature in-
silico KN insertions.

In Chapter 4, Hypothesis 2 is investigated, and a new method for simulating a
dynamic environment that mocks brain deformations due to catheter insertion is pre-
sented. Hypothesis 2.1 is addressed by fine-tuning the deformation parameters with
deformation data for PBN insertion in a composite hydrogel phantom, while Hypothe-
sis 2.2 is addressed by implementing a Position based dynamics (PBD) approach. The
method was validated using recorded brain deformation on in-vivo animal KN inser-
tions of a PBN.

In Chapter 5, Hypothesis 3 is investigated, and a new method to support neurosur-
geons during the intra-operative procedure to react to a KN dynamic environment is
presented. Hypothesis 3.1 and Hypothesis 3.2 are addressed by implementing an In-
verse Reinforcement Learning (IRL) method. The method was validated in a dynamic
environment against a solution from literature in-silico KN insertions.
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In Chapter 6, Hypothesis 4 is investigated, and a new method to control the deflec-
tion of a flexible needle tip to achieve an accurate path is presented. Hypothesis 4.1
and Hypothesis 4.2 are addressed by implementing an IRL method. Validation was
performed through in-silico trials and in-vitro experiments in phantom-brain gelatin.

In Chapter 7, the conclusions, the scientific implications and the future perspective
of this PhD work are reported and discussed.

Appendices are reported in Chapter 8.

An extended graphical abstract of this PhD thesis is shown in Figure 1.2.

Figure 1.2: Extended Graphical abstract of the PhD thesis. The research hypotheses that guide this
PhD work are presented, along with the performed activities and the solutions employed to validate
the proposed methods.
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CHAPTER2
Steerable needles path planning for minimally

invasive surgery: a systematic review

Over the last two decades, different research groups have focused their efforts on the
development of needles able to steer inside the tissue. Differently from conventional
needles, for which the insertion path can be planned and performed by the clinician, the
complex kinematics of steerable needles make the path planning unbearable requiring
the aid of automatic or semi-automatic path planning solutions. In the present chapter,
The PhD thesis is contextualized by proposing an overview of different path planning
techniques used for surgical steerable needle/catheters, along with a review of important
clinical applications.

A systematic and careful literature search in major databases such as Pubmed, Sco-
pus and Web of Science was carried out using “steerable catheter/needle" and “path
planning" as main keywords. Further references were integrated by cross-referencing
from key articles. The analysis carried out for each paper concerns the clinical aim and
background, the path planning method, the validation procedure and the quantitative
results.

84 studies out of 337 were identified, which actually made use of path planning algo-
rithms for steerable needle/catheters. Such paradigms include graph-based, sampling-
based, mathematical-based, learning-based, reasoning based and multifusion-based meth-
ods. The most common surgical procedure was the biopsy, the most common anatom-
ical area was the liver, and the most common pathology was cancer. Only half of the
framework has a re-plan strategy for an intra-operative path planner. Most of the algo-
rithm were validate in silico. Bevel tip was the most frequently used needles, followed
by programmable bevel tip needles. 3D model data were the most frequently used input
features. Electromagnetic sensor and camera were the most frequently used sensors.

Regarding the path planning method, we witnessed a growth, in the latest ten years,
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2.1. INTRODUCTION

of the number of studies proposing steerable needle/catheter as a new possible tool in
operating surgery and proposing their own method to plan the optimal trajectory. De-
spite the remarkable performance and the level of readiness reached in simulations by
many solutions reported in this survey, what is often missing is a thorough evaluation
of the planning performance in conditions that mimic a real needle insertion through,
e.g., in-vivo or ex-vivo experiments. This would make it possible to assess the feasi-
bility of the proposed algorithm in the presence of tissue and modelling uncertainties
which represents, in our opinion, one of the big open questions in steerable needle path
planning. The systematic review resulted in a journal paper [2]1 currently under review.

2.1 INTRODUCTION

In current clinical practice, a growing number of minimally invasive procedures relies
on the use of needles, such as biopsies, brachytherapy for radioactive seeds placement,
abscess drainage, and drug infusion. Compared to standard open surgeries, the needle’s
small diameter allows to access the targeted anatomy inflicting limited tissue damage
and thus reducing the risks for the patient and speeding up the recovery.

Over the last two decades, different research groups have focused their efforts on
the development of needles able to steer inside the tissue. These needles can perform
curvilinear trajectories, maximizing the distance from sensitive anatomical structures
to be avoided and can reach targets that would otherwise be inaccessible via rectilinear
insertion paths.

Differently from conventional needles, for which the insertion path can be planned
and performed by the clinician on the basis of the target location and the patient anatomy,
the complex kinematics of steerable needles make the path planning unbearable requir-
ing the aid of automatic or semi-automatic path planning solutions. Automatic planners
often require the definition of the starting and target point as inputs from the clinician,
as well as the patient anatomy that can be obtained from standard imaging modalities as
X-ray fluoroscopy, Ultrasound Image (USi), Computed Tomography (CT), Computer-
Tomographic Angiography (CTA) or Magnetic Resonance Imaging (MRI). Imaging
information can also be used intra-operatively as feedback to reduce possible needle
insertion inaccuracies arising from tissue inhomogeneities, obstacles, and target move-
ments, as well as uncertainty in needle motion modelling.

This Chapter proposes a survey on the principal methods proposed in the literature
over the last two decades for steerable needle path planning, which aims to investigate
research trends and challenges.

2.1.1 Type of needle steering

Different steerable needle designs and approaches have been proposed in the litera-
ture [263], including base manipulators [100], tissue manipulators [260], a number of
different bevel-tip needles [278] (such as duty-cycled bevel-tipped needles [69] and
programmable bevel-tip needles [275]), pre-curved stylet [194], concentric-tube nee-
dles [95], tendons actuated needle [262], active cannulas [290], magnetically controlled

1Segato, A., Li, Z., Favaro, A., and De Momi, E. (2021) Steerable needles path planning for minimally invasive surgery: a
systematic review. IEEE Transactions on Robotics. (submitted on May 2021)
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2.1. INTRODUCTION

needle [205], hydraulically driven catheter [78], fracture-direct waterjet needle [22], ra-
diofrequency ablation needle [286] and micro/nano robots [164]. All steerable needle
designs and approaches of the reviewed article [263] are reported in Figure 2.1 and de-
scribed in Table 2.1. This survey aims to provide an integrated, synthesized overview
of the path planning of those needles and their derivations.

Figure 2.1: Steerable Needles. Example of (A) Concentric tube needle consisting of three tubes [66].
(B) Bevel tip needle [277]. (C) Pre curved stylet [194]. (D) Programmable bevel consisting of four
interlocked segments [145]. (E) Example of a tendon actuated active tip-steered needle with a ball
joint and a conical tip [262]. (F) Magnetically controlled needle [257]. (G) Guidewire [56]. (H)
Duty-cycle bevel tip [180]. (I) Micro/Nano robots [288]. (L) Hydraulically driven catheter [125].
(M) Fracture-direct waterjet [23]. (N) Ablation needle [41]. The cross-section of needles is shown
on the upper right. (part of the image is courtesy of the [263]).

Table 2.1: Needles category

Needle definition
concentric tube needle [66] By means of rotating and extending the tubes with respect to one another, cannula curvature, tip position,

and tip orientation can be adapted. Since the actuation forces are generated internally, these instruments
do not need environmental contact to steer.

bevel tip [277] These needles are typically controlled by translating or rotating the needle along its longitudinal axis. It
is often assumed that asymmetric interaction forces at the tip will cause a bending effect with constant
curvature, although this assumption does not necessarily hold for more compliant soft tissue.

pre curved stylet [194] On following the stylet path with the cannula, tissue reaction forces will cause the cannula to bend in
the same direction. The degree of steering can be controlled by varying the exposed length of the stylet.
Once in place, the actuation mechanism and stylet can be retracted, leaving only the cannula in place.
From a control perspective, a reorientation of the steering direction can be achieved in its retracted state,
minimizing tissue interference and torsion.
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programmable bevel
tip [145]

A quick developing steerable needle design, based on biomimetic concepts, makes the use of a pro-
grammable bevel tip. The latest version of this device consists of four interlocked segments that can
slide along one another. Each segment is actuated by a linear motor at the base and allows the respective
part of the tip configuration to change. Tip control and steering occurs on behalf of the relative offsets
of the interlocked segments.

tendon actuated active
tip [262]

Tendon actuated tip steering techniques have been integrated in a variety of medical instrument designs,
such as laparoscopic tools or endovascular guidewires. Tip actuation occurs outside the patient and
the mechanical propagation of actuation signals can, for instance, be achieved by cable or wire. The
needle tip is placed on the top of a flexible cannula. In between, any type of compliant structure or joint
mechanism can be used. Cannula bending results from asymmetric tip–tissue interaction forces.

magnetically controlled nee-
dle [257]

A permanent magnet at the proximal end of a flexible needle is steered by an external magnetic field,
and the resultant tip-deflection angle bends the flexible body like a bevel-tip needle.

guidewire [56] The guidewire is the device used to guide the catheter into place during CVC insertions. This is a single
wire with a hub at one end that is inserted into the catheter prior to placement. The stylet is used to add
rigidity to the catheter during insertion.

duty-cycle [180] bevel tip The configuration of this needle looks similar to a bevel tip needle and can bend more than a standard
bevel-tip needle. The curvature of the needle is adjusted using the “duty cycling” control strategy, where
the needle is simultaneously rotated and advanced.

micro/nano robots [288] The design of an efficient nano/microscale machine requires a swimming strategy that operates under
Brownian motion. Since traditional power components and batteries are not possible at these small
scales, innovative and bio-inspired design principles are needed to meet the power and locomotion
requirements. Typically, these tiny machines rely on either chemically-powered motors that convert
locally supplied fuels to force and movement or externally-powered motors that mostly utilize magnetic
and ultrasound energies to drive their motion.

hydraulically driven
catheter [125]

Another actuation principle is that the catheters are composed of one or several hydraulic bellows and
the distal tips are steered by hydraulic pressure of bellows. The variation of hydraulic pressure inside
the bellows modifies their lengths and, thus the bending of the catheter. The catheter is filled with water
and its bending angle is controlled by the suction of water.

fracture-direct waterjet [23] The principle behind this needle is to first control the direction of the tissue fracture with a water jet,
after which the needle will follow during the next insertion. In this work, the direction of tissue fracture
is controlled by an angled water jet nozzle and water jet speed control, and then the flexible Nitinol
needle follows. By changing the speed of the water jet and thus the depth of cut, the radius of curvature
can be controlled.

ablation needle [41] Catheters designed to deliver radiofrequency energy to tissues during ablation procedures. With a wide
portfolio offering, they include multi-curve options and lateral deflection features to address the needs
of diverse anatomies.

2.2 PROBLEM STATEMENT AND MOTIVATION

2.2.1 Path planning problem

We considered the path planning problem as in [136, 141].
The workspaceW = RN (with N = 2 or N = 3) represents the environment where the
robotR can move. We defineO ⊂ W the part of the workspace occupied by obstacles.
The configuration space, or C-space, is the space of all possible robot configurations
defined considered robot’s kinematics. The part of the configuration space occupied by
obstacles can be defined as:

Cobs = {q ∈ C|R(q) ∩ O ≠ ∅} (2.1)

where with R(q) ⊂ W we refer to the points in the workspace occupied by the robot
in the specific configuration q. The set of configurations that avoid obstacle collision is
Cfree = C \ Cobs.
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Definition 1: Path planning
Robots are assumed to operate in N -dimension (RN ) space. Given a function τ(t) →
RN , t ∈ [0, T ] and a starting and goal configuration qI ,qG ∈ Cfree in a way that
τ(0) = qI and τ(T ) = qG. The path planning problem, consists in computing a con-
tinuous process without break so that τ(t) ∈ Cfree for all t ∈ [0, T ].

Definition 2: Optimal path planning
Given a planning query and a cost function, c linked to case-specific optimization
criteria, c : Σ → R⩾0, where Σ represents the set of all paths, the optimal path
planner is the one able to compute a feasible path τ ∗ such that c(τ ∗) = min{c(τ) :
τ is feasible}. If no such path exists, report failure.

Definition 3: Trajectory planning
Path planning and trajectory planning are two separate concepts. The first one concerns
the computation of a continuous curve in the configuration pace from qI to qG while
trajectory planning refers to the problem of taking the result of the path planning algo-
rithm and define how to move along this path in terms of velocities and accelerations.
A trajectory is thus a set of states associated with time [284].

2.2.2 The path planning algorithm taxonomy

Algorithms of path planning have been arising since the last century; the methodologies
have different characteristics and can be used for different robots and environments.
This review divides path planning algorithms into six categories.

• Graph-based algorithms, such as Dijkstra algorithm [62] and A-star [110], are
based on the discrete approximation of the planning problem. Many methods
represent the environment as a square graph, or an irregular graph [134], or a
Voronoi diagram [92]. A search is performed in order to find an optimal path.
These algorithms are known to be “resolution-complete”, as they can determine
whether a solution exists in a finite time, and “resolution-optimal” since they can
estimate the best path, according to length, given the specific resolution of the
approximation. This approach may also be used for identifying a restricted area
where further optimisation refinements can be performed [124].

• Sampling-based algorithms, such as such as Probabilistic Road Map (PRM) [140,
142] and Rapidly-exploring Random Tree (RRT) [156], are a type of path planner
that generates the robot’s path by sampling sequentially different points in the
robot’s workspace and gradually constructs a data structure representing collision-
free paths. They feature probabilistic completeness, i.e. if a solution to the path
planning problem exists, they will eventually find it.

• Mathematical-based algorithms include linear algorithms, such as Spline Interpo-
lation [139] and optimal control, such as Gradient Based Optimization (GBO) [31].
These methods model the environment (kinematic constraints) and the system
(dynamic) and then restrict the cost function with all kinematic and dynamic
constraints that are inequalities or equations to obtain an optimal solution. Fur-
ther, under this category fall optimization-based motion planning methods, the
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canonical examples being, e.g., CHOMP [219], Trajectory optimization [231],
STOMP [132], and ITOMP [197].

• Learning-based methods originate from imitating how humans or other natural
creatures behave or think. Evolutionary Algorithms were propounded to solve the
problem where traditional linear programming and dynamic programming often
fail to solve with a large number of variables. The proposed and implemented
Evolutionary method the Genetic Algorithm (GA) [117]; Another subcategory of
learning-based path planning method is Neural network (NN) [97].

• Reasoning-based method represents an effective tool for knowledge representation
and reasoning. Thanks to its declarative approach where a problem is modelled
by means of a logic program composed of a collection of rules. An example is
represented by Answer Set Prigramming (ASP) [170].

• Multifusion-based method is an approach that has recently emerged to improve
the performance of 3D path planning algorithms; algorithms can benefit from each
other in this way. Typically, algorithms tend to merge in a layer-by-layer fashion
and aim to plan an optimal path (with better real-time or non-local optimal perfor-
mance). For example, an algorithm that tends to fall into a local minimum can be
combined with another to overcome this limitation. Therefore, this study classifies
these types of algorithms, which are introduced by combining several algorithms
together to achieve better performance, as multi-fusion based algorithms.

2.2.3 Path planner in minimally invasive surgery

High precision and accuracy in reaching target locations inside the human body are
necessary for the success of minimally invasive procedure, such as tissue sample re-
moval (biopsy), brachytherapy, and localized Drug Delivery (DD). Flexible/steerable
needles may enable the surgeon to reach targets deep inside solid organs while avoid-
ing sensitive structures (e.g. blood vessels). Path planning in MIS has to meet multiple
requirements at the same time in order to achieve the proper level of safety and effi-
cacy. These requirements can be the needle technical specifications or the translation
of clinical aspects into specific constraints.
Conceptually, the requirements can be divided into strict and soft constraints [75]. Strict
constraints are conditions that must be satisfied (e.g., the needle should not intersect
any obstacle, or the path curvature should not exceed the maximum degree of curva-
ture admissible by the needle) and define the available workspace for the path planning
algorithms, limiting the path search to regions where solutions can lie, excluding the un-
feasible ones. Instead, soft constraints can be considered as the optimisation objectives
and are included in the cost function to drive the path search toward the best solution,
among those already selected as feasible through the application of hard-constraints.
The cost function to be minimized generally takes the following form:

F (x) =
N∑
i=1

ki ∗ fi(x)

with fi representing a specific soft constraint opportunely weighted by a factor ki,
which is often chosen empirically through multiple experiments or on the basis of the
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clinicians’ suggestions.
Different planners include different objectives but, generally, one or more of the fol-
lowing are included:

• minimization of the path length

• maximization of the distance from one or multiple anatomical obstacles

• maximization of the probability to reach the target

Sometimes, the minimization of the path curvature is also considered, together with
reducing its standard deviation to provide a smoother path and reduce the effort required
to control the needle insertion.
This survey will discuss different objectives considered in the reviewed literature.

2.3 METHODS

According to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) guidelines, a systematic literature review was performed. In particular,
Pubmed, Scopus and Web of Science databases were searched to identify all
potentially relevant studies back to Jenuary 1, 2005. The search queries were carefully
built with the guidance of a professional librarian using search terms related to ‘steer-
able catheter/needle’ and ‘path planning’. A comprehensive list of the keywords used
for the search is reported in Appendix 8.1. All biomedical studies that evaluated path
planning for steerable needles/catheters were included; duplicates were discarded using
the EndNote reference management software. Following the elimination of duplicates,
a careful screening of titles and abstracts was made to identify papers relevant to our
research topic. Any work that matched at least one of the following exclusion criteria
was crossed out:
(i) no full-text available,
(ii) not this application,
(iii) conference abstracts,
(vi) books,
(vii) book chapters,
(viii) non-English language.

After a proper check of full-texts and references, a total of 84 articles/reviews were
identified as eligible and hence included in this systematic review, as reported in Fig-
ure 2.2. Any article appearing to help our research was included and classified; never-
theless, we decided not to cover papers concerning catheters/needles modelling, track-
ing and control. The analysis carried out for each paper follows the scheme represented
in Figure 2.3, where we have analyzed the clinical aim and background, the path plan-
ning method, the validation procedure and the quantitative results. Data considered
from each study were:

(1) First author, year of publication (2) Single or multi query planner (3) Automatic
or semi-automatic planner (4) Pre or intra-operative planner (5) Risk assessment (6)
Clinical aim (7) Pathology, anatomical area (8) Needle, sensor (9) Needle kinematic

14
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Figure 2.2: PRISMA Flow Diagram of Systematic Review Identification, Screening, Eligibility and
Inclusion. 84 studies were included in the final analysis out of the 324 screened.

.

constraints (10) Path Planning method (11) Type of data (12) Dataset (12) Static or dy-
namic environment (14) Tissue modelling (15) Validation in-silico/in-vitro/ex-vivo/in-
vivo (16) Tool (17) Benchmark measure (18) Results

On this basis, we computed the distribution of all published articles within the do-
mains of the path planning algorithm. We considered a quantitative synthesis to be
inappropriate due to the heterogeneity in the applications. A qualitative synthesis of
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results is hence provided next by means of a narrative approach.
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2.3. METHODS

Figure 2.3: Papers Analysis Method. Schematization of the analysis carried out for each paper
.
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2.4 EVALUATION METRICS

For all path planning in MIS applications, performance measurement is an essential
task. Benchmark measures used for the evaluation of the reviewed studies are in Fig-
ure 2.4 and explained in Table 2.2. Time Complexity (time), path length (length),
targeting error (tError), tracking error (trError) success rate (SR) and number of
generated optimal paths (#p) are metrics widely used to evaluate performance in path
planning task. Furthermore, in the case of path planning in MIS, other parameters are
evaluated due to the high risk of the procedure in avoiding delicate anatomical areas
or reaching targets at a certain angle that facilitate their treatment. These parameters
are the probability of obstacles avoidance (Pa), the minimum (dmin) and average (davg)
distance from the obstacles, and the target’s insertion angle (αangle).

Figure 2.4: Benchmark Measure. Path planning performance measures for steerable needles/catheter

Table 2.2: Benchmark measures explained

Benchmark measures definition
time (Time Complexity) is the computational complexity that describes the amount of time it takes to run an algo-

rithm.
tError (Targeting Error) is the target position accuracy that usually influences the surgery consequence significantly.
trError (Tracking Error) is the tracking position accuracy along the whole motion plan.
Pa (Probability of avoidance) describes the risk of colliding with obstacles.
SR (Success Rate) measures the algorithm’s robustness in reaching the target within the constraints.
dmin (minimum distance) is the minimum distance between the needle/catheter body with obstacles.
davg (average distance) is the average distance between the needle/catheter body with obstacles.
#p (number of paths) describes the number of generated optimal paths in one trail.
αtarget(target insertion angle) is the target orientation accuracy.
kmean(mean curvature) is the mean value of curvature that describes the bending extent of a trajectory.

2.5 RESULTS

Out of the 337 citations initially identified in the selected databases, 84 were selected
by title/abstract and full-text screening. Regarding the clinical aim and background,
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as synthesized in Figure 2.5, steerable needle/catheter are applied for different surgical
procedures, such as DBS, DD, Radio-Frequency Ablations (RFA), brachytherapy, tis-
sue ablation, biopsy, Radioactive source implantation (RSI), stent placement, drainage,
Temporal Bone Surgery (US) and more in general for MIS and KN, in the various
anatomical area of the patients such as brain, liver, heart, breast, lung, blood vessels
and prostate, with a wide variety of pathology, such as cancer, Parkinson’s Disease
(PD), Alzheimer’s Disease (AD), arrhythmia, atrial fibrillation, heart disease, brain dis-
ease, stenosis, aneurysm, vascular disease. The most common surgical procedure, after
a generic MIS procedure, was the biopsy, the most common anatomical area was the
liver, and the most common pathology was cancer.

Figure 2.5: Clinical aim results Distribution. Distribution of the specific anatomical area, pathology
and surgical procedure based on all the analyzed published article

.

As shown in Figure 2.6, the path planner framework in which the algorithms were
run are all pre-operative path planner, and only half of the framework has a re-plan
strategy for an intra-operative path planner. Most of the proposed path planners are au-
tomatic, with 6% of semi-automatic path planners that involve the surgeon’s assistance
during the planning of the path/trajectory. Only 26% of the planner provides a risk
map or a risk analysis for the most delicate structure involved in the procedure. 77%
of the planners were single query planners, where only one optimal path is provided at
the end of the computation. In contrast, the others were muti-query planners, intended
for those conditions when there is the need to search for different queries on the same
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static environment. Regarding the validation of the algorithms, 71% of the developed
methods were validated in-silico, 24% in-vitro and 5% ex-vivo; none of the cited works
was validated in-vivo. The tools used for creating the environment for the validation
were Unity3D, 3DSlicer and Matlab software for the in-silico validation, phantoms for
the in-vitro validation and biological tissue for the ex-vivo validation. Only 43% of
the investigated works were validated in a dynamic environment and simulated tissue
deformation with noise or Finite State Element (FEM) for in-silico validation, gelatin
and silicon for the in-vitro validation and biological tissue for the ex-vivo validation.

Figure 2.6: Path Planner Framework Results Distribution. Distribution of specific surgical procedure,
risk analysis, type of query, type of experiments, type of environment, the method used for tissue
modelling and tool based on all the analyzed published article

.

As shown in Figure 2.7, commonly used type of catheters/needles were bevel tip
needle, concentric tube needle, tendon actuated active tip, magnetically controlled nee-
dle, micro/nano robots, hydraulically driven catheter, active cannula, pre curved stylet,
programmable bevel tip, guidewire, duty-cycle bevel tip needle, radiofrequency abla-
tion needle and fracture-direct waterjet. Bevel tip was the most frequently used needles
(49%), followed by programmable bevel tip needles (25%). Commonly used type of
data were CT, MRI, 3D model, 2D map and USi. 3D model data (48%) were the most
frequently used input features. Commonly used sensors were Electromagnetic (EM)
sensor, Ultra Sound (US), force sensor, and camera. EM(39%) and camera (39%) were
the most frequently used sensors.

As shown in Figure 2.8, regarding the path planning method, we witnessed a growth,
in the latest ten years, of the number of studies proposing steerable needle/catheter as
a new possible tool in operating surgery and proposing their own method to plan the
optimal trajectory. Such paradigms include graph-based methods (5%), sampling-based
methods (41%), mathematical-based methods (24%), learning-based methods(13%),
reasoning based methods (2%) and multifusion-based methods (15%). Algorithms used
for each of these categories are described in the following Subsections and summarized
in Table 2.3.
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Figure 2.7: Validation Results Distribution. Distribution of specific steerable catheter/needle, sensors
and type of data used based on all the analyzed published article

.

Figure 2.8: 3D Path Planning Methods for Robotic Steerable Needle. Divided in Graph-based,
Sampling-based, Mathematical-based, Learning-based, Reasoning-based and Multifusion-based,
and their overall and yearly distribution from 2005 to 2021

Table 2.3: Methods explained

Algorithm definition
Graph-based methods
Dijkstra Dijkstra algorithm [62] is an algorithm for finding the shortest paths between nodes in a graph, which is also called

as Shortest Path First (SPF) algorithm. In each iteration, it chooses the node with the minimal cost to expand the
tree.

A-star A-star is an extension of Dijkstra’s algorithm [110], which reduces the total number of states implementing an
heuristic estimation of the cost from the current state to the target state. A-star can converge very fast and ensures
optimality as well.
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NNG Nearest neighbor graph algorithm, also called Lifelong Planning A-star (LPA*), is an incremental heuristic search
algorithm based on A-star, which is first proposed in [148]. NNG can adapt to dynamic changes in the graph without
recalculating the entire graph.

BFS Breadth First Search algorithm [60] explores a graph by expanding the most promising node chosen according to
a specified rule. By using a heuristic that attempts to predict how close the end of a path is to a solution, the paths
which are judged to be closer to a solution are extended first. Due to its greedy strategy, the path cost from the start
point to current point is ignored.

Heuristic A heuristic technique, or a heuristic, is any approach to problem solving or self-discovery that employs a practical
a not guaranteed optimal method , but is nevertheless enough to achieve an immediate and short-term goal or
approximation.

Sampling-based methods
RRT Rapidly exploring random tree method is first proposed by LaValle [156]. The method attempted to solve route

planning problems under holonomic, non-holonomic and kinodynamic constraints. RRT quickly searches the con-
figuration space to generate a path connecting the start node and the end node. At each step a new node is sampled;
if the extension from the sampled node to the nearest node is successful, a new node is added.

RRT-connect The RRT-connect [151] is a structures that incrementally expands two RRTs rooted at the start and the target
configurations. These two RRTs explore the space advancing towards each other with a simple greedy heuristic
until they connect.

RG-RRT Reachability Guided Rapidly-exploring Random Tree are a combination of RRT and a reachability-guided sampling
heuristic that construct the path through a sequential connection of arcs with variable curvature bounded within the
maximum curvature achievable

arc-RRT the arc-RRT is an extension of RG-RRT The objective of the algorithm is to find a combination of circular arcs
capable of taking the robot from its initial configuration to a final configuration while respecting the system con-
straints. An arc is defined by the robot’s curvature and its two extremity configurations. The final extremity of each
arc should correspond to the next arc’s initial extremity, not only in position but also in orientation, to have the path
continuity.

RRT-star The RRT-star [138] represent an "anytime" variation of the original RRT: it quickly identifies an initial feasible plan,
then, as the plan execution process, it improves the plan toward an optimal solution. This is obtained by rewiring
the RRT by removing redundant edges and keeping the shortest or minimum-cost path. As with RRT, an initial
feasible solution is found quickly but, in addition, RRT* almost surely converges to an optimal solution.

AFT The Adaptive Fractal Tree takes advantage of the fractal theory and the architecture of graphics processing units
(GPUs) to parallelize the planning process and enhance the computation performance and achieve online replanning.

AHFT AFT are the basis for the Adaptive Hermite Fractal Tree where the fractal structure was combined with optimized
geometric Hermite curves that allow to perform a path computation accounting for the heading (i.e. the SE(3) pose)
of both the start and target points. Although developed and tested only for an preoperative neurosurgical scenario,
also AHFT is suitable for GPU parallelization for a rapid intraoperative replanning.

BB Bubble Bending [158] is based on the online modification of a predefined path. It assumes the path behaves like an
elastic band, deforming to accommodate external forces and reacting with internal forces to keep its original shape.

APF Artificial Potential Field algorithm [144] defines a potential function to free space and simulates the value of as a
particle reacting to the force due to the potential field. The potential function is composed of an attractive force and
a repulsive force, which represent the effect from the target and obstacles, respectively.

PRM A probabilistic roadmap is a network graph of possible paths in a given map based on free and occupied spaces.
The basic idea of PRM is to take random samples from the robot’s configuration space, checking if they are in free
space, and use a local planner to attempt to connect these configurations to other nearby configurations. The start
and end configurations are added, and a graph search algorithm is applied to the resulting graph to determine a path
between the start and target configurations.

SRM Stochastic Motion Road Map is defined by initially sampling the configuration states in a random manner to build
a collision-free connectivity map. Then, for each sampled state i, the planner computes the optimal action to be
performed so that to maximize the probability of reaching the target being i the current needle state. A sequence
of optimal control actions that maximize the probability to reach the target without colliding with obstacles is
computed.

MS A moduli space parametrizes a family of geometric paths such that points in moduli space represent geometric paths
and nearby points represents objects with similar structure. Continuous motion in moduli space corresponds to a
smooth deformation of the geometric object and constraints define hypersurfaces.

Mathematical-based methods
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MDP In mathematics, a Markov decision process is a discrete-time stochastic control process. It provides a mathematical
framework for modelling decision-making in situations where outcomes are partly casual and partly under the
supervision of a decision-maker. Markov Decision Process (MDP)s are useful for studying optimization problems
solved via dynamic programming.

DP The basic concept of dynamic programming is to divide a problem into several related subproblems. A subproblem
can in turn be subdivided into similar subproblems and so on until the subproblem is of unit size. In route planning,
the problem solved by Dynamic Programming (DP) is to calculate the distance of the destination from all points on
the map. The distance to the next points (problem) is calculated based on the pre-calculated distance to the nearest
points (subproblem). Thus the entire problem is divided into subproblems, with a unitary subproblem such as the
distance of the target from itself being zero.

ihDP infinite horizon dynamic programming problems are characterized by the fact that the number of stage is infinite.
GBO Gradient-based optimization method iteratively search a minimum of a dimensional target function. The target

function is thereby approximated by a terminated Taylor series expansion around : The actual optimization is
performed iteratively.

Penalty The Penalty Function formulate the planning problem as a constrained nonlinear optimization problem that is lo-
cally minimized using a penalty method that converts the formulation to a sequence of unconstrained optimization
problems.

BA The Bresenham algorithm is a line-drawing algorithm that determines the points in an n-dimensional array that
should be selected to form a close approximation to a direct line between two points. After generating a possible
trajectory with a low cost, the Bresenham algorithm is used to determine the set of voxels, which are penetrated by
the trajectory [153].

IK Inverse kinematics is the mathematical process of computing the variable parameters of the joints required to po-
sition the end of a kinematic chain, such as the robotic manipulation or the skeleton of an animation character, in
a given position and orientation relative to the start of the chain. IK transforms the motion plan into joint actuator
trajectories for the robot.

arc arc interpolation are arc going through given data points and satisfying certain continuity conditions.
Spline Splines are piecewise polynomials going through given data points and satisfying certain continuity conditions.
Learning-based methods
GA Holland [118] firstly introduced Genetic Algorithm, and now it is the most popular population-based optimization

method. The basic version of GA defines a cost function to evaluate potential resolutions. Then a partially random
crossover operator takes two parents from the population set and recombines them in some manner. The mutation
operator tries to change the solutions and tries to obtain a valid solution to escape local optimality.

ACO Animals such as ants may be able to establish the shortest route from their colony to the food source and back home
through group cooperation, researchers imitate the procedure and have proposed the Ant Colony Optimisation
method. Ant Colony Optimization (ACO) introduces two basic ideas, which are "track intensity" and "visibility"
to form the transition probability that ultimately decides which route to take, thus to formulate the shortest path.
ACO aims to find the best route by evaluating the density at each step. The process works flexibly in dynamic
environments, needing only to change the representation of "track intensity" of a certain edge.

PSO Particle Swarm Optimization is a computational method that optimises a problem by iteratively trying to improve a
potential solution with respect to a given quality measure. It solves a problem by having a population of candidate
solutions, here called particles, and moving these particles in the search space according to a simple mathematical
formula about particle position and velocity.

RL Reinforcement learning is probably the most complex learning system, which requires that the machine be equipped
with systems and tools that can improve one’s learning and, above all, understand the characteristics of the surround-
ing environment. Reinforcement learning algorithms aim to determine the ideal behavior within a specific context
based on simple reward feedback on their actions.

DQN Deep Q-learning Network replaces the normal Q-table with a NN. Rather than mapping a state-action pair to a
Q-value, a NN maps input states to pairs (action, Q-value). One of the interesting things about Deep Q-learning
Network (DQN) is that the training process uses 2 neural networks. These networks have the same structure but
different weights. At each step, the weights of the main network are copied to the target network. Using both
networks leads to greater stability in the learning process and helps the algorithm to learn more efficiently.

LfD In the context of robotics and automation, learning from demonstration is the paradigm in which robots acquire new
expertise by learning to imitate an expert.

dDQN Dueling Deep Q-learning is an algorithm that adds an advantage function, which is a relation function between a
learning network and Q function as well as value function in the DQN reinforcement learning method [272]

GAIL Generative Adversarial Imitation Learning is an inversive reinforcement learning algorithm. It is based on Genera-
tive Adversarial Networks (GANs). GAIL could be defined as a model-free imitation learning algorithm.
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FFNN A Feed Forward Neural Network is an artificial neural network in which the connections between nodes does
not form a cycle. The feed forward model is the most basic form of NN, as information is only elaborated in
one direction. While data can pass through multiple hidden nodes, it always moves in one direction and never
backwards.

CNN The convolutional neural network consists of multiple elements, such as convolution layers, clustering layers and
fully connected layers, and is designed to autonomously and adaptively learn spatial feature hierarchies through a
backpropagation algorithm.

Reasoning-based methods
ASP with Answer Set Programming, computational problems in a large variety of scenarios can be explicated by means

of simple and elegant logic programs consisting of a set of rules; solutions to a problem instance are then found by
computing the semantics of such programs combined with the representation, usually expressed using factual rules,
of the instance at hand.

2.5.1 Graph-based methods

As observable in Table 2.4, different works, in the context of path planning for steerable
needles, exploit graph-based methods. As schematized in Figure 2.9, these algorithms
are Dijkstra, A-star, Nearest Neighbor Graph (NNG), Breadth First Search (BFS) and
Heuristic. The description of BFS is also included in this Section because it is a method
that falls into this category but, in the context of path planning for steerable needles, it is
used in conjunction with other algorithms. Therefore it is discussed in the multifusion-
based methods, Section 2.5.6.

Figure 2.9: Graph-based methods. Specific algorithms of graph-based methods, applied in the context
of path planning for steerable needles, are illustrated

.

Dijkstra

Dijkstra algorithm [62] is an algorithm for finding the shortest paths between nodes in
a graph, which is also called as Shortest Path First (SPF) algorithm. In each iteration,
it chooses the node with the minimal cost to expand the tree. In [230] and [67], an
SPF algorithm is implemented for a guidewire in endovascular interventional proce-
dures. Simulation results indicate that the proposed algorithm provides accurate paths
of guidewires in a vessel phantom. The exploration strategy of Dijkstra is based on a
cost function, which aims to find the minimal cost path. The performance of its solution
is better compared to BFS.
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A-star

As an extension of the Dijkstra algorithm, A-star achieves better performance by con-
sidering heuristics to guide its search in [110]. In [50], a path planning algorithm based
on A-star search for micro-robot in the cerebrovascular system is proposed. Simula-
tions show that the proposed method is able to identify the shortest path automatically
on Magnetic Resonance Angiography (MRA) image.

Nearest neighbor graph

NNG algorithm, also called LPA*, is an incremental heuristic search algorithm based
on A-star, which is first proposed in [148]. NNG can adapt to dynamic changes in
the graph without recalculating the entire graph, which could be used for efficient path
re-planning [191].

Best-First search

The BFS [60] explores a graph by expanding the most promising node chosen according
to a specified rule. Using a heuristic that attempts to predict how close the end of a path
is to a solution, the paths judged to be closer to a solution are extended first. It can be
advantageous in real-time scenarios, but most of the path planning methods for MIS
are pre-operative planning, where optimality and safety are considered the essential
objectives.

Heuristic

In [273], a heuristic-based search algorithm is introduced to find an optimal path of
the needle for neurosurgical tumor ablation, and a better performance than BFS and
Dijkstra is shown.

Table 2.4: Graph Based methods

Author,
Year Clinical Aim Pathology,

Anatomy Method Query Auto/
Semi

Pre/
Intra Risk Validation Needle,

Sensor Needle Kinematic Data Dataset Tool Env Tissue
modelling

Benchmark
measure Results

[230]
Schafer,
2007

vascular
surgery
(stent)

vascular dis-
ease,
blood vessels

Dijkstra single yes intra no in-vitro guidewire,
no sensor d(0.4mm)

CTA,
3D model

1 image,
1 scene phantom dynamic yes (silicon) time[sec] 3

[67]
Egger,
2007

vascular
surgery
(stents)

stenosis,
blood vessels Dijkstra single yes pre no in-silico guidewire,

no sensor - CT,
3D model

1 image,
1 scene MeVisLab static no length[mm],

time[sec]
96.54,
1.05

[50]
Chang,
2018

DD -,
blood vessels A-star single yes pre no in-silico

micro/nano
robots,
no sensor

- MRA 2 images - static no time[sec] 3253

[191]
Niyaz,
2018

KN -,
brain NNG single yes intra no in-silico1 ,

ex-vivo2
concentric
tube
needle

- 3D model 1 scene -,
phantom2

static1 ,
dynamic2

no1 ,
yes2

(3D printed)

tError1[mm],
tError2[mm]

0.0009,
0.0076

[273]
Wankhede,
2019

tumor ablation cancer,
brain heuristic single yes intra no in-silico -,

- - 3D model 1 scene MATLAB static no time[sec] 40

2.5.2 Sampling-based methods

As observable in Table 2.5, different works, in the context of path planning for steerable
needles, exploit sampling-based methods. As schematized in Figure 2.10, these algo-
rithms are RRT and its derivatives, which are defined as RRT-connect, Reachability
Guided Rapidly-exploring Random Tree (RG-RRT), arc-RRT, RRT-star and Batch In-
formed Trees star (BIT-Star). Similarly, Artificial Potential Field (APF), Moduli Space
(MS), Adaptive Fractal Tree (AFT) and its evolution AHFT. Finally, also PRM and
Stochastic Motion Roadmap (SMR) are discussed. The description of PRM is also in-
cluded in this Section because it is a method that falls into this category but, in the
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context of path planning for steerable needles, it is used in conjunction with other algo-
rithms. Therefore discussed in the multifusion-based methods, Section 2.5.6.

Figure 2.10: Sampling-based methods. Specific algorithms of sampling-based methods, applied in the
context of path planning for steerable needles, are illustrated. These algorithms are divided into two
more detailed parts: active and passive. Active means algorithms such as RRT that can obtain a
feasible path to the target with its own processing procedure, choosing at each step a point in the
space. Passive means algorithms such as PRM that first generate a road map from the beginning to
the goal, then a search algorithm is used where the solution is chosen from all possible ones on the
map

.

Rapidly-exploring random tree

The first implementation of an RRT path planner for steerable needles in 3D with ob-
stacles was proposed by Xu et al. [282] for a bevel-tip needle. The planner randomly
samples the space of control inputs obtaining a trade-off between exploration complex-
ity and completeness. The method is also tested to define the target point, a feasible
entry point inside a user-defined entry area, starting the search from the target rather
than from the start point in a back chaining fashion. The solution was tested in a simu-
lated undeformable environment with ideal spherical obstacles.
In [283], Xu et al. proposed a multi query planner for prostate cancer based on an RRT
algorithm for a pre-operative static environment. This work was later extended from
Van et al. [265] with an RRT based intra-operative path planner.
In [266], Vancaberg et al. proposed a solution based on an RRT for breast cancer
biopsy. It was performed with a bevel tip needle in a 3D dynamic environment with
tissue deformation modelled with FEM.

In [202], Patil et al. proposed a solution for bevel-tip needles in 2D deformable
environments by accounting for uncertainty in deformation models, noisy sensing data
and unpredictable actuation through a simulator of deformable environments. Firstly,
an RRT algorithm is used to generate a set of candidate motion plans. Then a high
quality plan with the highest estimated probability of successfully avoiding obstacles
and reaching the goal region is selected among them. This method was verified in 2D
simulations, demonstrating a computational time in the order of minutes.
Sun et al. in [250] proposed a high-frequency planner based on multiple independent
RRTs executed in parallel at every insertion step from the current needle tip position to

26



i
i

“output” — 2021/11/18 — 15:47 — page 27 — #63 i
i

i
i

i
i

2.5. RESULTS

the target point. This allows computing, at every time step, a motion plan that asymp-
totically approaches the global optimal. At each iteration step, the best plan is estimated
according to two optimization objectives: the probability of successfully reaching the
target without colliding with obstacles and minimising the path length. This plan is
opportunely adjusted considering sensory information and linear feedback control. Un-
certainty deriving from errors in needle kinematics, sensing noise and obstacles motion
is propagated over the next insertion steps to estimate the path uncertainty from the start
to the goal position. The feasibility of the proposed solution was tested in simulation
in a liver biopsy scenario, where the vasculature represents the sensitive anatomical ob-
stacle, using a duty-cycle bevel-tip needle as a case study. Hoelscher et al. presented
a RRT-based planning method aiming to accurately reaching targets in most regions
of the lung [116]. Unlike typical forward planning approaches, research developed
in [116] introduces a backward planning approach that starts at the target and aims to
find a piercing site. The reported results show that the backward approach can achieve
a higher success rate and higher efficiency.

RRT-connect

Fauser et al. [78] proposed a method for the planning problem in SE(3)=R3xSO(3)(c-
space in 3D Cartesian space) using an RRT variants: the RRT-Connect [151]. The
RRT-Connect is a structure that incrementally expands two RRTs rooted at the start
and the target configurations. These two RRTs explore the space advancing towards
each other with a simple greedy heuristic until they connect. This method (k-B-RRT-
Connect) corresponds to an extension of [201] into RRT-Connect, where the require-
ment of matching the initial and target needle pose is solved as a Dubins path problem.

RG-RRT and arc-RRT

Patil et al.. [201] proposed a solution for duty-cycling steerable needles able to plan
and control the needle motion in a closed-loop fashion, guaranteeing obstacles avoid-
ance and uncertainties compensation. Confining the search on the subset of point in
the workspace that meets the needle’s kinematic constraints, this solution allows a path
replanning suitable for online procedures ensuring clinically acceptable error of less
than 3mm, assessed through experiments in ex-vivo and tissue samples. In this work,
the planning method used was the RG-RRT, originally proposed in [200]. RG-RRT are
a combination of RRT and a reachability-guided sampling heuristic that construct the
path through a sequential connection of arcs with variable curvature bounded within
the maximum curvature achievable by the needle. A bespoke distance metric overlooks
points of the configuration space that are not reachable from a given state, considering
the needle’s maximum curvature. In [200] the authors express the planning objective in
terms of minimizing the insertion length and maximizing the clearance from obstacles.
RG-RRT was also at the base of the work of Vrooijink et al. in [267], the needle tip
pose is used by a RRT-based motion planner to compute a feasible needle path to the
target. The motion planner is sufficiently fast such that re-planning can be performed
repeatedly in a closed-loop manner, under a needle insertion speed of 3mm/s. This
enables the system to correct for perturbations in needle motion and movement in ob-
stacle and target locations. The path re-planning algorithm was tested in a soft-tissue
phantom. While Caborni et al.. in [45] proposed a 2D implementation of the RG-RRT
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with applications in the neurosurgical field.
The idea of connecting arcs with bounded curvature is at the base of the geometric-
based arc planner (arc-RRT) proposed by Bernardes et al. for 2D intraoperative path
planning in [33] with a method that demonstrated robustness in coping with modelling
uncertainties, tissue deformation and inhumanities. Performance has been later en-
hanced in [32, 34] by implementing an arc-RRT where sampling is performed in the
control inputs rather than in the configuration space.
In [289], Zhao et al. proposed a fast computation of RG-RRT that features a greedy
heuristic strategy based on the depth-first search. This search approach stresses the
target’s search to encourage the connection through a linear path rather than via arcs
of bounded curvature. The best solution is determined on the basis of a cost function
that fosters, in addition to paths length and distance from obstacles, also both a reduced
magnitude and a limited variation in the path curvature. The solution was later extended
in a dynamic motion planner that addresses the uncertainty related to the movement of
obstacles and target [290]. The method was developed for a novel flexible tool com-
posed of a bevel-tip needle inserted into a flexible cannula, allowing the needle to freely
rotate without torsional friction between the needle shaft and the tissue fostering a more
precise control of the needle tip orientation. The planner features solutions to address
the problem of planning convergence and large path detour that may arise in the pres-
ence of target and obstacles unpredicted motions. When tested in a simulated scenario
similar to [282] resulted in being robust and suitable for real-time replanning.
In [152] Kuntz et al.. developed a hybrid approach to planning the motion of a multi-
lumen transoral lung access system designed to perform biopsies in the lung. The sys-
tem is composed of three serial stages: a bronchoscope to access the bronchial tubes,
a concentric tube to enter the lung parenchyma, and a bevel-tip needle to steer in the
parenchyma and reach the nodule avoiding lung vessels. The motion plan consists of a
sequence of collision-free configurations of the multi-lumen system and associated con-
trol inputs. An initial sample-based approach defines the path for the first stage to reach
the desired position in the bronchial tubes as a sequence of piece-wise linear curves.
The second stage is then actuated, and a mechanic-based kinematic model [227] is used
to infer the tip frame of the concentric tube robot when it touches the parenchyma. The
third stage then follows a path in the parenchyma estimated through the RRT approach
proposed in [201]. The system was tested in a simulated lung biopsy scenario. The
method has been successively extended [87]. From lung CT data, a cost map is intro-
duced encoding the costs associated with traversing the specific voxel determined as
the probability of for that voxel to be part of the lung vessel tree. As time allows, the
planner estimates more paths minimizing the accumulated cost in an anytime manner.
A fast and robust two-step path planning approach is adapted in [154] for a US-guided
flexible needle, where RG-RRT is considered as a base, followed by an in-depth path
analysis via Kalman filter by accounting for uncertainties. This proof-of-concept is
validated in phantoms and ex-vivo tissue, and the promising results show that a low
targeting error is achieved.

RRT-star and BIT-star

The Rapidly-exploring Random Tree Star (RRT-star) [138] represents an “anytime”
variation of the original RRT: it quickly identifies an initial feasible plan, then, as the
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plan execution process, it improves the plan toward an optimal solution. This is ob-
tained by rewiring the RRT by removing redundant edges and keeping the shortest or
minimum-cost path. As with RRT, an initial feasible solution is found quickly, but, in
addition, RRT-star almost surely converges to an optimal solution.
In [119], an RRT-star based path planner is proposed for a magnetically guided flexible
needle for DBS [205] aiming to minimize the insertion length while maximizing the
obstacle clearance.
In [79], Favaro et al. proposed a solution based on an BIT-Star approach that runs
within a dynamic subset of the original configuration space. This subset is shaped as
an ellipsoidal volume, heuristically defined so that to change according to the plan-
ning phase in view of confining the search only where better solutions can lie. This
approach reduces the BIT-Star complexity and computational time. Path length, cur-
vature and obstacle clearance are optimized according to a cost function, while control
errors are included in the planning phase, increasing the path uncertainty over the in-
sertion length.

Artificial potential field

APF algorithm [144] defines a potential function to free space and simulates the vehi-
cle as a particle reacting to force due to the potential field. The potential function is
composed of an attractive force and a repulsive force, which represent the effect of the
target and obstacles, respectively.

A potential-field-based path planning technique is used in [63] for needle insertion
into deformable tissue. A discrete potential field algorithm based on 3D anatomical
structures is proposed in [166] to plan the needle path in minimally invasive surgery
with an in-vitro validation on a gelatin phantom. A potential-field-based path plan-
ning in the presence of soft tissue deformation based on bio-heat transfer is focused on
in [24]. Girerd et al. [96] use a 3D point cloud representation for tubular structure and
compute a repulsive force to ensure that the concentric tube needle tip remains inside
the contour.

Adaptive fractal trees

Parallel path computation is also used in the AFT proposed by Liu et al. in [172] for
a PBN. This method is an evolution of a precedent work [173] proposed by the same
author based on MS algorithm and takes advantage of the fractal theory and the ar-
chitecture of Graphics Processing Unit (GPU) to parallelize the planning process and
enhance the computation performance and achieve online replanning, as demonstrated
with simulated 3D liver needle insertions. AFT are the basis for the AHFT later pro-
posed by Pinzi et al. in [210] where the fractal structure was combined with optimized
geometric Hermite curves that allow performing a path computation accounting for the
heading (i.e. the SE(3) pose) of both the start and target points. Although developed and
tested only for a preoperative neurosurgical scenario, also AHFT is suitable for GPU
parallelization for a rapid intraoperative replanning. This work is extended in [209] via
a combination between AHFT and Bubble Bending (BB) for fast replanning, taking
into account the environment changes such as tissue deformation. Furthermore, the
AHFT is also applied into Laser-induced Thermotherapy (LITT) in [211] and states
that the steerability of needles has the potential to improve LITT procedure efficacy.
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Stochastic motion roadmap

SMR is defined by initially sampling the configuration states in a random manner to
build a collision-free connectivity map. Then, for each sampled state i, the planner
computes the optimal action to be performed so that to maximize the probability of
reaching the target being i the current needle state. A sequence of optimal control ac-
tions that maximize the probability to reach the target without colliding with obstacles
is computed. The same SMR planned pre-operatively is used intraoperatively for fast
path re-computation. This approach tends to foster lengthy but safer insertion paths.
The method, originally tested in randomized simulation, was later tested in combina-
tion with an integrated needle-steering system composed of a needle pose estimator, a
torsion compensator and a planar controller (to guarantee the needle to move on the
ideal insertion plane) for the evaluation of its performance in a brachytherapy scenario
with artificial and ex-vivo tissues [221]. In [18], Alterovitz et al. proposed a 2D mo-
tion planning framework that addresses the uncertainty in the needle motion. This is
included by considering a stochastic motion model of the needle, which represents the
probability of moving from one state to another as a result of a specific control action.

Table 2.5: Sampling Based methods

Author,
Year Clinical Aim Pathology,

Anatomy Method Query Auto/
Semi

Pre/
Intra Risk Validation Needle,

Sensor Needle Kinematic Data Dataset Tool Env Tissue
modelling

Benchmark
measure Results

[63]
Di Maio,
2005

anaesthesia,
biopsy,
brachytherapy

-,
- APF single yes intra no in-silico1 ,

in-vitro2
-,
no sensor - - - -1 ,

phantom2 dynamic
yes1 (FEM),
yes2 (gelatin)

tError[mm]1

tError[mm]2
< 2.5,
< 1

[282]
Xu,
2008

MIS -,
prostate RRT single yes pre no in-silico bevel tip,

no sensor - 3D model 1 scene - static no SR[%],
time[sec]

100,
621.4

[18]
Alterovitz,
2007

anaesthesia,
biopsy,
brachytherapy

- SMR single yes pre no in-silico bevel tip,
no sensor - 2D map 1 map - static no SR[%] 87

[283]
Xu,
2009

MIS cancer,
prostate RRT multi yes pre no in-silico bevel tip,

no sensor - 3D model 1 scene - static no time[sec] 57573

[200]
Patil,
2010

cancer therapy cancer,
prostate RG-RRT multi yes pre no in-silico bevel tip,

no sensor kmax (0.02mm−1 ) 3D model 3 scenes - static no SR[%],
time[sec]

100,
0.02

[266]
Vancam,
2010

biopsy cancer,
breast RRT multi yes intra no in-silico bevel tip,

no sensor - 3D model 1 scene VTK dynamic yes(FEM) tError[mm]
#p, time[sec]

0.3,
30, 50

[265]
Van,
2010

cancer therapy cancer,
prostate RRT single yes intra no in-silico bevel tip,

no sensor - 3D model 1 scene - static yes(noise) tError[cm],
length[cm]

0.24,
11.25

[221]
Reed,
2011

brachytherapy,
tumor ablation

cancer,
liver SMR multi yes intra no

in-
silico1,2 ,
ex-vivo3

bevel tip,
camera

d1 (0.37mm),
k1
max (0.016mm−1 ),

d2,3 (0.58mm),

k
2,3
max (0.018mm−1 )

3D model 1 scene matlab1,2 ,
goat liver3

static,
dynamic

no1,2 ,
yes(biological)3

tError1 ,
tError2

0.79±0.18,
1.11±0.25

[202]
Patil,
2011

MIS - RRT single yes intra no in-silico -,
no sensor - 2d map 1 map - dynamic yes(FEM) SR[%] 97

[33]
Bernardes,
2011

MIS - arc-RRT single yes intra no in-silico duty-cycle,
no sensor kmax(0.16cm−1) 2D USi 1 image - dynamic no tError[mm],

time[msec]
0.2,
0.038

[45]
Caborni,
2012

KN -,
brain RG-RRT multi yes intra

yes
(risk
map)

in-silico1 ,
in-vitro2

PBN, EM

d1 (4mm),
k1
max (0.025mm−1 ),

d2 (4.5mm)
k2
max (0.007mm−1 )

MRI Matlab1 ,
phantom2

static1 ,
dynamic2

no1 ,
yes(gelatin)2

time1[sec],
SR1[%],
tError2[mm]

27.50,
100,
1.15±0.63

[34]
Bernardes,
2013

MIS - arc-RRT single yes intra no in-silico1 ,
in-vitro2

duty-cycle,
camera

d(0.508mm),
kmax (20◦ ) - - -,

phantom2
dynamic1 ,
dynamic2

no1 ,
yes2 (gelatin)

tError1[mm],
SR1[%],
length1[cm],
time1[ms],
tError2[mm]

0.36,
99.8,
12.23±0.74,
1.9±4.33
1.3±0.9

[32]
Bernardes,
2014

MIS - arc-RRT single yes intra no in-silico duty-cycle,
no sensor kmax(0.25cm−1) 3D model 1 scene - dynamic no

SR[%],
tError[mm],
time[sec]

100,
0.83±0.47,
13.17±1.66

[267]
Vrooijink,
2014

surgical ther-
apy

cancer,
- RG-RRT single yes intra no in-vitro bevel tip,

ultrasound
d(0.5mm)
kmax (30◦ ) 2D USi - phantom dynamic yes(gelatin) tError[mm] 2.16 ± 0.88

[201]
Patil,
2014

surgical ther-
apy

cancer,
liver RRT single yes intra yes in-vitro1 ,

ex-vivo2
(prebend)
bevel tip, EM

d1 (0.92mm),
k1
max (0.11cm−1 ),

d2 (0.88mm),
k2
max(0.15cm−1 )

3D model1 ,
CT2

4 scene1 ,
1 image2

phantom1 ,
porcine
tissue2

dynamic
yes1 (gelatin),
yes1 (biological)

tError1[mm],
tError2[mm],
length2[mm],
time[sec]

1.07±0.59,
2.38±1.02,
15.5,
1

[152]
Kunts,
2015

biopsy cancer,
lung RRT single yes pre yes in-silico

concentric
tube,
no sensor

kmax(0.121m−1 )
CT,
3D model

1 image,
1 scene - static no SR[%],

time[sec]
95,
2

[289]
Zhao,
2015

MIS - RG-RRT single yes pre no in-silico
active can-
nula,
-

kmax(0.02mm−1 ) 3D model 1 scene Matlab static no time[sec],
length[mm]

1.3±0.0001,
215.54±6.14
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[290]
Zhao,
2016

MIS - RG-RRT single yes intra no in-silico

active can-
nula + bevel
tip,
-

kmax(0.02mm−1 ) 3D model 1 scene Matlab dynamic yes(noise)
tError[mm]
time[sec],
length[mm]

1.47±0.37,
3.3±22.1,
1197.1±5.2

[250]
Sun,
2015

biopsy cancer,
liver

RRT
(with
HFR)

single yes intra no in-silico bevel tip,
imaging/ EM kmax (cm−1 ) 3D model 1 scene - dynamic no SR[%],

length[cm]
98,
11.13±0.59

[173]
Liu,
2015

biopsy, DD,
RSI

cancer,
liver MS multi yes pre no in-silico bevel tip,

no sensor - CT 1 image - dynamic yes(FEM) #p,
time[sec]

70,
0.01

[172]
Liu,
2016

MIS -,
liver AFT multi yes pre no in-silico PBN,

no sensor kmax (0.014mm−1 )
CT,
3D model

1 image,
1 scene Matlab static no tError[mm],

time[sec]
1.45±1.19,
5.15±0.048

[281]
Xiong,
2016

PNI -,
liver APF single semi pre - in-silico bevel tip,

no sensor - 3D model 1 scene - static no - -

[166]
Li,
2017

MIS - APF single yes intra no in-silico1 ,
in-vitro2

bevel tip,
ultrasound

d(0.5mm),
kmax (30◦ ),
l(200mm)

3D model1

2D USi2
1 scene1 ,
1 image2

-,
phantom2

static1 ,
dynamic2

no1 ,
yes2 (gelatin)

tError1[mm],
tError2[mm]

0.29,
1.15±0.56

[78]
Fauser,
2018

temporal bone
surgery

brain
(Cochlea1 ,
retro-
labyrinthine2 ,
semicircular
canal3 )

RRT-
connect multi yes intra yes in-silico

bevel tip/
hydraulically
driven,
no sensor

d1 (0.5mm),
k1
max (0.05cm−1 ),

d2,3 (1mm),

k
2,3
max(0.05cm−1 )

CT,
3D model

40 im-
ages,
100 scene

3DSlicer static no

#1 , #2 ,
#3 ,
time1[sec],
time2[sec],
time3[sec],
SR1 ,
SR2[%],
SR3[%]

2635, 760, 4,
131.75,
760,
0.2,
95, 100,
55

[87]
Fu,
2018

biopsy cancer,
lung RRT single yes pre yes(risk

map) in-silico bevel tip kmax(0.121m−1)
CT,
3D model

1 images,
1 scene 3DSlicer static no SR[%] 100

[79]
Favaro,
2018

DD cancer,
brain BIT-star singe yes pre yes in-silico PBN,

no sensor
d(1.25mm),

kmax(0.014mm−1 )
MRI,
3D Model

1 image,
1 scene 3DSlicer static no

length[mm],
dmin[mm],
davg [mm],
time[sec]

86.2,
1.37,
4.75
45.1

[119]
Hong,
2019

DBS PD/AD,
brain RRT-star single yes pre yes in-silico

magnetically
controlled
needle,
no sensor

kmax (0.025mm−1 )
MRI,
3D model

1 image,
1 scene CAD static no

SR[%],
dmin [mm],
davg [mm],
time[sec]

100,
2,
4,
1.4

[210]
Pinzi,
2019

DD cancer, brain AHFT multi yes pre no in-silico
PBN,

no sensor
- MRI 1 image 3DSlicer,

MATLAB static no SR[%],
time[sec]

94.23,
22

[24]
Bahwini,
2019

biopsy, abla-
tion
brachytherapy

cancer,
liver APF single yes intra no in-silico -,

- - 3D models 2 scene - dynamic yes(FEM) - -

[209]
Pinzi,
2021

DBS, DD PD/cancer,
brain

AHFT+
BB single yes intra yes in-silico1 ,

in-vitro2
PBN,
EM

d(1.25mm),

kmax(0.014mm−1 )
MRI 1 Matlab1 ,

phantom2 Dynamic
yes(FEM)1 ,
yes(gelatin)2

time1 ,
time2[sec],
SR1 ,
SR2[%],
tError1[mm],
tError2[mm],
α1
target ,

α2
target

0.53±0.03,
0.51±0.02
93.6, 100
0.64±0.46,
1.81±0.51
3.25±5.23,
5.9±1.42

[211]
Pinzi,
2021

LITT MTLE,
brain AHFT multi yes pre yes in-silico PBN,

no sensor
d(1.25mm),

kmax(0.014mm−1 )
CT,
MRI

5 images,
5 images - static no

length[mm],

k−1
mean[mm]

111±7.5,
0.6±0.03

[154]
Lapouge,
2020

biopsy,
brachytherapy,
DD

- RG-RRT single yes intra no in-silico1 ,
ex-vivo2

bevel tip,
ultrasound d(0.45mm) US images 3 images -1 ,

-2
dynamic no1 ,

yes2 (gelatin)
tError1[mm],
tError2[mm]

1.5±0.9,
1.7±0.8

[96]
Girerd,
2020

tumor removal tumor, MIS APF single yes intra no in-silico
concentric
tube,
camera

length(300mm),
kmax(0.04mm−1)

CT 1 image - static no - -

[116]
Hoelscher,
2021

biopsy cancer, lung RRT multi yes pre
yes
(risk
map)

in-silico bevel tip
d(1mm),
length(100mm),
kmax(0.01mm−1)

CT 3 images - static no SR[%],
time[sec]

92.53±0.37,
2.48

2.5.3 Mathematical-based methods

As observable in Table 2.6, different works, in the context of path planning for steerable
needles, exploit mathematical-based methods. As schematized in Figure 2.11, these al-
gorithms are Penalty functions, Inverse Kinematics (IK), DP, Arc interpolation, Spline
interpolation and GBO.

Penalty function

The Penalty Function formulates the planning problem as a constrained nonlinear op-
timization problem that is locally minimized using a penalty method that converts the
formulation to a sequence of unconstrained optimization problems. Alterovitz et al.
proposed a planning algorithm to generate desired needle trajectories within a 2D plane
in [15], based on the Penalty Function method. This method was then tested on a phan-
tom in [133], where Kallem et al. design and demonstrate a nonlinear image-based
observer–controller pair to drive a flexible bevel-tip needle to a desired 2D plane based
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Figure 2.11: Mathematical-based methods. Specific algorithms of mathematical-based methods, ap-
plied in the context of path planning for steerable needles, are illustrated. These algorithms are
divides into three more detailed parts: linear, nonlinear and dynamic programming. Linear pro-
gramming refers to an algorithm, such as IK, that can achieve the best result in a mathematical
concept whose requirements are expressed by linear relationships. Nonlinear problems arise when
the objective or constraints cannot be expressed as linear functions without sacrificing some essen-
tial nonlinear feature of the real problem. This category was further divided into the constrained
and unconstrained problem. In an unconstrained problem, such as GBO, minima are only found at
stationary points. In a constrained problem, such as Spline, minima can be found at nonstationary
points. Dynamic Programming means algorithm, such as infinite horizon Dynamic Programming
(ihDP), which subdivide a problem into several connected subproblems. A subproblem can, in turn,
be subdivided into smaller, similar subproblems and so on until the subproblem is of unitary size.

.

on Penalty Function.

Inverse kinematics

IK is the mathematical approach to calculating the variable joint parameters required
to position the end of a kinematic chain, such as a robot manipulator or the skeleton
of an animated character, in a given position and orientation relative to the start of the
chain. IK transforms the motion plan into joint actuator trajectories for the robot. If
is assumed that the needle has follow-the-leader motion in the tissue, the path of the
needle can be represented by its shape, and hence the path planning can be achieved by
solving the inverse kinematics. The first IK based 3D motion planning algorithm was
introduced by Park et al. [198] and used diffusion of a stochastic differential equation
to generate a family of solution paths. The authors also describe several extensions to
avoid obstacles. Duindam et al. [64, 65] proposed a solution for estimating catheter

32



i
i

“output” — 2021/11/18 — 15:47 — page 33 — #69 i
i

i
i

i
i

2.5. RESULTS

pathways totally described in geometric terms and inspired by the Paden-Kahan sub-
problem, an explicit solution to inverse kinematics used as an alternative to the implicit
expression provided by the Denavit-Hartenberg parameters. The method was tested in a
simplified environment and showed a high speed in the path computation but with lim-
ited obstacle avoidance capabilities. Glozman et al. [99] model the interaction between
a flexible needle and the surrounding tissue using virtual springs to compute local de-
formations with ex-vivo experiments on chicken breast muscle and animal liver. Wang
et al. in [270] addressed the 3D motion planning problem for steerable needles based
on IK and in [269] proposed to adjust the curved path within two parallel lines and
then establish the optimum distance between the two parallel lines so that the gener-
ated moving path of the needle has the shortest length with the least number of needle
rotations. Then they investigate the insertion problem in a deformable environment.
The work in [165] presents a dynamic path planning based on needle inverse kinemat-
ics, which also considers the soft tissue deformation via FEM modelling. In [52], the
path planning and obstacle avoidance is solved via the inverse kinematics based on ex-
perimentally verified needle path curvature. Lacking passive needle segment modelling
and tissue modelling, the paths are repeatedly re-planned.

Bresenham algorithm

The Bresenham’s algorithm (BA) is a line-drawing algorithm that determines the points
in an n-dimensional array that should be picked to form a close approximation to a di-
rect line between two points. In [153], a risk map is defined, and a possible trajectory is
generated from every vertex of the surface model to the target point, aiming to calculate
the best trajectory with the lowest overall risk. After generating a possible trajectory
with a low cost, the BA is used to determine the set of voxels, which are penetrated by
that trajectory.

Dynamic programming

In mathematics, a Markov decision process is a discrete-time stochastic control process.
It provides a mathematical approach for modelling decision making in scenarios where
outcomes are partly casual and partly under a decision maker control. MDPs are useful
for studying optimization problems solved via dynamic programming. Given a medi-
cal image with segmented obstacles and target, Alterovitz et al., in [14], formulate the
planning problem as a Markov Decision Process based on an efficient discretization of
the state space, model motion uncertainty using probability distributions, and compute
optimal steering actions using Dynamic Programming. In [21], Asadian et al., present
a new 2D motion planner for steering flexible needles inside relatively rigid tissue. This
approach uses a nonholonomic system approach, which models tissue-needle interac-
tion, and formulates the problem as a Markov Decision Process that is solvable using
ihDP. In [255] Tan et al. proposed a method using MDP for flexible needle navigation
that can perform robust path planning and steering under the circumstance of complex
tissue–needle interactions. With DP achieves higher accuracy and probability of suc-
cess in avoiding obstacles under complicated and uncertain tissue–needle interactions.
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Arc and spline interpolation

In [199] Park et al. adopted a new method using reference splines with the Path-of-
Probability (POP) algorithm to path planning of flexible needles with bevel tips and
demonstrated how the algorithm could be used for feedback control of flexible needles.
In [184] Moreira et al. presented a new three-dimensional flexible needle steering sys-
tem that presented a new flexible three-dimensional needle guidance system that inte-
grates optimal guidance control, an ultrasound-based needle tracking system, a needle
deflection model, online needle curvature estimation and offline curvature estimation
based on biomechanical properties. The path is calculated by an algorithm that uses
splines to find a path that goes from the insertion point to the target location, while
avoiding the obstacle. The system is evaluated by experiments in gelatin phantoms and
biological tissues. In [291] a path planning method based on a mechanical model is
proposed. Zhao et al. proposed a method using an equal-radius arc, which can avoid
big return in the path to meet the physical characteristics of the flexible needle, reduce
large return in the path, and reduce harm on the tissue.

Gradient based optimization

Gradient based optimization strategies iteratively search a minimum of a dimensional
target function. The target function is thereby approximated by a terminated Taylor
series expansion around: The actual optimization is performed iteratively. In [25] Bano
et al. presented a gradient method for generating pre-operative paths for a neurosurgi-
cal flexible probe. Since the flexible probe is modelled as a nonholonomic system, a
deterministic continuous curvature path planning scheme capable of avoiding obstacles
is developed for smooth steering of its tip. Multiple paths are generated with the aim
to minimize damage to the tissue and the risk to the patient. This method was later
validated by Ko et al., in [146] where the performance of a 4-mm diameter flexible
needle was tested, in-vitro on a phantom, on curvilinear trajectories generated with the
new path planning algorithm, using the closed-loop control strategy.

Table 2.6: Mathematical Based methods

Author,
Year Clinical Aim Pathology,

Anatomy Method Query Auto/
Semi

Pre/
Intra Risk Validation Needle,

Sensor Needle Kinematic Data Dataset Tool Env Tissue
modelling

Benchmark
measure Results

[15]
Alterovitz,
2005

biopsy, DD,
brachytherapy

cancer,
prostate Penalty single yes intra no in-silico bevel tip,

no sensor - MRI,
3D model

1 image,
1 scene OpenGL dynamic yes(FEM) time[sec] 60

[198]
Park,
2005

MIS - IK multi yes pre no in-silico bevel tip,
no sensor kmax (0.05mm−1) - - - static no - -

[99]
Glozman,
2006

MIS - IK single yes intra no in-silico1 ,
ex-vivo2

PBN, force
sensor,
camera

d(0.71mm) x-ray 2 images

-,
chicken
muscle2 ,
animal
liver2

dynamic
yes(stifness)1 ,
yes(biological)2

- -

[14]
Alterovitz,
2008

brachytherapy cancer,
prostate

MDP
(ihDP) single yes intra no in-silico bevel tip,

no sensor
k1
max(0.2mm−1),

k2
max(0.4mm−1)

USi 1 image - dynamic yes SR%,
time[sec]

73.7,
67-110

[64]
Duindam,
2008

MIS - IK multi yes pre yes in-silico bevel tip,
no sensor - 3D model 1 scene - static no time[sec] < 1

[133]
Kallem,
2009

biopsy,
brachytherapy - Penalty single yes intra no in-silico1 ,

in-vitro2
bevel tip,
no sensor

d(0.7mm),
kmax (45◦ ) - - Matlab1 ,

phantom2
static1 ,
dynamic2

no1 ,
yes2 (gelatin)

length2[cm],
SR2 [%],
tError2[mm]

12,
98.56,
± 1

[65]
Duindam,
2009

MIS - IK single yes pre no in-silico - - 3D model 1 scene - static no - -

[199]
Park,
2010

MIS - spline
(POP) single yes pre no in-silico bevel tip,

no sensor kmin(0, 157cm−1)3D model 1 scene Matlab static no time[sec]- 1.6

[21]
Asadian,
2011

MIS - MDP(ihDP)single yes pre no in-silico1 ,
in-vitro2

bevel tip, EM d(1.27mm),
kmax (22◦ 2D map 1 map Matlab1 ,

phantom2
static1 ,
dynamic2

no1 ,
yes2 (gelatine)

time1[sec],
tError2[mm]

2166.5,
<1

[270]
Wang,
2011

MIS - IK single yes pre no in-silico bevel tip,
no sensor - 3D model 1 scene - static no length[cm],

time[sec]
29.05,
5
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[25]
Bano,
2012

KN lesion,
brain GBO multi yes pre

yes
(risk
map)

in-silico PBN,
no sensor

d(4mm)
kmax (0.014−1 )

MRI 1 image Matlab static no - -

[146]
Ko,
2012

KN brain disease,
brain GBO single yes intra yes in-silico1 ,

in-vitro2
PBN, EM

d(4mm)
kmax (0.014mm−1 )

- - Labview1 ,
phantom2

static1 ,
dynamic2

no1 ,
yes2 (gelatin) trError2[mm]0.1±0.64

[269]
Wang,
2013

MIS - IK single yes intra no
in-silico1 ,
in-
vitro2,3

bevel tip,
camera

d1,2 (0.7mm),

k
1,2
max (39.6◦ ),

d3 (0.5mm)
k3
max (46.2◦ )

3D model 1 scene -1 ,
phantom2 dynamic

yes1 (mass-
spring),
yes2,3 (gelatine)

length1[mm],
tError1[mm],
length2[mm],
tError2[mm],
length3[mm],
tError3[mm]

147.008,
≤ 1.2,
251.3,
1.1,
256.2 ,
1.3

[184]
Moreira,
2015

MIS - spline single yes intra no in-vitro1 ,
ex-vivo2

bevel tip,
ultrasound

d(0.5mm)
kmax (30◦ ) USi 3 images

phantom1 ,
chicken
tissue2

dynamic
yes1 (gelatin),
yes2 (biological)

tError1[mm],
tError2[mm]

0.42±0.17
mm

[255]
Tan,
2018

RFA cancer, liver MDP(DP) single yes intra no in-silico1 ,
in-vitro2

bevel tip RITA RFA CT 1 image Matlab1 ,
phantom2

static1 ,
dynamic2

no1 ,
yes2 (gelatin)

P2
a [%],

SR2 [%]

68.2,
92.4

[291]
Zhao,
2018

biopsy cancer,
liver arc single yes intra no in-vitro bevel tip,

ultrasound

d(1.2mm),
kmax (20◦ ),
length(120mm)

USi,
3D model

1 image,
1 scene phantom dynamic yes(gelatin) - -

[165]
Li,
2020

MIS - IK single yes intra no in-vitro bevel tip,
camera

d(0.58mm),
kmax (30◦ ),
length(150mm)

- 1 scene Matlab,
phantom dynamic yes(FEM),

yes(PVA)
tError[mm],
dmin[mm]

1.2,
1.16

[52]
Chen,
2020

biopsy,
brachytherapy,
ablation

- IK single yes intra no in-vitro bevel tip,
camera

d(1.2mm),

kmax(0.03mm−1)
3D model 1 scene Matlab dynamic yes(gelatine) tError[mm]2

[153]
Kunz,
2021

keyhole neuro-
surgery

tumor,
brain BA multi yes pre

yes
(risk
map)

in-silico - - CT,
MRI

1 images,
1 images ROS static no time[sec] 12.3±1

2.5.4 Learning-based methods

As observable in Table 2.7, different works, in the context of path planning for steer-
able needles, exploit learning-based methods. As schematized in Figure 2.12, these
algorithms are GA, Particle Swarm Optimization (PSO), ACO, Learning from Demon-
stration (LfD), DQN, UDQN,dueling Deep Q-learning (dDQN), Convolutional Neural
Network (CNN), Generative Adversarial Imitation Learning (GAIL) and Feedforward
Neural Networks (FFNN).

GA, PSO and ACO

EA includes GA, PSO and ACO.
EA is a stochastic search approach that imitates natural biological evolution and so-

cial behavior. The firstly proposed and now widely implemented Evolutionary method
is GA. Holland [118] firstly introduced GA, and now it is the most popular population-
based optimization method. The basic version of GA defines a cost function to evaluate
the potential solutions. Then a partly random crossover operator takes two parents from
the population set and recombines them in some way. The mutation operator tries to
modify the solutions and aims to achieve a valid solution in order to escape local opti-
mality. In [22] Path planning is accomplished through a GA, and the efficacy of waterjet
steerable needle is tested for different paths. The article’s key finding is that the radius
of curvature of the steerable water jet needle can be adjusted by a fixed angle of the
water jet tip and varying the speed of the water jet outlet to control the cutting depth. Li
et al. [168] proposed a fast path planning approach under the steerable catheter curva-
ture constraint via a local GA optimization. The reported results showed the planner’s
ability to satisfy the robot curvature constraint while keeping a low computational time
cost compared with sampling-based methods. Animals such as ants could manage to
establish the shortest path from their colony to the feeding source and back home by
group cooperation; researchers mimic the behavior and proposed ACO method. ACO
introduces two basic concepts, which are “intensity of trail” and “visibility” to form
the transition probability, which at last decides which way to go, thus formulating the
shortest path. ACO aims to find the best path by evaluating the density in each step.
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Figure 2.12: Learning-based methods. Specific algorithms of learning-based methods, applied in the
context of path planning for steerable needles, are illustrated. These algorithms are divides into
three more detailed parts: Evolutionary Algorithm (EA), NN and RL. EA include GA, PSO and Ant
Colony Optimization (ACO), EA was proposed to overcome the problem where traditional linear
programming and dynamic programming frequently fail to solve NP-hard problems with a large
number of variables. NN, such as CNN and FFNN was first introduced for obstacle avoidance as
well as navigation and then became widely used and implemented in path planning in various sectors.
NN approach aims to generate a dynamic landscape in a neural-like form. RL algorithms, such as
LfD and in particular Deep RL algorithms, such as GAIL DQN, dDQN and UDQN received more
attention, and there are increasing applications of it in robot path planning

.

The process runs flexibly in dynamic environments, only needing to change the rep-
resentation of “intensity of trail” of a certain edge. In [91], Gao et al., proposed an
improved ant colony algorithm to plan a vascular optimal three-dimensional path with
overall consideration of factors such as catheter diameter, vascular length, diameter as
well as the curvature and torsion. PSO is a computational method that optimises a prob-
lem by iteratively trying to improve a candidate solution with respect to a given quality
measure. It solves a problem by having a population of candidate solutions, here called
particles, and moving these particles in the search space according to a simple mathe-
matical formula about particle position and velocity. In [46], Cai et al. proposed PSO
approach for percutaneous puncture with a flexible needle to guarantee accuracy and
avoid obstacles in the puncture process. The proposed method was validated in-vitro
on a phantom. A PSO-based path planning approach is also developed in [256] for a
bevel tip flexible needle. Nevertheless, the proposed work is only validated in an ideal
simulation scene composing of regular sphere obstacles.

Reinforcement learning

RL is an exciting field of Machine Learning that’s attracting a lot of attention and popu-
larity. It requires that the machine be equipped with systems and tools that can improve
one’s learning and, above all, understand the characteristics of the surrounding envi-
ronment. RL algorithms aim to determine the ideal behavior within a specific context
based on simple reward feedback on their actions. In [53], Chi et al. proposed a pilot
study of the implementation of trajectory optimisation to robot-assisted catheterisation
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in simulated environments. The initial robot control policies were set by expert demon-
strations. RL, based on a LfD approach, was implemented to optimize the policies
for dynamic flow simulations, adaptation to different vascular phantoms and catheter-
ization tasks. The proposed robotic approach interacts with vascular phantoms with
spatial feedback from a 3D tracking system. The results show a significant refinement
of catheter paths by the proposed approach, resulting in shorter overall lengths and
fewer contact forces, which can potentially reduce risks in endothelial wall damages,
embolization, and stroke. One of the core concepts in RL is the Deep Q-Learning algo-
rithm. DQN is indeed one of the first algorithm showing success while applying deep
learning to RL. In [159], proposed by Lee et al., a DQN algorithm is utilized to learn
the control policy for flexible needle steering with needle-tissue interaction. In the sim-
ulation, the agent (needle) can be controlled with 2 degrees of freedom (bevel direction
rotation and insertion) and received negative rewards when it collides with obstacles,
goes out of range, or exceeds a predefined number of rotations. During the training, the
agent demonstrates the accuracy and efficiency of the learned policy through feedback
scores in every episode. In [242]2, obtained 2D and 3D environments from MRI images
processing and implemented a DQN algorithm to create a path planning model, able to
generalize on different patients anatomies. The curvilinear trajectories obtained are
compared to the ones obtained by A-star and RRT-star algorithms for a neurosurgical
environment. The proposed method achieves state-of-the-art performances in terms of
obstacle avoidance, trajectory smoothness and computational time, proving this algo-
rithm as a valid planning method. In [254], Tan et al. proposed an approach for flexible
needle insertion for biopsy and radio-frequency ablation. The proposed a new path
planning framework using multi-goal DQN to address difficulties in uncertain needle-
tissue interactions and improve the robustness of the robot-assisted insertion process.
The proposed framework utilizes a new algorithm called Universal Distributional Q-
learning (UDQL) to learn a stable driving policy and perform risk management by
visualising the learned Q-value distribution. To further improve robustness, the univer-
sal value function approximation is leveraged in the UDQL training process to further
maximise generalisation and link to diagnosis by adapting fast re-planning and transfer
learning. In [286], You et al. implemented a RL method for automated control of a
catheter by a robot. This study aims to show that such a robot can learn to manipu-
late a catheter to reach a target in a simulated environment and subsequently control a
catheter in an actual environment. In this learning method, a dDQN method based on
DQN, is used together with a CNN to learn the image data. In [239]3 a learning-by-
imitation method is applied in which the agent learns to perform the desired trajectory
through a set of demonstrations given by an experienced surgeon. The approach cho-
sen to accomplish this task is the exploitation of GAIL which is a technique that uses
demonstrations by experts and learns both the politics and the reward function of the
unknown environment. This learning system is applied to a 3D brain surgery simulator
that has been developed with Unity3D and integrated with ML-Agents Toolkit [131].

2Segato, A., Sestini, L., Castellano, A., and De Momi, E. (2020, May). GA3C reinforcement learning for surgical steerable
catheter path planning. In 2020 IEEE International Conference on Robotics and Automation (ICRA) (pp. 2429-2435). IEEE.

3Segato, A., Irene, T., and De Momi, E. (2020). 3D Neurosurgical Simulator for Training Robotic Steerable Catheter Agents
Using Generative Adversarial Imitation Learning. In 2020 International Conference on Robotics and Automation (ICRA). France.
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Table 2.7: Learning Based methods

Author,
Year Clinical Aim Pathology,

Anatomy Method Query Auto/
Semi

Pre/
Intra Risk Validation Needle,

Sensor Needle Kinematic Data Dataset Tool Env Tissue
modelling

Benchmark
measure Results

[91]
Gao,
2015

vascular
surgery
(stent)

vascular dis-
ease,
blood vessel
(leg)

ACO single yes intra no in-vitro -,
EM

d1(0.2mm),
d2(0.5mm)

CT,
3D model

1 image,
1 scene

VTK, phan-
tom dynamic yes

time1[sec],
time2[sec]

10.53,
3.88

[53]
Chi,
2018

vascular
surgery
(stent)

Standard1 ,
Aneurism2 ,
Stenosis3 ,
blood vessel

RL(LfD) single semi intra no in-silico,
in-vitro

pre curved
stylet,
camera/EM

- CT,
3D model

1 image,
3 scene

matlab,
phantom

static,
dynamic

no,
yes(gelatin)

RMSE1[mm],
RMSE2[mm],
RMSE3[mm],
length1[mm],
length2[mm],
length1[mm]

2.98,
211.6,
3.16,
264.1,
2.64,
301.3

[286]
You,
2019

DD,
RFA

arrhythmia,
heart

DRL
(CNN+
dDQN)

single yes intra yes in-silico1 ,
in-vitro2

tendon actu-
ated active
tip , EM

- 3D model 1 scene
Unity3D1 ,
phantom2

static1 ,
dynamic2

no1 ,
yes2 (silicon)

SR1[%],
d1avg [mm],

SR2[%],
d2avg [mm]

96,
4.44±0.72,
87,
4.70±1.59

[159]
Lee,
2019

MIS - RL(DQN) single yes pre yes in-silico bevel tip,
no sensor d(0.83mm)

CT,
2D map

1 map,
1 model - static no SR[%] 93.6

[46]
Cai,
2020

MIS - PSO single yes intra no in-silico1 ,
in-vitro2

bevel tip,
digital cam-
era

d(0.6mm) 3D Model 1 scene Matlab1 ,
phantom2

static1 ,
dynamic2

no1 ,
yes(gelatin)2

tError1[mm],
tError2[mm]

1.36,
<4

[242]
Segato,
2020

DBS, DD PD/cancer,
brain RL(DQN) single yes pre yes in-silico PBN

d(2.5mm),

kmax(0.014mm−1 )

MRI,
CT,
3D model

7 images,
7 images,
7 scenes

3DSlicer static no

length[mm],
dmin[mm],
davg [mm],
time[sec],

0.28,
0.5,
0.78
0.087

[22]
Babaias,
2020

biopsy,
brachyther-
apy, breast
surgery

-,
lung/breast GA single yes intra no in-silico1 ,

in-vitro2

fracture-
direct
waterjet ,
camera

d(1.6mm) - - SEBS1 ,
phantom2 dynamic

yes1 ,
yes(gelatine)2

- -

[239]
Segato,
2020

DBS, DD PD/cancer,
brain GAIL single yes pre yes in-silico PBN

d(2.5mm),

kmax(0.014mm−1 )

MRI,
CT,
3D model

1 images,
1 images,
1 scenes

Unity3D static no

length[mm],
dmin[mm],
davg [mm],
time[sec],
kmean[◦]

55.65±23.1,
0.02±0.03,
11.78±4.57,
2±0.73,
14

[254]
Tan,
2020

biopsy, RFA cancer, liver RL(UDQL)single yes intra yes in-silico,
in-vitro

flexible,
camera d(2.304mm)

CT,
3D model

1 image,
1 scene

-,
phantom

static,
dynamic

no,
yes(gelatin)

SR[%],
Pa[%]

86.4,
90.5

[168]
Li,
2021

vascular
surgery
(stent)

stenosis,
aneurysms,
blood vessels

GA single yes pre no in-silico - - 2D images,
3D models

8 images,
5 scenes - static no

time[sec],
SR[%],
dmin[mm]

0.191±0.102,
1∼5.5,
100

[256]
Tan,
2021

biopsy ,
anesthesia, DD - PSO single yes pre no in-silico bevel tip kmax(0.02mm−1)3D model 2 scenes - static no tError[mm] <1

2.5.5 Reasoning-based methods

As observable in Table 2.8 few, but recent works, in the context of path planning for
steerable needle, exploit reasoning-based methods. As schematized in Figure 2.13 this
algorithm is ASP. ASP allows to model in a purely declarative fashion the environment
and the steerable needle which moves in it using a set of logic rules, hence creating a
flexible methodology which can be customized by surgeons depending on the single
patient.

Figure 2.13: Reasoning-based methods. Reasoning-based methods. Specific reasoning based methods,
applied in the context of path planning for steerable needles, are illustrated. They are part of the
“logic programming” category, in particular Answer Set Programming (ASP)

.

In particular, in [237]4, Segato et al., exploited ASP semantics to model the brain en-
vironment and thus implement an Artificial Intelligence (AI) agent able to move within
it, satisfying requirements, which can be customized depending on the specific ap-
plication and based on the preferences expressed by domain experts, as surgeons and
clinicians. Results show the ability of the ASP program to find the minimum number of

4Segato, A., Corbetta, V., Francesco, C., and De Momi, E. (2020). Inductive and Deductive Reasoning for Robotic Steerable
Needle in Neurosurgery. In 2020-International Conference on Intelligent Robots and Systems. USA.
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steps to reach the target and also the possibility to obtain different trajectories and thus
optimizing distinct characteristics. In subsequent work, [243]5, they then developed
a method, based on ASP optimization and classification, to support neurosurgeons at
quickly determining the most appropriate surgical trajectory through the brain matter
with minimized risk.
Table 2.8: Reasoning Based methods

Author,
Year Clinical Aim Pathology,

Anatomy Method Query Auto/
Semi

Pre/
Intra Risk Validation Needle,

Sensor Needle Kinematic Data Dataset Tool Env Tissue
modelling

Benchmark
measure Results

[237]
Segato,
2020

DBS, DD PD/cancer,
brain ASP single yes pre yes in-silico PBN

d(2.5mm),

kmax(0.014mm−1 )
MRI 1 image - static no

dmin[mm],
davg [mm]

k−1
mean[mm]

1,
21,
0.36

[243]
Segato,
2021

DBS, DD PD/cancer,
brain ASP single semi pre yes in-silico PBN

d(2.5mm),

kmax(0.014mm−1 )
MRI, CT,
3D Model

1 image,
1 image,
1 scene

Unity3D static no

length[mm],
dmin[mm],
davg [mm],
kmean[◦]

41.2±1.3,
3.2±0.28,
28.3±3.57,
0.01±0.003

2.5.6 Multifusion-based methods

As observable in Table 2.9, different works, in the context of path planning for steer-
able needle, exploit multifusion-based methods. Multi-fusion-based algorithms man-
age problems where a single approach is usually proposed and cannot work to find an
optimal path individually. For example, PRM cannot generate an optimal path itself.
APF often jump into local minimum; graph-based optimal algorithms need preknown
environmental skeleton information. Mathematical-based algorithms tend to be time
consuming and unable to solve NP-hard problem with varying environments; thus re-
searchers try to introduce a combination of different approaches to form a fast searching
and global optimal algorithm. As schematized in Figure 2.14 the combined approaches,
used in this context, involve BFS, Improved Conjugate Gradient (ICG), APF, PRM,
SMR, DP, Heuristic, RRT, RRT-connect RRT-star, BIT-Star, IK, Spline, FFNN and
GA.

BFS / ICG+APF

In [228], a BFS algorithm for the 3D path planning of micro-devices from the source to
the destination in the cardiovascular system is applied to a force map, which is created
with APF. Nevertheless, it ignores the physiological and technological constraints, such
as the micro-device capability. A combination method of APF and improved conjugate
gradient is proposed in [167] for trajectory planning of needle insertion for prostate
cancer.

PRM / SMR+dynamic programming

In [15], Alterovitz et al. proposed a 2D motion planning framework for a bevel-tip
needle that addresses the uncertainty in the needle motion. This is included by consid-
ering a PRM, which represents the configuration states in a random manner to build a
collision-free connectivity map. Then, for each sampled state i, the planner computes
the optimal action to be performed so that to maximize the probability of reaching the
target being i the current needle state. This represents a MDP, and it is solved using
ihDP [245]. The same approach but starting with SMR is defined, by [220] Reed et al.,

5Segato, A., Corbetta, V., Zangari, J., Z., Perri, S., Calimeri, F., and De Momi, E. (2021). Optimized 3D path planner for
steerable catheters with deductive reasoning. In 2021 IEEE International Conference on Robotics and Automation, ICRA 2021
China, (pp. 1-7).

39



i
i

“output” — 2021/11/18 — 15:47 — page 40 — #76 i
i

i
i

i
i

2.5. RESULTS

Figure 2.14: Multifusion-based methods. Specific algorithms of multifusion-based methods, applied in
the context of path planning for steerable needles, are illustrated. The combined approaches involve
graph-based methods, such as BFS algorithm, sampling-based methods, such as APF, PRM, SMR,
RRT, RRT-connect RRT-star and BIT-Star algorithms, mathematical-based method, such as DP, IK
and Spline algorithms, and learning-based methods, such as FFNN and GA algorithms

.
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by initially sampling the configuration states in a random manner to build a collision-
free connectivity map, solved using ihDP formulated as a MDP.

PRM / RRT+heuristic

Lobaton et al. developed an approach for optimal, collision-free path planning to visit
multiple goals in any order [174]. The method builds a roadmap by sampling circles
of constant curvature and generates a feasible transition between circles. The multi-
ple goals objective takes the shape of a multi-query planning problem, solved by the
algorithm using a minimum directed Steiner tree on the roadmap. The optimal path
can visit all the target locations while minimizing the extent of tissue cut, i.e. the path
length. Simulations are performed in 2D and 3D static environments ignoring possible
tissue deformations. This article [11], by Aghdam, aims to design a 2-D path planner,
based on RRT+Heuristic, for a steerable bevel-tip needle inside soft tissue to automat-
ically reach multiple targets in the presence of obstacles while minimizing a clinician-
specified cost function that is considered to be the needle insertion length. For both the
studies, simulations are performed in 2D and 3D static environments ignoring possible
tissue deformations.

RRT+SMR

The use of an RRT algorithm together with a SMR algorithm was firstly proposed
by Alterovitz et al. in [17] and consists of an optimal motion planning that performs
a trade-off between random-sampling exploration of the configuration space and re-
finement of the existing path according to a user-specified parameter. It guarantees
probabilistic completeness and asymptotic converge to the optimal solution sparing
computational time focusing the refinement procedure a path that can reach the target
configuration.

PRM+spline

In enhanced PRM for pliable needle robotic surgery is proposed in [249] by Sudhakara
et al.. The classical PRM method is enhanced using shape preserving Piece-wise Cubic
Hermite Interpolation (PCHIP) technique, used to generate smooth trajectories, consid-
ering direction constraints on both source and target positions. Simulation experiments
with a static obstacle environment are carried out to show the validity of the algorithm.
However, the simulations are only performed in 2D environments, and the processing
time is still heavy.

BIT-star / RRT-star / RRT-connect+spline

In [80], Favaro et al. proposed a solution based on an BIT-star + spline approach
that runs within a dynamic subset of the original configuration space. In [77], Fauser
et al. extended a previous work [78] by including a further step of translation from
Bezier curves into circular arcs, demonstrating in a further increase in the distance
from obstacles in simulated temporal bone surgery and intraluminal catheter insertion.
In [240]6 proposed a solution based on an RRT-star approach that runs within a dynamic

6Segato, A., Pieri, V., Favaro, A., Riva, M., Falini, A., De Momi, E., and Castellano, A. (2019). Automated steerable path
planning for deep brain stimulation safeguarding fiber tracts and deep gray matter nuclei. Frontiers in Robotics and AI, (6, 70).
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subset of Spline. This approach reduces the RRT-star complexity and the computational
time. Path length, curvature and obstacle clearance are optimized according to a cost
function while control errors are included in the planning phase. Simulated insertions
were performed to test the method in complex DBS scenarios.

RRT-star+spline+GA

An evolution of the method proposed in [80] is reported in [82]. The method relies on
a new heuristic, limiting the search space to a subset of reachable needle configuration
considering its maximum degree of curvature. In addition, the path planning benefits
from a novel evolutionary optimization procedure intended to correct the final needle
path according to optimality criteria to minimise the path length, the magnitude and the
variability of the path curvature, and keep the obstacle avoidance the larger as possible.

FFNN+IK+spline

In [36], Bian et al. proposed a self-learning algorithm based on a FFNN of IK for
control of intracardiac robotic ablation catheters using splines. Performing an in-vitro
validation on a phantom.

Table 2.9: Multifusion Based methods

Author,
Year Clinical Aim Pathology,

Anatomy Method Query Auto/
Semi

Pre/
Intra Risk Validation Needle,

Sensor Needle Kinematic Data Dataset Tool Env Tissue
modelling

Benchmark
measure Results

[16]
Alterovitz,
2005

MIS - PRM +
DP single yes pre no in-silico bevel-tip, no

sensor d(2.5cm) 2D map 1 map - static no - -

[228]
Sabra,
2006

vascular
surgery

cardiovascular
system, brain

BFS +
APF single yes pre no in-silico micro robots,

no sensor - MRI 1 image Matlab static no - -

[220]
Reed,
2008

MIS - SMR +
DP single semi intra no in-silico,

in-vitro
bevel tip,
camera

d(0.61mm),

kmax(0.16cm−1 )
2D model 1 scene phantom dynamic yes(gelatine) - -

[174]
Lobaton,
2011

MIS - PRM +
Heuristic multi yes pre no in-silico bevel tip,

no sensor - 2D map,
3D model

2 maps,
1 scene - static no - -

[17]
Alterovitz,
2011

MIS - RRT +
SMR single yes pre no in-silico

concentric
tube,
no sensor

- 3D model 1 scene - static no time[sec] 183

[167]
Li,
2014

brachytherapy cancer,
prostate

APF +
ICG single yes pre no in-silico bevel tip,

no sensor - MRI,
3D model

1 image,
1 scene - static no time[sec] 0.548

[36]
Bian,
2015

RFA
atrial fibrilla-
tion,
heart

IK + GA
+ FFNN single semi intra no in-vitro catheter, EM d(5mm) - - matlab,

phantom dynamic yes(acrylic) tError[mm] 0.12±0.5

[80]
Favaro,
2018

DBS PD,
brain

BIT-star
+ spline multi yes pre yes in-silico PBN

d(2.5mm),

kmax(0.014mm−1 )
MRI, CT 1 image,

1 image 3DSlicer static no dmin[mm] 2.3

[249]
Sudhakara,
2018

DD, biopsy cancer PRM +
spline single yes pre no in-silico

pre curved
stylet,
no sensor

- 2D map 1 map Matlab static no time[sec],
length[cm]

691,
104.2

[77]
Fauser,
2019

temporal
bone1 /
heart2 surgery

brain1 ,
aorta2

spline
+ RRT-
connect

multi yes pre yes in-silico

Hydraulically
driven
catheter1 ,
guidewire2

d1(1.5cm),

k1
max(0.05mm−1 ),

l1(6.8cm),
d2(3.6mm),

k2
max(0.1mm−1 ),

l(40mm)

CT,
3D model

20
images1 ,
40
images2 ,
20
scene2 ,
40
scene2

- static no

SR1 ,
SR2[%],
#p1 , #p2 ,
time1 ,
time2[msec],
d1avg ,

d2avg [mm]

93,100
216.9±152.2,
8±3.2,
23.06±11.8,
0.6±0.1,
2.7±0.4,
3.7±0.5

[240]
Segato,
2019

DBS PD,
brain

spline +
RRT-star multi yes pre yes in-silico PBN,

no sensor
d(2.5cm),

kmax(0.014mm−1 )

MRI,
CT,
3D model

10 im-
ages,
10 im-
ages,
10 scenes

3Dslicer,
Matlab static no

SR[%],
time[sec],
dmin[mm]
davg [mm],
αtarget[

◦]

99,
147.75
0.75,
14,
80

[11]
Aghdam,
2020

brachytherapy,
biopsy

cancer,
prostate

RRT+
Heuristic multi yes intra no in-silico bevel tip, no

sensor kmax(0.2cm−1 ) 2D maps 3 maps Matlab static no tError[mm],
time[sec]

<1,
0.38±0.08

[82]
Favaro,
2021

DD cancer,
brain

spline
+ RRT-
start +
GA

multi yes pre yes in-silico PBN
d(2.5cm),

kmax(0.014mm−1 )

CT,
MRI,
3D model

1 image,
1 image,
1 scene

3Dslicer,
Matlab static no

time[sec],
dmin[mm]
davg [mm]

17.6,
0.25,
5.94

2.6 DISCUSSION

In recent years, steerable needles and catheters have increasingly caught the attention of
many researchers in the neuroscience/medical field. Automatic or semi-automatic path
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2.6. DISCUSSION

planning algorithms for steerable needles, in particular, have been proposed for finding
ways to increase the quality and precision of targeting a specific anatomical area in
order to improve surgical treatments. A systematic review of the recent path planning
algorithm for robotic steerable needle and catheters was presented in this work. The
analysis carried out for each paper concerns the clinical aim and background, the path
planning method, the validation procedure and the quantitative results.

From the results, we can state that the most common surgical procedure was the
biopsy, the most common anatomical area was the liver, and the most common pathol-
ogy was cancer. Only half of the framework has a re-plan strategy for an intra-operative
path planner. Only a quarter of the planner provides a risk map or risk analysis for the
most delicate structure involved in the procedure and the possibility to get more than
one optimized solution. Most of the algorithms were validate in silico. None of the
cited works were validated in-vivo. Regarding the simulated environment, the most
used tools were Unity3D, 3DSlicer and Matlab. Less than half of the works were val-
idated in a dynamic environment. Bevel tip was the most frequently used needles,
followed by programmable bevel tip needles. 3D model data were the most frequently
used input features. Electromagnetic sensors and cameras were the most frequently
used sensors.

We identified six main categories for path planning with steerable needles that have
been proposed in the literature: graph-based, sampling-based, mathematical-based,
learning-based, reasoning based and multifusion-based. Graph methods are based on
the discrete approximation of the planning problem. Only a few works among those
analyzed, about 5%, have used this type of method, probably by exploiting its ability
to ensure a final path that is "resolution complete" and "resolution optimal". But these
methodologies exhibit a high computation time, O(m log n) ≤ T ≤ O(n2), as the dis-
cretization of the environment becomes finer. For this reason, we can infer that they are
not suitable for surgical applications, as high-resolution 3-D datasets are normally used.
Sampling-based methods are built on the random sampling of the workspace. Most of
the work among those analyzed, about 45%, relies on sampling-based approaches to
find the optimal path. This because the random initial guess ensures escaping of local
minimum, and this kind of algorithms does not rely much on environmental representa-
tion. Mathematical-based algorithms aim to describe the whole workspace in a mathe-
matic form, with the advantage of describing all constraints with differential equations.
This type of method is the second most used, with 24% application among the proposed
work. This type of algorithms can easily represent the dynamic constraints of delicate
tissues and the kinematic constraints of steerable needles. The problem of its applica-
bility is related to the high computational cost proportional to the polynomial equation.
Learning-based method can excellently deal with complex and dynamic unstructured
constraints. In recent years we can see a growth in their use in the field of minimally
invasive steerable needle surgery. This because they are more flexible than graph-based
and sampling-based methods; indeed, they allow one to directly include all expected
constraints and optimality criteria (obstacle clearance, kinematic constraints, minimum
path length) in the optimization process, without the need for subsequent refinement
steps, which are time-consuming. However, the training phase required by these ap-
proaches needs a great number of medical images and data not always available or
accessible. Reasoning-based approaches have increased capability of explicitly repre-
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2.7. CONCLUSION

sent domain knowledge; however, only two works make use of this approach because a
path planning system for complex environments based only on a deductive reasoning-
based method or similar approaches might be insufficient, as current implementations
cannot handle an excessive increase of the search space and generalise on different en-
vironments. Multifusion-based algorithms synthesize several algorithms’ advantages
together to achieve global optimal and cost minimum. This kind of algorithms import
the idea of complementation, that is, merging the merits of several algorithms. In the
analyzed works, we have noticed that these algorithms can achieve several goals si-
multaneously for optimal path selection, such as maintaining a minimum distance from
delicate structures, reducing path length and trajectory curvature. We also found a re-
duction in computational costs, O(m log n) ≤ T , as in [36, 82, 167], which is very
important for real-time use in an intra-operational environment.

Based on the discussions we have just had, the most promising categories of path
planning algorithms for steerable needles are Learning based, Reasoning based and
Multifusion based, the latter intended as a combination of the first two.

2.7 CONCLUSION

The complex kinematics of steerable needles requires automatic solutions for the path
planning task. Planners are asked to find feasible paths solving a multi-objective plan-
ning problem that requires meeting specific criteria such as the maximization of the
distance from anatomical obstacles and the minimization of the path lengths. Many
solutions have been proposed in the literature. This work aims to provide an integrated,
synthesized overview of the current state of knowledge. For each paper analyzed, we
answered the following questions: Which is the aim of the clinical procedure? For
which pathology and in which anatomical area? Which kind of path planning method
was used? How many optimized paths does it get? Is the path computed automatically?
Is the path computed in real-time? Is the path computed according to the risk for more
delicate structures? Which kind of validation was performed? Did they refer to a spe-
cific needle, sensor? Which ones? Did this needle have kinematic constraints? Which
ones? How was the environment? Did they model tissue deformation? Which kind of
benchmark measures were used for the validation? And which are the corresponding
quantitative results. In this way, solutions are analyzed in terms of the context of the
application, the methodology used, their efficiency, and the possibility of performing
intra-operative replanning and dealing with uncertainties in needle motion and/or in
the environment. The approaches used by authors to validate their solutions are also re-
ported. The structure of analysis and synthesis proposed could allows the reader quickly
identifies the works in the literature that may represent their gold standard suitable to
be applied in their clinical context. In addition, thanks to the synthesis performed and
the immediate mode of exposure proposed, it could give the possibility to identify more
quickly some aspects to be improved such as real-time planning, complete information
expressing, and complex environments modelling.

The great possibilities associated with steerable needles in terms of therapy out-
come and patient safety make path planning a topic of great interest for researchers
and engineers. Many solutions have been proposed to cope with this task grouped
in graph-based, sampling-based, mathematical-based, learning-based, reasoning based
and multifusion-based solution. The structure of analysis and synthesis proposed could
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ensure the reader quickly identifies the works in the literature that may represent their
gold standard suitable to be applied in their clinical context. In addition, thanks to
the synthesis performed and the immediate mode of exposure proposed, it could give
the possibility to identify more quickly some aspects to be improved such as real-time
planning, complete information expressing, and complex environments modelling. A
relevant aspect evidenced in several of the works herein reported consists in the un-
certainty associated with needle motion and tissue deformation that can arise during
needle deployment and jeopardise the insertion accuracy. Despite the remarkable per-
formance and the level of readiness reached in simulations by many solutions reported
in this survey, what is often missing is a thorough evaluation of the planning perfor-
mance in conditions that mimic a real needle insertion through, e.g., in-vitro or ex-vivo
experiments. This would make it possible to assess the feasibility of the proposed algo-
rithm in the presence of tissue and modelling uncertainties, which represents one of the
big open questions in steerable needle path planning. Recently, big efforts have been
made to explore new optimization strategies and methods, e.g. the use of RL. Still, the
high complexity of needle kinematics combined with the uncertainties and the dynamic
nature of the environment in which they operate lead path planning open to further rel-
evant improvements. This work recommends a combination of multifusion-based path
planning and environment modelling methods.

This comprehensive analysis influenced this thesis on steerable catheters for key-
hole neurosurgery, leading us to apply mainly Learning based, Reasoning based and
Multifusion based algorithms, the latter being a combination of the first two. The pro-
posed algorithms were compared with methods that represent the State-Of-The-Arts
(SOTA) in the KN context, which are mainly sampling-based approaches, based on the
metrics described in Section 2.4 and identified as indicative in the MIS context. The
proposed planning approaches for pre- and intra-operative procedures were validated
both in simulation, in a static and dynamic environment, and in vitro in gelatin.
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CHAPTER3
A Hybrid inductive learning-based and deductive
reasoning-based 3-D pre-operative path planning

method in complex environments

Traditional path planning methods, such as sampling-based and iterative approaches,
allow for optimal path’s computation in complex environments. Nonetheless, environ-
ment exploration is subject to rules which can be obtained by domain experts and could
be used for improving the search.
In this chapter we investigate Hypothesis 1, integrating inductive techniques that gen-
erate path candidates with deductive techniques that choose the preferred ones. In
particular, an inductive learning model is trained with expert demonstrations and with
rules translated into a reward function, while logic programming is used to choose
the starting point according to some domain expert’s suggestions. We discuss, as use
case, 3-D path planning for neurosurgical steerable needles. Results show that the pro-
posed method computes optimal paths in terms of obstacle clearance and kinematic
constraints compliance (Hypothesis 1.1), and is able to outperform state-of-the-art ap-
proaches in terms of safety distance-from-obstacles respect, smoothness, and compu-
tational time (Hypothesis 1.2). The application of the method resulted in a journal
paper [1]1 currently under review.

3.1 INTRODUCTION

Moving agents, such as mobile robots, are increasingly being employed in many com-
plex environments. Starting from the initial applications of mobile robots to manu-

1Segato, A., Calimeri, F., Testa I., Corbetta, V., Riva, M., and De Momi, E. A Hybrid inductive learning-based and deductive
reasoning-based 3-D path planning method in complex environments. Autonomous Robots. (resubmitted after major revisions on
November 2021).
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3.1. INTRODUCTION

facturing industries, a variety of robotic systems have been developed, and they have
shown their effectiveness in performing different kinds of tasks, including smart home
environments [12], airports [293], shopping malls [135], and manufacturing laborato-
ries [51].

Nowadays, path planning is fruitfully employed in many fields, such as entertain-
ment, medicine, mining, rescuing, education, military, space, agriculture, robots for
elderly persons, automated guided vehicles, for transferring goods in a factory, un-
manned bomb disposal robots and planet exploration robots [222]. Apart from robotic
applications, path planning finds use in planning the routes on circuit boards, obtain-
ing the hierarchical routes for networks in wireless mobile communication, planning
the path for digital artists in computer graphics, reconnaissance robots and in computa-
tional biology to understand probable protein folding paths [217].

In recent years, path planning has been also widely used in surgery [9]. In current
clinical practice, a growing number of minimally invasive procedures rely on the use
of needles, such as biopsies, brachitherapy for radioactive seeds placement, abscess
drainage and drug infusion [244]. With respect to standard open surgeries, the small
diameter of the needle allows to access the targeted anatomy inflicting limited tissue
damage and thus reducing the risks for the patient and speed up the recovery.

Over the last two decades, different research groups have focused their efforts on
the development of needles able to autonomously steer inside the tissue. These needles
can perform curvilinear trajectories planned to maximize the distance from sensitive
anatomical structures to be avoided and reach targets otherwise inaccessible via recti-
linear insertion paths [271]. Accurate placement of the needle tip inside tissue is chal-
lenging, especially when the target moves and anatomical obstacles must be avoided.
Moreover, the complex kinematics of steerable needles [81] make the path planning
challenging requiring the aid of automatic or semi-automatic path planning solutions.

In general, moving agents in a static or dynamic known environment means find-
ing one or more admissible paths from a starting configuration to a target configu-
ration, avoiding obstacles and some movement possibilities, identified as kinematic
constraints. The path planning problem is part of a larger class of “scheduling" and
“routing problems", and it is known to be non-deterministic polynomial-time hard and
complete [192]. In general, path planning algorithms performance can be evaluated
over two main characteristics: “completeness" and “optimality". An algorithm is said
to be complete if it can find a solution in a definite interval of time, provided that the
solution exists, or failure otherwise. An algorithm is optimal if no other algorithm uses
less time or space complexity. Given a path, path length is defined as the total distance
covered by the moving agent from the starting position to the target, path safety rep-
resents the distance from the path to the nearest obstacle, and computation time is the
time required to compute a path.

In this work, we propose a framework that couples inductive and deductive tech-
niques in order to improve path planning performances. In particular, an inductive
learning model, relying on demonstrations performed by expert operators, is in charge
of generating a set of paths as candidate solutions; a deductive reasoning module se-
lects then the “best” starting point, according to explicit knowledge modeled over do-
main experts suggestions. Interestingly, this kind of coupling allows us to transfer to
the automated path planner some of the knowledge available at human level: the induc-
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Table 3.1: Related Work

Method Optimal Complete Scalable Computation time Complex environment Smooth path
Graph-based

√ √
× ⇑ × ×

Sampling-based × ×
√

⇓
√

×
Optimisation-based

√ √
× ⇑

√ √

Heuristic-based × ×
√

⇑ × ×
Learning-based × ×

√
⇓

√ √

Reasoning-based
√ √

× ⇓ × ×
ILDR

√ √ √
⇓

√ √
√

=yes,⇑=no, ⇑=high, ⇓=low

tive learning module “catches” via demonstrations expert capabilities that are hard to
explicitly express (e.g., visual-spatial, bodily-kinesthetic), while the deductive module
formally encodes what has been elaborated by the experts upon long-lasting practice
(e.g., domain knowledge, best practices). Furthermore, the deductive technique based
on a declarative formalism grants several advantages: on the one hand, it makes the
knowledge easy to maintain and update; on the other hand, it allows us to provide the
final user with a highly customizable tool with real time visual feedback, as she can
decide what is important for choosing the best path, and to what extent, for each case
at hand.

Eventually, we assess the viability of the proposed approach in a use case, namely
3-D path planning for neurosurgical steerable needle, proving that it stands or even
outperform state-of-the art solutions.

3.2 RELATED WORK

Several approaches for path planning have been proposed in literature: graph-based,
sampling-based, optimisation-based, heuristic-based, learning-based, reasoning-based
methods. These methods are described below, and summarised in Table 3.1, according
to optimality (i.e. an algorithm is known to be and “optimal” since it can estimate the
best path, according to a certain criteria, given the specific resolution of the approxima-
tion); completeness (i.e. an algorithms is known to be “complete”, as it can determine
whether a solution exists in finite time); scalability (i.e. an algorithms is known to be
“scalable” as it can plan a path in a reasonable time even if the search space increase
in size); computational time (i.e. the execution time to obtain a solution); the ability to
plan within a complex environment (i.e. the environment is composed of many obsta-
cles with elaborate shapes, narrow passages and tangled locations); and the ability to
obtain a smooth path (i.e. able to minimise the along the curvature).

Dijkstra algorithm [62] and A* [110] are graph-based methods based on the dis-
crete approximation of the planning problem. Many methods represent the environ-
ment as a square graph, or as an irregular graph [134], or a Voronoi diagram [92].
A search is performed in order to find an optimal path. These algorithms are known
to be “resolution-complete”, as the one proposed in [88] that provides more guaran-
tees also in terms of efficiency, and “resolution-optimal”. This approach may also be
used for identifying a restricted area where further optimisation refinements can be
performed [124]. Notably, even though graph-based methods are relatively simple to
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implement, they require considerable computational time as the environment size in-
creases [27] or it becames complex. Tangent graph-based planning methods for a given
environment build a graph by selecting collision-free common tangents between the
obstacles. These methods allow more accurate path planning around curved obstacles
without errors caused by polygonal approximation; however, these methods are not
always suitable when considering the kinematics limitations of a moving agent and
require additional optimisation steps [261] to obtain a smooth path.

Sampling-based methods are based on a random sampling of the working space,
with the aim of significantly reducing the computational time. Rapidly-exploring Ran-
dom Tree (RRT) [157] is an exploration algorithm for quick search in high-dimensional
spaces, more efficient than brute-force exploration of the state space. In fact, this class
of methods is scalable and capable of planning in a complex environment. Its enhanced
versions, RRT* [79,128] and bidirectional-RRT [137] are “probabilistically complete”
since the probability to find an existing solution tends to one, as the number of samples
goes to infinity, and “asymptotically optimal”, as they can refine an initial raw path by
increasing the sampling density of the volume.

Paths computed with the approaches mentioned above can be further refined using
Bezier curves [121], splines [155], polynomial basis functions [214], or with optimisation-
based methods such as evolutionary algorithms, simulated annealing, and particle swarm [35]
to obtain a smooth path. These approaches have the advantage of working properly in
complex environments, as demonstrated in [82]2; however, they require higher compu-
tational time than the sampling-based methods.

AI has been increasingly used while dealing with path planning tasks [74] in the last
decade. Heuristic-based techniques such as greedy [246] and genetic algorithm [279]
are two examples of AI approaches; they belong both to the class of optimisation pro-
cedure. Greedy algorithms for path planning are often used in combination with other
approaches. This kind of algorithms fails to find the optimal solution, as it takes de-
cisions merely on the basis of the information available at each iteration step, without
considering the overall picture. Genetic algorithms are also used to generate solutions
for path optimisation problems based on operations like mutation, crossover and selec-
tion. For this kind of algorithms, the most relevant limit is computational time, as it
significantly increases with the search space. Completeness depends on the heuristic
function.

Learning-based methods are more flexible than graph-based and sampling-based
methods [282]; indeed, they allow one to directly include all expected constraints and
optimality criteria (obstacle clearance, kinematic constraints, minimum path length)
in the optimisation process, without the need for subsequent refinement steps, which
are time-consuming and may still not lead to the optimal path [241]3. [183] and [171]
showed that Deep Reinforcement Learning (DRL) is suitable for solving path plan-
ning problems, and several studies [181,182,253] applied DRL in path planning. [196]
made use of the DRL approach to a grid path planning problem with promising results
on small environments. Inverse Reinforcement Learning, also known as an Inductive
Learning (IL) technique [178] that is a process where the learner discovers rules by ob-

2Favaro, A., Segato, A., Muretti, F., and De Momi, E. (2021). An Evolutionary-Optimized Surgical Path Planner for a Pro-
grammable Bevel-Tip Needle. IEEE Transactions on Robotics.

3Segato, A., Sestini, L., Castellano, A., and De Momi, E. (2020, May). GA3C reinforcement learning for surgical steerable
catheter path planning. In 2020 IEEE International Conference on Robotics and Automation (ICRA) (pp. 2429-2435). IEEE.
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serving examples, has been applied to a wide range of domains, including autonomous
driving [280], robotic manipulation [58] and grid-world planning [190]. In general
learning-based method are not optimal or complete, the computational time is not high,
and it is not increasing when the search space increase. They perform well in com-
plex environment even if it is dynamic because they don’t need prior information about
obstacles.

Reasoning-based approaches for path planning have been successfully designed,
providing high-level methods like in [169]. They are optimal and complete [212] suc-
cessfully solved the path planning problem, [73,102] encoded multi-agents pathfindings
and [72] used a deductive reasoning-based approach to control and plan the actions of
multiple housekeeping robots whose aim is to tidy up a house in the shortest possible
time and to avoid collisions between themselves and other obstacles. Reasoning-based
approaches have the capability of explicitly representing domain knowledge; however,
a path planning system for complex environments based only on a deductive reasoning-
based method or similar approaches might be insufficient, as current implementations
cannot handle an excessive increase of the search space and generalise on different
environments [72].

3.3 MATERIALS AND METHODS

In this work, we propose a novel approach for path planning in 3-D complex envi-
ronments that combines IL and Deductive Reasoning (DR); we refer to it as the ILDR
method. In this way we can exploit all the advantages of the first technique (scalability,
low computation time, capacity to plan in a complex environment a taking into ac-
count kinematic constraints of the robot providing a smooth path if necessary) and the
second technique (completeness, optimality, capability of explicitly encoding medical
knowledge, solid theoretical bases coupled with a fully declarative nature; this allows
to produce formal specifications that are already executable without the need for ad-
ditional algorithmic coding, thus fostering fast prototyping and easing the interaction
with domain experts). The novel aspects of this approach is that it not only includes
all the fundamental requirements of the path planning task, but take also into account
the expert’s knowledge to fully understand the decision-making process that guides the
optimal path selection.

To test viability and effectiveness of our approach, we have chosen keyhole neuro-
surgery as a case study. In this context, path planning is crucial when the pathological
target (e.g., a tumor or left subthalamic nucleus (LSTN)) is located in deep brain ar-
eas and cannot be safely reached by a flexible probe. Thus, the optimization criteria
involved in finding the best path in this case scenario are: the maximisation of the min-
imum and average distance with to obstacles, so as to avoid delicate structures in the
brain, the minimisation of the length and curvature of the path, so as to limit damage to
the brain matter.

3.3.1 Problem statement

Moving agent

Let us consider an “agent", showed in Figure 3.1a, moving in a 3D complex environ-
ment. The agent in this work is the tip of a steerable needle, a new biomimetic flexible
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probe (PBN) [44], that can translate and rotate in space. Its kinematic constraints are
the “diameter", dout, and the “maximum curvature", kmax.

Environment

The “3D complex environment" (Env) is showed in Figure 3.1b. The “configuration
space", C-space, is the set of all the possible t “agent configurations”, Tagentt , with
t ∈ C-space. The agent configurations are described by poses, denoted as 4 × 4
transformation matrices:

Tagentt =

(
Ragentt pagentt

0 1

)
where pagentt ∈ R3 is the tip position and Ragentt ∈ SO(3) is the orientation relative
to a world coordinate frame.

The “obstacle space", Cobst ∈ C-space, is the space occupied by obstacles. The
“free space" Cfree ∈ C-space, is the set of possible configurations (Tagent = Tfree ∈
Cfree; Tagent ̸= Tobst ∈ Cobst). Moreover we can define: the “start configurations"
Tstartk ∈ Cfree with k ∈ 1..N , the “target space" Ctarget ∈ Cfree, that is a subspace
of “free space" which denotes where we want the needle to move to, and the “target
configuration" Ttarget ∈ Ctarget.

Figure 3.1: Agent and 3D Complex Environment. a)(on the left) The moving agent kinematic con-
straints are the needle diameter (dout) and the maximum curvature (kmax) that it can perform. At
t−th time step it can translate (pagentt ) and rotate (Ragentt ), performing an action at, from its con-
figuration, Tagentt . b)(on the right) The 3D complex environment is represented by a brain structure,
the obstacle space (Cobst), the free space (Cfree), the agent configuration (Tagent).

Actions

The agent at every t-th time step can take an action at = (xt, yt, zt, αt, βt, γt), moving
towards the Ttarget, where x,y and z are the axes and α, β, γ the angles around the
axes respectively. Actions moving the agent toward an Tobst or outside the Env are
considered inadmissible.
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Path planning problem

The path planning problem, described in Figure 3.2a, can be formulated as follows:
given the “start configurations" Tstartk k = 1 : N and a “target configuration", Ttarget,
the task is to find a path, Q = {Tagent0 , Tagent1 , ..., Tagentn−1}, Tagent0 = Tstartk , Tagentn−1 =
Ttarget, and Tagentt and Tagentt+1 are connected by straight segments, as an admissible
sequence of “agent configurations".

Figure 3.2: Path Planning Problem and Method. a) Schematic representation of the 3D path planning
problem elements, start configuration (Tstartk = Tagent0 ) and target configuration (Ttarget =
Tagentn−1 ). The task is to find the optimal path (Q = {Tagent0 , Tagent1 , .., Tagentn−1}). At
every t − th time step Tagentt and Tagentt+1 are connected by straight segments, as an admissible
sequence of “agent configurations", taking into account the "obstacle space", Cobst. b) The proposed
path planning algorithm exploits two merged approaches: inductive learning-based and deductive
reasoning-based approaches. The expert indicates N start configurations, (Tstartk with k ∈ N ), the
target configuration, (Ttarget) the rules and performs a set of demonstrations. While the agent acts
and observes in the virtual environment. The expert’s demonstrations and the agent’s observations
feed the inductive approach that generates a set of optimal trajectories {QIL

k } witk k equal to the N
start configuration. The rules and the kinematic constraints feed the deductive approach that extracts
the best path QILDR.

3.3.2 ILDR architecture

The herein proposed approach to path planning in 3-D complex environments, referred
to as the ILDR method, is summarized in Figure 3.2b. The best path is obtained by
means of a learning approach that generates a set of path candidates and an expert
classifier that selects the “preferred” one, according to a set of rules set by the domain
expert.

Inductive learning model

As shown in Figure 3.3, the inductive component iteratively trains the moving agent to
generate optimal paths, {QIL

k }, thanks to expert’s manual demonstrations, {QManual}.
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Figure 3.3: ILDR Architecture. The expert gives in input the dataset (Cfree and Cobst), the start and
target configuration (Tstart and Ttarget) and the kinematics constraints (dout and kmax). The IL
model is trained through a loop that starts with paths generated by an expert ({QManual}) and paths
({QG}) performed by the network generator (G) based on a RL approach. With a GAIL approach
a discriminator (D) with its network (Dw), taking in input the expert and generetor policies (πE

and πθ) the starting value of the policy’s parameters and of the discriminator (θ0 and w0) makes a
comparison of these two paths generating an intrinsic reward (rin(Tagent, a)) based on similarity
score (rsim), updating the agent’s polici π. The loop continues until the generator, moving in the
environment (Env) with actions (ai), collecting observations (dtot, dmin, davg , cmax and αtr) and
computing an extrinsic reward(rex(Tagent, a)), can produce a path similar to the expert’s demon-
strations and that respects the kinematic constraints. Once the IL model is trained, it generates a set
of optimal paths; the weights (wdtot

, wdmin
and wcmax

) and the kinematic constraints are taken as
input by the DR classifier that extracts the best path with an approach based on ASP. Applying hard
and soft constraints obtaining the best path QILDR

Generator

With several successful applications in robot control, RL that searches for optimal poli-
cies by interacting with the environment becomes one potential solution to learn how
to plan a path. [241]4, based on DRL, demonstrated its capability of directly learning
the complicated policy of planning a path for steerable needle.

In the proposed approach, the agent interacts with the environment, Env. At each
time step (t), the agent updates its current state (Tagent) and selects an action (at),
according to the policy (π), such that:

π(Tagent, Env) = at (3.1)

In response, the agent receives the next state (Tagentt+1) and observations (explained in
the next paragraph). The goal of the agent is to determine an optimal policy π allowing
it to take actions inside the environment, maximizing, at each t, the cumulative extrinsic

4Segato, A., Sestini, L., Castellano, A., and De Momi, E. (2020, May). GA3C reinforcement learning for surgical steerable
catheter path planning. In 2020 IEEE International Conference on Robotics and Automation (ICRA) (pp. 2429-2435). IEEE.
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reward rex(Tagent, a). The latter is associated to the real, full state of the system and
to the agent’s observations. In this way, the moving agent successfully learns to follow
the best path in accomplishing its task and its constraints of maximum curvature, kmax,
and diameter, dout.

Observations. The observations collected step-by-step by the agent while exploring the
environment are: the length (dtot) of the path, the minimum (dmin) and average (davg)
distances from the obstacle space {CObst}, the maximum curvature of the path (cmax),
the target angle (αtarget) and the computational time (T ).

For each path QG = {Tagent0 , Tagent1 , .., Tagentn−1} where Tagent0 = Tstartk k =
1 : N , the observations are:

• Path length (dtot): the distance, d, between any two positions can be calculated
based on the Euclidean distance:

d(pagenttpagentt+1) =
∥∥pagentt − pagentt+1

∥∥ (3.2)

with t ∈ 1, ..., n, n = ||QG and

dtot =
n−1∑
t=0

d(pagenttpagentt+1) (3.3)

• Minimum distance (dmin): given the the line segment (pagenttpagentt+1) and the m

obstacles represented by the occupied configurations Tobstj =

(
Robstj pobstj

0 1

)
with j ∈ 1, ...,m, m = ||Cobst, the minimum distance of the path from the nearest
obstacle indicating the level of safety is the minimum length between the line
segments and the closest obstacle, such that:

dmin = min{d(pagenttpagentt+1 ,pobstj)} ∀t, ∀j (3.4)

• Average distance (davg) of the path from all the nearest m obstacles: it is calculated
over the whole length of the path with respect to all the obstacles, such that:

davg =
1

n ·m

n∑
t=1

m∑
j=1

d(pagenttpagentt+1 ,pobstj) ∀t, ∀j (3.5)

• Maximum curvature (cmax) of the path: curvature c of a path in a 3-D space
is the inverse of the radius rt of a sphere passing through 4 positions of the
path (pagentt ,pagentt+1 ,pagentt+2 ,pagentt+3) computed for each t (the method is
explained comprehensively in Appendix 8.2). Subsequently, the maximum cur-
vature can be extracted as follows:

ct =
1

rt
(3.6)

cmax = max
0≤t<n−3

ct (3.7)
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• Target angle (αtarget): given the 3-D unit vector representing the agent direction
−−−−−−−−−−→pagenttpagentt+1 and the one representing the target direction −−−−−−−−→pagenttptarget, the
target angle is defined as follows:

αtarget = arccos(−−−−−−−−−−→pagenttpagentt+1 ·
−−−−−−−−→pagenttptarget) (3.8)

Reward function (Algorithm 1) the reward function associated with each time step t is
shaped in order to make the agent learn to optimise the path, according to three main
requirements:

1. path length minimisation

2. obstacle clearance maximisation

3. moving agent’s kinematic constraints respect

The reward rex(Tagent, a) is defined as:

rex(Tagentt , at) =


rgoalt if Tagentt = Ttarget

robstt if Tagentt = Tobst

rstept + rdistt + rcurvt + rtargett otherwise
(3.9)

• A positive constant reward, rgoalt , is given upon reaching the target.

• A negative constant reward, robstt , is given if an obstacle collision is detected.

• A negative reward, rstept = − 1
Smax

, is given at each step t of the agent in order
to obtain a reduction in the computational time (T ), where Smax corresponds to a
fixed threshold representing the maximum number of steps t.

• A negative constant reward, rdistt , is added whenever the minimum value of dmint

is lower than a predefined safe distance (dsafe = dout
2

), corresponding to the
occupancy of the moving agent. This reward aims to maximise the dmint to reduce
the risk of collision and increase the safety rate of the path.

• A negative constant reward, rcurvt , is assigned if the current path curvature ct
overcomes the maximum value of the curvature of the moving agents specified by
the user (kmax).

• Finally, a negative reward, rtargett = −αtargett

αmax
rdeg, is added to minimise αtargett

in order to further minimise c and T parameters. The value of this reward is
proportional to the ratio between αtargett and the maximum angle αmax.

The parameters of the reward function are reported in Table 3.2. The optimal param-
eters’ value have been obtained by fine-tuning with grid-search procedure. Sub-optimal
parameter configurations caused the agent to learn and apply inappropriate actions, e.g.
moving too close to obstacles, going in the opposite direction with respect to the target,
choosing non-optimal paths in terms of distance.

In this way, with the generator, G, we are able to obtain new paths, QG.
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Algorithm 1 Reward function - pseudocode for each episode

1: for t in Smax do
2: Compute action at
3: Collect Observations dmint

, davgt , dtott , ct and αtargett

4: addReward(−1/Smax)
5: if Tagentt = Ttarget then
6: addReward(1)
7: newEpisode()
8: else if Tagentt = Tobst then
9: addReward(−1)

10: newEpisode()
11: end if
12: if dmint < dsafe then
13: addReward(−0.001)
14: end if
15: if ct > kmax then
16: addReward(−0.001)
17: end if
18: if αtargett ! = NaN then
19: addReward(−αtargett/αmax ∗ 0.0001)
20: end if
21: end for

Table 3.2: Training parameters.

rgoalt robstt rcurvt rdistt Smax αmax rdeg
1 -1 -0.001 -0.001 5000 180 -0.001

Discriminator

In GAIL [115] the task of the discriminator, D, is to distinguish between the paths,
{QG}, generated by G with a RL approach, and the demonstrated paths {QManual}.
When D cannot distinguish {QG} from {QManual}, then G has successfully matched
the demonstrated path, {QManual}, reaching a level equal to or higher than one of the
expert thanks to the additional observations collected and extrinsic reward received.

As showed in Algorithm 2, the proposed path planning approach receives in in-
put the expert’s paths, {QManual}, the path generated from the Generator, {QG}, and
the initialization of the policy’s parameters, θ0, and of the discriminator, w0. The
path {QG} fits a parameter policy πθ (where θ represent weights), while the manual
demonstration, {QManual}, fits an expert policy, πE . The discriminator network Dw

(w, weights) learns to distinguish the generated policy, πθ, from the expert one, πE .
The parameters w of Dw are updated in order to maximise Equation 3.10:

max
∇w

Eπθ
[∇w log (Dw (Tagent, a))] + EπE

[∇w log (1−Dw (Tagent, a))] (3.10)

where ∇w is the gradient, E[ ] is the expectation value with respect to a policy, πθ, or
to the expert policy, πE , Dw (Tagent, a) is the Discriminator network that evaluates the
state (Tagent) and the action (a).

Trust Region Policy (TRPO) [232] assures that the change of parameter θ between
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πθ + 1 and πθ is limited:

θ = min
∇θ

Eπθ
[∇θ log πθ(a|Tagent) ·Q(Tagent, a)]− λH(πθ) (3.11)

where ∇θ is the gradient, H (πθ) = Eπθ
[− log π (a|Tagent)] is the causal entropy

and its value by λ ∈ ℜ, λ > 0.
Finally the discriminator, D, updates the agent’s policy π to be close to the expert

policy πE :

π = argmax
πθ

Eπθi
[−log(1−Dw(Tagent, a)] (3.12)

using an intrinsic reward, defined as rin(Tagent, a)) = rsim. The similarity reward
rsim proportional to −log(1 − Dw(Tagent, a) is an increasing reward when the results
of Dw approaches rsim = 1, i.e. Dw is not able to discriminate well the two paths.
The inverse happens when Dw approaches rsim = 0, i.e. it is able to discriminate well
between the two paths, and the reward goes to 0.

The trained IL model generates the paths {QIL
k } k = 1 : N .

Algorithm 2 Path planning with GAIL
Input: Expert paths {QManual} ∼ πE , initial policy and discriminator parameters θ0, w0

1: for i =0,1,2,... do
2: Generated paths {QG} ∼ πθi

3: Update the Dw parameters from wi to wi+1 with the gradient∇w:
4:

Eπθi
[∇w log (Dw (Tagent, a))] + EπE

[∇w log (1−Dw (Tagent, a))]

5: Take a policy step from θi and θi+1 with TRPO cost function log(Dwi+1(Tagent, a)) with the
gradient∇θ:

6:
Eπθi

[∇θ log πθ(a|Tagent)Q(Tagent, a)]− λH(πθ)

7: Compute reward rin(Tagent, a) = −log(1−Dw(Tagent, a))
8: return π
9: end for

Deductive Reasoning Classifier

As already introduced above, the optimal path is selected among the N paths given by
IL and the paths produced by the inductive module by means of an ASP-based DR Clas-
sifier [39, 94, 163]. Among modern declarative formalisms, ASP, originally developed
in the field of logic programming and non-monotonic reasoning, has became widely
used in AI, and it is recognized as an effective tool for Knowledge Representation and
Reasoning (KRR). This especially due to its high expressiveness and the ability to deal
with incomplete knowledge, and also because of the availability of robust and efficient
solvers; more details on ASP are given in Appendix 8.3.

A domain expert provided the knowledge that we encoded into a logic program
consisting of rules and constraints and readable by the ASP solver. For each instance of
the path planing problem, the ASP program is hence coupled to a proper representation
of the pool of paths calculated by the IL model, {QIL

k } (the “input”) and fed to the ASP
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solver, thus choosing the best one, {QILDR}. In the following, we provide more details
about the encoded deductive path selector.

A path QILDR
x cannot be selected if the maximum curvature cmax (Equation 3.7)

measured for QILDR
x is bigger than the kmax, as it can be seen in the following code

snippet (In order to fully understand the syntax, we have provided some examples in
Appendix 8.3):

:- choose(QILDR
x ), curvature(cmax), maxCurve(QILDR

x ,kmax), kmax<cmax.

where the atom maxCurve(QILDR
x ,cmax) couples the path QILDR

x with the maximum curvature
cmax.

A path QILDR
x must be discarded also if it approaches the sensitive structures at a minimum distance

dmin (Equation 3.4) smaller than the radius (r = dout

2 ) of the moving agent:

:- choose(QILDR
x ), radius(r), distObst(QILDR

x ,dmin), dmin<r.

Along with these hard constraints, that make inappropriate paths to be discarded, we identified sev-
eral criteria for expressing preferences among admissible ones. In particular, starting from the expert’s
knowledge, we designed some “soft constraints”, and three corresponding weights (wdtot

, wdmin
and

wcmax
, w ∈ R > 0) used either express preferences towards paths that feature minimum (or maximum)

adherence to the criteria.

1. Minimization of the path length (dtot):

#minimize{ddot@wdtot, QILDR
x : choose(QILDR

x ), length(QILDR
x ,dtot)}.

where dtot is the length of path QILDR
x .

2. Maximization of the distance from obstacles:

#maximize{dmin@wdmin, QILDR
x : choose(QILDR

x ), distObst(QILDR
x ,dmin)}.

3. Minimization of the curvature of the moving agent:

#minimize{cmax@wcmax, QILDR
x : choose(QILDR

x ), maxCurve(QILDR
x ,cmax)}.

Some additional insights are provided in description of Algorithm 3.

Algorithm 3 Classifying Path with ASP
Input: {QIL

k }, kmax, r, wdtot
, wdmin

and wcmax
. Output: QILDR.

1: for x in {QIL
k } do

2: Compute dminx
, dtotx and cmaxx

3: if :- choose(QILDR
x ), curvature(cmax), maxCurve(QILDR

x , Kmaxx
), kmax < cmax. then

4: if :- choose(QILDR
x ), radius(r), distObst(QILDR

x , dminx
), dmin < r. then

5: Sort {QILDR} by:
6: #min{ddotx@wdtot . QILDR

x : choose(QILDR
x ), length(QILDR

x ,dtotx )}.
7: #max{dminx

@wdtot
. QILDR

x : choose(QILDR
x ), distObst(QILDR

x ,dminx
)}.

8: #min{cmaxx
@wcmax

. QILDR
x : choose(QILDR

x ), maxCurve(QILDR
x ,cmaxx

)}.
9: end if

10: end if
11: end for

return QILDR
0

It is worth noting that the purely declarative nature of ASP easily allows fine-tuning the desiderata
by combining the constraints. Not only the system can easily be improved if new or more specific
knowledge is available from the experts, but the user can change the behavior of the classifier at will
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when in use. The provided interface gives the user the possibility to compose the desiderata and repeat
this step multiple times, after the IL model has generated the output, {QIL

k } (agnostic to the human-
chosen desiderata), changing the inputs until she is satisfied with the obtained path. In this case, new
weights and more (or less) restrictive constraints (i.e., increasing kmax or dout) can be set. Furthermore,
the user can decide to take into account all, some, or none of the encoded preferences, depending on the
specific application; if she chooses to apply more than one of these rules, then also different priorities
can be set, expressed by the weights. Hence, the capability to customize the set of rules and (hard/soft)
constraints to use for each case study makes our tool highly flexible and generalizable.

3.4 EXPERIMENTAL PROTOCOL

Criteria for defining the “best” surgical path are several; their importance depends on the application at
hand. In our experiments, performed in static simulated environments, we focused on DBS and CED,
which are two relevant applications of steerable needles in keyhole neurosurgery.

3.4.1 Neurosurgical environment
3-D brain structures for CED and DBS environment were identified on two datasets: 1) Time-of-Flight
(ToF) Magnetic Resonance (MR) for vessels visualisation, 2) T1 for brain cortex, skull surface, arterial
blood vessels, ventricles and all the relevant deep grey matter structures visualisation, segmented through
FreeSurfer Software [84] and 3-D Slicer [207].

Figure 3.4: CED and DBS Environemnts. In (a) sagittal, axial and coronal view of the CED environ-
ment are reported. Defining accordingly the obstacle space (Cobst ={ventricles, thalamus, pallidum
and vessels), the free space (Cfree = gyri) and the target space (Ctarget = tumor). In (b) sagit-
tal, axial and coronal view of the DBS environment are reported. Defining accordingly the obstacle
space (Cobst ={ventricles, thalamus, pallidum, vessels and Corticospinal Tract (CST)}), the free
space (Cfree = gyri) and the target space (Ctarget = LSTN).

• As reported in Figure 3.4a, in CED the target space is the tumor=Ctarget, surrounded by different
essential structures (ventricles, thalamus, pallidum and vessels), that represent the obstacle space,
Cobst, while gyri represent the free space, Cfree.
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• As reported in Figure 3.4, in DBS the target space is the LSTN=Ctarget, located in the central
brain core. The obstacle space, Cobst, is represented by relevant structures (ventricles, thalamus,
pallidum, vessels and CST), while gyri represent the free space, Cfree.

3.4.2 Neurosurgical simulator

Figure 3.5: Neurosurgical simulator. It is possible to: (1) start a simulation, (2) select the procedure
between the DBS and CED, (3) input the physical characteristics of the needle, dout and kmax, and
the parameters to be maximised or minimised in the selection of the best path, (4) select starting
and target configurations , Tstartk and Ttarget, (5) perform manually the trajectories with a joystick
controller or let the agent to perform trajectories autonomously with ILDR and finally (6) visualise
all the generated trajectories.

A planning tool is implemented in 3D Unity [101] and integrated with ML-Agents Toolkit [131] that
allows to visualize the 3D segmented risk structures of the brain of the patient derived from that data. We
designed and developed a neurosurgical simulator, i.e. a “Brain Digital Twin", described in Figure 3.5
and shown in the animation (Appendix 8.7.1) to create the environment, collect manual demonstrations
by the expert surgeon with a joystick controller (with a combination of the translation along the z axis and
the rotation around the x and y axes) and train the moving agent. First of all the surgeon is asked to choose
the curvature, kmax, and diameter, dout, and the parameters he wants to prioritize in the selection of the
best trajectory, wdtot , wdmin and wcmax , used either to minimize or to maximize the rule expression.
The surgeon can then select a target configuration in the brain (Ttarget), e.g. on the tumor and N start
configurations (Tstartk ), on the brain cortex. Once the start and target configurations are defined, it is
possible to proceed to either a manual or automatic, pre- or intra-operative procedure. The difference
between these last two is the dynamism of the environment in representing the needle-tissue interaction
and so the non-holonomic constraints that affect the behaviour and the needle movements. The surgeon
can in fact proceed with a static environment or with a dynamic environment whose model is based on a
Positions Based Dynamics simulator [238]5 used to emulate the brain tissues deformations in KN. The
needle model is considered as particle system [193]. For the validation a pre-operative procedure with a

5Segato, A., Di Vece, C., Zucchelli, S., Di Marzo, M., Wendler, T., Azampour, M. F., ... and De Momi, E. (2021). Position-
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Figure 3.6: Schematic representation of the experimental protocol workflow Each environment Envs
(with 1 ≤ s ≤ 2), takes in input the start configurations, Ts

startk
(with 1 ≤ k ≤ 10), the target

configuration, Ts
target, the weights, ws

cmax
, ws

dmin
, ws

dtot
and the kinematic constraints of the moving

agent, dout and kmax. j experiments, EXPj (with 1 ≤ j ≤ 5), were conducted for each approach:
Manual, DR, RRT* (only for DBS Environment) and ILDR. A pool of surgical paths, {pathk} is
generated, and the optimal one, paths

j , is selected.

static environment was considered. It is assumed that the motion of the needle tip fully determines the
motion of the needle ("follow-the-leader" deployment) with a combination of the translation along the z
axis and the rotation around the x and y axes.

3.4.3 Experimental validation
The results’ assessment for both scenarios, CED and DBS, is based on the comparison of the proposed
method, ILDR, with the Manual and DR approaches. Moreover, in the DBS scenario, ILDR was tested
against the RRT* algorithm.

As shown in Figure 3.6, an expert surgeon (age: 37, performed surgical procedures: 2440) was asked
to select, for each environment Envs, 10 desired start configurations, Ts

startk
, on the brain cortex, a

target configuraion, Ts
target, on the target space, Ctarget, and the weights, ws

cmax
, ws

dmin
, ws

dtot
for the

rules prioritisation, reported for both scenarios in Table 3.3. j experiments, EXPj (with 1 ≤ j ≤ 5),
were conducted for each one of the four approaches: Manual, DR, RRT* (only for DBS Environment)
and ILDR.

• Manual approach: For each EXPj , the surgeon was asked to generate a pool of surgical paths,
{pathk} (with 1 ≤ k ≤ 10), and choose the optimal one, pathManual,s

j , based on his expertise.

based dynamics simulator of brain deformations for path planning and intra-operative control in keyhole neurosurgery. IEEE
Robotics and Automation Letters.
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Table 3.3: Expert constraints and rules.

dout(mm) kmax(mm−1) wdmin wdtot wcmax

CED 2.5 0.014 9 6 6
DBS 2.5 0.014 1 4 2

• DR approach: For each EXPj was considered the same pool of surgical paths generated in the
manual approach,{pathk}, and the optimal one, {pathDR,s

j }, was selected with the DR classifier,
using rules, weights and kinematic constraints given in input by the surgeon.

• RRT* approach: For each EXPj the pool of paths, {pathk}, was generated with the RRT* algo-
rithm. The optimal one, {pathRRT∗,s

j }, was selected with a Cost Function Fcost, to be minimised:

Fcost({pathk}) =


∞ if dmin ≤ 0

∞ if cmax > kmax

wdmin

1
dmin

+ wdtot

1
¯dtot

+ wcmax

cmax

kmax
otherwise

(3.13)

Using rules, weights and kinematic constraints given in input by the surgeon. For more information
on the implementation of this approach please refer to our previous work [240]6.

• ILDR approach: For each EXPj the pool of paths, {pathk}, was generated with the IL model.
The optimal one, {pathILDR,s

j }, was selected with the DR classifier, using rules, weights and
kinematic constraints given in input by the surgeon.

For each path, {paths
j}, we calculated:

• The length (dtot) of the path, as described in Equation 3.3;

• The minimum (dmin) and the mean (davg) distances of the path with respect to all the obstacles,
as described in Equations 3.4 and 3.5;

• The maximum curvature (cmax) of the path, as described in Equation 3.7.

3.4.4 Hardware specification
Experiments were performed on a Linux machine equipped with a 6-core i7 CPU, 16GB of RAM and 1
NVIDIA Titan XP GPU with 12GB of VRAM.

3.4.5 IL Training Strategy
The training phase, for IL models, for each Environment, takes in input w start (Tstartw , with 1 ≤
w ≤ 20) and target z (Ttargetz , with 1 ≤ z ≤ 5) configurations and y expert manual path (Qmanual

y ,
with 1 ≤ z ≤ 10) for each start and target. The number of manual demonstrations ||x = 1000, (with
1 ≤ x ≤ ||w × ||z × ||y), is obtained by combining the number of demonstrations (||y) provided by
the expert user for each couple of start and target (||w × ||z). At every episode randomly, a new qstartw

was chosen among the available ones along with its relative qtargetz . Table 3.4 presents the training
parameters values referred to the CED and DBS models.

3.4.6 Statistical analysis
All the performance metrics (dtot, dmin, davg and cmax), extracted from the path, were analysed employ-
ing Matlab (The MathWorks, Natick, Massachusetts, R2020a). Lilliefors test has been initially applied
for data normality. Due to the non-normality of data distribution, pairwise comparison was performed
with the Wilcoxon matched-pairs signed-rank test. Differences were considered statistically significant
at p-value < 0.05.

6Segato, A., Pieri, V., Favaro, A., Riva, M., Falini, A., De Momi, E., and Castellano, A. (2019). Automated steerable path
planning for deep brain stimulation safeguarding fiber tracts and deep gray matter nuclei. Frontiers in Robotics and AI, (6, 70).
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Table 3.4: Training parameters

Parameter Value Parameter Value
beta 5.0e-4 max steps 1.0e5

batch size 64 buffer size 256

3.5 RESULTS

3.5.1 Convection enhanced delivery
Figure 3.7a shows a comparison between Manual, DR and ILDR approaches in terms of dmin, davg ,
cmax and dtot calculated over the best path of left hemisphere (for each approach, the criteria for the
selection of the best path have been described in Section 3.4.3). DR approach keeps a greater dmin and
davg from obstacles and a significantly lower dtot (p-value < 0.01) of the path with respect to Manual
approach following the rules dictated by the expert. ILDR approach keeps a significantly greater davg (p-
value < 0.05) from obstacles and a significantly lower cmax (p-value < 0.01) and dtot (p-value < 0.01)
with respect to DR approach and Manual approach.

Figure 3.8a shows the visual comparison between one resulting path obtained with DR and ILDR
approaches considering the previously mentioned optimisation criteria (safety, smoothness and path
length), that result better for the ILDR approach even by visualization inspection.

3.5.2 Deep brain stimulation
Figure 3.7b shows a comparison between Manual, DR, RRT* and ILDR approaches in terms of dmin,
davg , cmax and dtot calculated over the best path of left hemisphere (for each approach, the criteria for
the selection of the best path have been described in Section 3.4.3). DR approach keeps lower dtot and
cmax of the path than the Manual approach following the rules dictated by the expert who gives more
importance to these two parameters in this case. While ILDR approach keeps a significantly greater
dmin (p-value < 0.01) and davg (p-value < 0.01) from obstacles and a lower cmax and dtot than the
DR approach. The comparison between ILDR and RRT* approaches is showed in terms of dmin, davg ,
cmax and dtot calculated over the best path of left hemisphere. ILDR approach keeps a significantly
greater dmin (p-value < 0.0001) and davg (p-value < 0.0001) from obstacles and a lower cmax and a
significantly lower dtot (p-value < 0.01) than the RRT* approach.

Figure 3.8b shows the visual comparison between one resulting path obtained with DR and ILDR
approaches considering the previously mentioned optimisation criteria (safety, smoothness and path
length), that result better for the ILDR approach even by visualization inspection.

3.5.3 Computational time
In Table 3.5, the computational time T for all the analysed approaches is reported. The ILDR approach
is twice as fast compared to the Manual one and keeps much lower computational time than the state-of-
the-art sampling-based method RRT*. Although this value is not essential for the proposed pre-operative
procedure that is performed off-line, this demonstrates that the proposed method may be potentially
applicable to an intra-operative procedure requiring a fast planning time.

Table 3.5: Results in term of computational time are shown.

Method 25th(s) Median(s) 75th(s)
Manual 15.58 17.94 21.98

DR 11.25 15.00 32.69
RRT* 35.93 61.54 78.87
ILDR 8.02 8.06 8.10
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3.5. RESULTS

Figure 3.7: Comparison between the different approaches. For both CED (a) and DBS (b) environment,
expert’s rules, and needle kinematic constraints are reported in the upper part. a) shows a compar-
ison between Manual, DR, and ILDR approaches in the CED environment. b) shows a comparison
between Manual, DR, RRT*, and ILDR in the DBS environment. The results for both considered
scenarios and used approaches are reported in terms of the minimum (dmin) and the mean (davg)
distance from the critical obstacles, the total path length (dtot) and the curvature (cmax) calculated
over the five best paths for each approach. P-values were calculated using Wilcoxon matched-pairs
signed-rank test.
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Figure 3.8: Comparison between DR and ILDR approaches. For both CED (scenario 1) and DBS
(scenario 2) environment, one example of the obtained path is shown. In particular, a) shows a
comparison between DR and ILDR approaches in the CED environment. b) shows a comparison
between DR and ILDR in the DBS environment. The results for both considered scenarios show an
increase in safety (>> dmin) and smoothness (<< cmax) and a reduction in length (<< dtot) for
the proposed method (ILDR).

3.6 DISCUSSION AND CONCLUSION

The present work proposes a novel automatic path planning approach, called ILDR, for a moving agent
in a complex environment. The complexity of the environment represents the worst-case scenario that
grants the applicability and reliability of the method. In our experiments, ILDR performed better in terms
of obstacle clearance and moving agent kinematic constraints compliance when tested against the Manual
approach, the DR classification approach and the RRT* algorithm. By simultaneously optimising paths
according to all the requested features, the proposed method outperforms state-of-the-art approaches in
terms of path safety, path length, and computational time.

Our method succeeds in obtaining the optimal paths that can be followed to reach a specific target
according to rules set by an expert. This approach allows to fully exploit an expert’s knowledge: he
first performs the demonstrations used to train the GAIL model and then selects the constraints and their
priorities, which ultimately lead to the choice of the best path with ASP.

It is worth noting that one of the main contributions of the present work consists in the integra-
tion of an inductive learning-based approach with a deductive reasoning-based approach. The inductive
learning-based method allows the agent to learn the policy by a set of demonstrations provided by an
expert, who can introduce in a path planning algorithm all his requirements and knowledge that cannot
always be possible in graph- or sampling-based approaches unless additional optimisation steps are ap-
plied with additional computational time. Explicit programming cannot fully cover the complexity of the
environment (represented by the human brain in this case, due to the presence of delicate and very com-
plicated anatomical structure, narrow passages), the number of parameters and possible complications
that have to be considered during the path planning. For this reason we implemented a DR classifier with
a user interface, as described in the final part of Section 3.3.2, where the experts can express their indi-
vidual preferences assigning different weights, thus creating a priority list for maintaining different path
planning optimisation criteria (i.e., giving more priority to path safety than path length) while visualiz-
ing the trajectory and changing the criteria in real time. The DR method is implemented using ASP, that
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allowed us enjoy several advantages. First of all, even if the whole machinery can be embedded into a
graphical user interface for user’s convenience, under the hood we are dealing with knowledge explicitly
expressed via a declarative formalism: modifying and adapting the criteria for dropping unwanted paths
and selecting the preferred one(s) is rather easy. Furthermore, as the specification are formally encoded,
once the optimization criteria are well-established, we are ensured that the best path is actually chosen,
and if more than one are present with the same “score”, then picking one or the other is completely indif-
ferent. If, for some reasons, this turns to be not the case, this means that the criteria should be modified,
which, as already stated, can be easily done, especially given that the resulting framework allows one to
straightforwardly experiments with this respect.

3.6.1 Clinical translation
As part of the EU’s Horizon EDEN2020 project, the current study proposes a novel automatic planner
for steerable needles in keyhole-neurosurgery. Given the environment of the brain, a surgeon-defined
start, and a target, the proposed method can provide an optimal path, according to predefined features as
insertion length, clearance from safety regions, as blood vessels and eloquent morpho-functional land-
marks, and compliance to the needle’s kinematics limits. It is intended to provide a state-of-the-art
combined technology platform for minimally invasive surgery. When tested against the RRT* approach,
the proposed method performed better in terms of path smoothness and clearance from safety regions,
significantly decreasing the length and with a sensibly lower computational time. Accordingly to the
possibility to perform curvilinear path for STN and tumor targeting, the proposed algorithm allows op-
timising the fundamental aspects of the DBS and CED and to maximising both the effectiveness and
safety of the procedure.

3.6.2 Future directions
The proposed methodology favours high applicability and generalisability, as it could potentially be
applied to different path planning problems. Future perspectives may include the exploitation of this
automatic path planner method in many applications additional to keyhole neurosurgical procedures. The
development of a surgical simulator defines an example of applications based on anatomical topology but
not on anatomical dimensions. It is easy to see that different rules and constraints can be defined upon
expert suggestion, thus making our methodology highly customisable and paving the way to extensions to
additional 3-D complex environments, beyond brain surgery. Hence, this approach is widely application-
independent and can be adapted to other use cases for path planning in a complex environment, where
an expert has a crucial role. The application to a totally different context would require a thorough
consultation with domain experts and the creation, if missing, of a specific simulation environment.
Nonetheless, once the setup is created for a particular domain, as in the current study with brain surgery,
it is easily applicable to different problems in such domain, by simply modifying or adding rules.
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CHAPTER4
Position-based Dynamics Simulator of Brain

Deformations for Intra-Operative Path Planning
and Control in Keyhole Neurosurgery

Many tasks in robot-assisted surgery require planning and controlling manipulators’ motions that interact
with highly deformable objects. In this chapter we investigate Hypothesis 2. This study proposes a
realistic, time-bounded simulator based on PBD simulation that mocks brain deformations due to catheter
insertion for pre-operative path planning and intra-operative guidance in keyhole surgical procedures. It
maximizes the probability of success, in achieving the planned target, by accounting for uncertainty in
deformation models, noisy sensing, and unpredictable actuation. The PBD deformation parameters were
initialized on a parallelepiped-shaped simulated phantom to obtain a reasonable starting guess for the
brain white matter. They were calibrated by comparing the obtained displacements with deformation
data for catheter insertion in a composite hydrogel phantom. Knowing the gray matter brain structures’
different behaviors, the parameters were fine-tuned to obtain a generalized human brain model. The brain
structures’ average displacement was compared with values in the literature. The simulator’s numerical
model uses a novel approach with respect to the literature, and it has proved to be a close match with
real brain deformations (Hypothesis 2.1) through validation using recorded deformation data of in-vivo
animal trials with a mean mismatch of 4.73±2.15%. The stability, accuracy, and real-time performance
make this model suitable for creating a dynamic environment for KN path planning, pre-operative path
planning, and intra-operative guidance (Hypothesis 2.2). The application of the method resulted in a
journal paper [1]1.

4.1 INTRODUCTION

KN is a minimally invasive procedure performed to reach targets located deep inside the brain through a
tiny hole in the skull, called “burr hole” or “keyhole” [130]. In KN, catheters are inserted into the brain

1Segato, A., Di Vece, C., Zucchelli, S., Di Marzo, M., Wendler, T., Azampour, M. F., ... and De Momi, E. (2021). Position-
based dynamics simulator of brain deformations for path planning and intra-operative control in keyhole neurosurgery. IEEE
Robotics and Automation Letters.
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for biopsy and therapies, as drug delivery or electrical stimulation following predefined paths to avoid
damage to delicate structures.

Path planning plays an essential role in various fields of application and research. In its most general
form, the task is to define a path for some moving entity between a start and a goal in an environment,
e.g., the trajectory of a catheter between keyhole and target location in an MR image. Nonetheless, the
difference between the pre-operative planning in a static condition where no deformation is considered
and the intra-operative dynamic condition where the anatomy deformations can significantly impact the
planned trajectory’s accuracy and relevance, since both the target organs and the obstacles such as vessels
can move [109]. Due to the difficulty, tasks involving uncertainty and highly deformable objects are still
routinely completed manually rather than automatically or semi-autonomously using robot assistance.
Automating these tasks could increase productivity and improve outcomes by decreasing the time and
costs associated with manual operation while simultaneously increasing accuracy and precision.

When considering the brain, there are three primary sources of deformation: the pulsation of brain
vessels, the brain shifts [59,112,114,223] (which could be caused by (i) Cerebrospinal Fluid (CSF) loss
through the keyhole, resulting in surgical accuracy deterioration, (ii) pharmaceuticals administered dur-
ing the intervention and (iii) tissue resection [108]), and the interaction between the catheter and the brain
tissue. However, the pulsation of the brain vessels is not relevant in minimally invasive surgery [268].

4.2 RELATED WORK

Synthetic phantoms and virtual models of the human brain have been proposed as a tool to measure
/ compute these deformations and compensate for them. Such models are essential to reproduce ge-
ometries and structures and provide material formulations that could accurately replicate such a complex
organ’s mechanical behavior. Many works in the literature have studied brain deformations during neuro-
surgery [111,122] and brain biomechanical characterization [85,86,160,161]. Most of the physics-based
brain deformation models are based on FEM but differ from each other in the choice of the constitutive
equation of the model that defines the material chosen for the soft tissue simulation. In particular, [160]
presents a comprehensive comparative study to help researchers select suitable materials for soft tissue
simulation and their interactions with surgical instruments. The authors matched the stiffness of gelatin
and Composite Hydrogel (MCH) phantoms to the one of a porcine brain and analyzed needle insertions
in terms of insertion forces, displacements, and deformations. In [86], the authors perform a charac-
terization of brain tissues under various test conditions (including humidity, temperature, strain rate);
they present a rigorous experimental investigation of the human brain’s mechanical properties through
ex-vivo tests, covering both gray and white matter. Brain material characterization is instrumental in
providing inputs to a mathematical model describing brain deformation during a surgical procedure.
The work of Forte et al. [85] focuses on developing an accurate numerical model for predicting brain
displacement during procedures and employs a tissue mimic of MCH to capture human tissue complex-
ity. This mimic is designed to reproduce the dynamic mechanical behavior in a range of deformation
rates suitable for surgical procedures. The investigation supports the proposal of a hybrid formulation
of porous-hyper-viscoelastic material for brain displacement simulation. Further work of Leibinger et
al. [161] measures internal displacements and strains in three dimensions within a soft tissue phantom
at the needle interface, providing a biologically inspired solution causing significantly fewer damages to
surrounding tissues.

As an alternative for the phantoms and models mentioned above, neurosurgical simulators based on
FEM brain tissue deformation model have been developed. Some of these are based on the optimization
of the implicit Euler method, such as the one presented in [120]. Others like the NeuroTouch [61], a
commercial neurosurgical simulator, use the explicit time integration scheme, require small time steps to
keep the computation stable. Implicit integration schemes [13], on the other hand, have the advantage of
unconditional stability but are much more computationally expensive [30].

Recently, PBD [186] has gained considerable popularity due to its simplicity, high efficiency, uncon-
ditional stability, and real-time performance [28]. PBD approach eliminates the overshooting problem
of equilibrium configurations achievement in force-based methods and simplifies the implementation
process. Although PBD is not as accurate as force-based methods, its efficiency and controllability
outperform those simulating medical procedures by far while providing visually plausible results [48].
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4.3 OBJECTIVE

To the authors’ knowledge, this Chapter presents the first simulator of realistic brain tissue displacement
using PBD modeling designed for catheter insertion during KN. We further validate it using recorded
brain deformation on an in-vivo animal model. The simulator developed in Unity with NVIDIA FleX [6]
backend provides a suitable system for AI framework to train autonomous control and path planners.
Moreover, we make our simulator publicly available on GitLab to encourage the adoption of the method.
The simulator is shown in the animation (Appendix 8.7.2)

4.4 MATERIALS and METHODS

4.4.1 Position-based dynamics approach
PBD is a simulation approach that computes the time evolution of a dynamic system by directly updating
positions, as first described by Müller et al. in [188]. Simulated objects are discretized as clusters of
particles described by their positions pi and velocities vi, subject to a set of J positional constraints
Cj(pi, ...,pn) ≻ 0 (symbol ≻ denotes either = or ≥). In the PBD approach, deformation computation
becomes a constrained optimization problem. Soft bodies simulation behavior and performance are not
only influenced by the relative position, dimension, and the number of particles in space but also by the
constraints acting among particles. For example, large deformations of soft bodies are usually achieved
by defining positional constraints among adjacent particles’ rigid clusters. This kind of constraint is
called region-based shape matching, as described in [30]. The method is explained comprehensively
in Appendix 8.3. A realistic elastic behavior is obtained by appropriately selecting cluster parameters;
hence, we focused on the initialization of the PBD parameters defining clusters for all the structures
present in the scene: cluster spacing (i.e., the distance between adjacent clusters), cluster radius (i.e.,
the radius of each cluster region) and cluster stiffness (i.e., the extent to which adjacent clusters are
constrained to each other). Other parameters of the PBD model can impact soft body behavior and
require tuning according to [186]; therefore, to simplify the model, parameter values were kept fixed as
in [48]. The NVIDIA FleX is a particle-based simulation library for real-time, realistic visual effects.
The objects in the framework are modeled as clusters of particles connected by various constraints,
broadly based on PBD. Since NVIDIA FleX does not directly support the Unity Game Engine, we used
uFleX, a Unity asset integrated low-level Flex native library.

4.4.2 Case study: keyhole neurosurgery
Figure 4.1 summarizes the workflow of our experimental study made of two calibration phases, one for
the white matter performed with an in-vitro experiment on a phantom and one for deep gray matter per-
formed with an in-silico experiment on a human brain dataset. The last phase is the validation conducted
through in-vivo experiments on ovine brains. Assuming that the ovine brain is quite similar to the human
brain except for proportion. The different steps are detailed below:

Catheter

This project was developed in the context of the EU’s RIA Horizon project codename EDEN2020, aiming
to advance the current state of the art in neurosurgical technology. The catheter model used in this work
is a Programmable Bevel-Tip Needle (PBN) [43]. The catheter has an outer diameter of 2.5 mm, as
shown in Figure 4.2A.

Data acquisition and processing

Various models were created to carry out our simulations:
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4.4. MATERIALS and METHODS

Figure 4.1: Workflow of the experimental study.

Calibration brain phantom We created a parallelepiped-shaped phantom (50×17.5× 17.5 mm) us-
ing Blender [2] to initialize the PBD simulation parameters for the brain white matter. Its dimensions
have been chosen to match the experimental setup of [161], shown in Figure 4.2B. Figure 4.2C shows
the obtained simulated phantom and catheter.

Human brain High-resolution MR images were acquired on one healthy subject (male, aged 38 yo).
The research ethical committee of Vita-Salute San Raffaele University and IRCCS San Raffaele Sci-
entific Institute, Milan, Italy, approved the study (ethical approval n. 80/INT/2016), and the subject
provided signed informed consent before MR acquisition. The MR protocol included:

• a 3D T1-weighted sagittal Fast-Field-Rcho (FFE) with selective water excitation (Proset tech-
nique) [103] acquired with the following parameters: repetition time/echo time [TR/TE] 12/5.9
ms; flip angle, 8◦; acquisition matrix, 320×299; voxel size, 0.8×0.8×0.8 mm; thickness, 0.8/0
mm gap; SENSitivity-Encoding [SENSE] reduction factor, R=2; 236 slices; acquisition time,
5 min 19 s;

• a 3D high-resolution ToF MR angiography (MRA) acquisition to visualize flow within the arterial
vessels, acquired with the following parameters: TR/TE 23/3.45 ms; flip angle, 18◦; acquisition
matrix, 500×399; acquired voxel size, 0.4×0.5×0.9 mm; reconstructed voxel size, 0.3×0.3×0.45
mm; thickness, 0.45/-0.45 mm gap; SENSE factor, R = 2; 210 slices; acquisition time, 8 min 33 s.

On the normalized 3D T1-weighted images, we segmented the amygdala, brain stem, caudate, cerebel-
lum, cerebral cortex (gyri and sulci), hippocampus, pallidum, putamen, thalamus, and ventricles em-
ploying FreeSurfer Software [3, 83]. Additionally, we segmented the arterial blood vessels from the 3D
high-resolution ToF-MRA using 3D Slicer© platform [5, 206] to obtain the final set of brain structures
(BS = bs1, ..., bsm, with m = #BS). Figure 4.3A shows the final result.
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Figure 4.2: Experimental Setup. (A) Illustration of the PBN catheter showing the four segments in-
terlocked by means of Dovetail joints. The four segments can slide on each other along the center
axis, creating an offset that allows the steering of the catheter (courtesy of Leibinger, 2016). (B)
Experimental setup with the hydrogel phantom and the needle presented in [161]. (C) Basic de-
formable parallelepiped-shaped phantom used for the initial setting of PBD simulation parameters
for the brain white matter and the 3D model of the reconstructed catheter with an outer diameter of
2.5 mm.

Ovine brain During the experiments carried out in Università degli Studi di Milano Ospedale Veteri-
nario Universitario within the EU’s Horizon EDEN2020 project, five animals underwent MR at 1.5 T
(Achieva, Philips Healthcare) before and after the procedure (PBN insertion), including CT (Figure 4.4A)
and conventional 3DT1 FFE (TR/TE:25/5ms) to guide the neurosurgical planning (Figure 4.4B). We
segmented the brain on the normalized 3D T1-weighted images, as shown in Figure 4.4C. All animals
were treated in accordance with the European Communities Council directive (2010/63/EU), to the laws
and regulations on animal welfare enclosed in D.L.G.S. 26/2014. Ethical approval for this study was
obtained by the Italian Health Department with authorization n 635/2017.

Simulation paramenters

First, we calibrated the simulation parameters for brain white and deep gray matter with an empirical
procedure based on calibration experiments and observations of the resulting visual and numerical de-
formations. These parameters were then validated by comparing the obtained deformations with those
in in-vivo tests on the ovine brain. Catheter-tissue interaction is modeled as a contact problem, handled
by the Unity engine’s default collision detection and response implementation.

White matter parameters calibration We created a scene in Unity containing the previously men-
tioned parallelepiped-shaped simulated phantom. To describe the entire model as deformable, we con-
strain all the particles to fall within at least one cluster by imposing cluster radius to be at least half
of cluster spacing (set to [5, 35] mm), as proposed in [252]. Consequently, cluster radius is restricted
to the range [2.5, 35] mm to keep the simulation stable; the upper limit is coincident with the cluster
spacing one to maintain an overlap between the various clusters. Hence, the final deformation is smooth
without burdening the computational cost. Conversely, cluster stiffness is left free to vary within the
entire acceptable range [0,1] with a trial and error process to find the most suitable value. Indeed, the
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Figure 4.3: Human Brain Dataset: (A) Representation of the brain structures segmented on the nor-
malized 3D T1-weighted images and the 3D high-resolution ToF-MRA. (B) Particle model of brain
white matter. (C) Particle model of deep gray matter structures.

model’s stiffness does not depend only on the defined stiffness parameter but also on the time step, num-
ber of solver iterations, number of clusters, and shape-matching constraints. This involves considering
the stiffness parameters in relation to the entirety of the system and highlights how the PBD parameters,
in general, do not have a direct physical meaning [48].

To initialize the parameters, we performed 8 insertions of the catheter inside the simulated phantom,
insertionk (with 1 ≤ k ≤ 8). Following the experimental work of Leibinger et al. [161], we have set the
following conditions: the catheter is inserted in a straight trajectory with a constant speed of 0.5 mm/s,
without offset at the tip. The temporal evolution of all particles’ average displacement was evaluated at
31.5 mm depth along the insertion axis. Last, the sampling of the displacement was calculated with a
fixed space interval of 3.4 mm.

As result, at each frame f of the simulation the following metrics were calculated:

• The penetration depth (∆depthf
) of the k insertion:

∆depthk
f =

∥∥qk
init − qk

f

∥∥ (4.1)

where qk
init is the catheter’s starting x, y, z position, qk

f is the position of the tip of the catheter at
frame f , and ∥.∥ is the Euclidean distance.

For each interval of 3.4 mm we calculated:

• The average displacement (∆dispf
) of the N particles of the parallelepiped-shaped phantom at the

depth of 31.4 mm:

∆dispkf =
1

N

∑∥∥pk
init − pk

f

∥∥ (4.2)

where pk
i,init represents the starting position of the N particles, and pk

i,f their position at frame f .

• The displacement (∆centerDispf
) of phantom particles Center of Mass (CoM):

∆centerDispf = ∥cinit − cf∥ (4.3)

where ckinit represents the starting position of the particles CoM, and cf their position at frame f .

We averaged the measured variables across the 8 experiments. Subsequently, starting from the displace-
ment results reported in [161], we fine-tuned the PBD model parameters to achieve comparable values
for the brain white matter.
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Figure 4.4: Ovine Brain Dataset (A) Coronal, sagittal and axial view of post-operative CT on ovine
brain and in-vivo experiment. (B) Ovine brain pre-operative and intra-operative 3DT1 and defor-
mation field analysis. (C) 3D segmented dataset for the ovine brain. (D) Particle model for the ovine
brain.

Deep gray matter parameters calibration We tuned the gray matter parameters following the pro-
cedure of parameter initialization of the white matter and knowing the differences in the various brain
structures’ behaviors [105, 126, 127, 179, 189, 285]. White matter presents a real shear modulus higher
than gray matter. The same applies to the viscosity, represented by the imaginary shear modulus, leading
to an isotropic complex shear modulus of white matter around 1.25 kPa [105], and a higher stiffness
with respect to gray matter. Other brain components were analyzed through a 3D multi-frequency Mag-
netic Resonance Elastography (MRE), and values of the complex shear modulus between 1.058 kPa
for the thalamus and 0.649 kPa for the caudate were observed. The stiffness values for the cerebellum
and the brainstem are slightly higher, as measured by [59]. According to this possible subdivision of the
brain into areas with similar stiffness present in the literature, we tuned the FleX asset parameters of the
NVIDIA FleX framework to give a simulation behavior as close as possible to reality.

We created a new Unity scene containing all the previously segmented brain structures to validate
the chosen simulation parameters. Figure 4.3B shows the application of the FleX model to gyri and
sulci; on the other hand, in Figure 4.3C, it is possible to observe the different brain structures with their
flexible particle system. We selected one desired starting position for the catheter, qinit, on the brain
cortex and a target position, qgoal, for the left hemisphere and to manually perform an insertion from
qinit towards qgoal using a hand controller. For each insertionk (with 1 ≤ k ≤ 8), we evaluated the
average displacement of each brain structure’s centers.

For each frame f of the simulation we calculated:

• The penetration depth (∆depthf
) of the k insertion, as defined in Equation 4.1;

• The displacement (∆dispf
) of the CoM c of each brain structure ({BS}):

∆dispki,f =
∥∥cki,init − cki,f

∥∥ (4.4)

where cki,init represents the CoM position of the i bs when the PBN tip is at the start position qk
init;

conversely, cki,f represent the CoM position at frame f .

Subsequently, we computed the mean displacement averaging the displacements of the CoM in all the
frames f , all structures bsi, and all the experiments k.
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Brain deformation model validation We computed the displacement of points surrounding the catheter
inserted in one ovine brain to validate the calibration parameters. First, using ImFusion Suite [4], we
rigidly registered the post-operative MR (after catheter insertion) to the pre-operative one. After that, we
performed a non-rigid registration using the Demons algorithm [203] and normalized cross-correlation
(NCC) as a similarity metric. To obtain points for evaluation, we aligned the axes to the catheter cylin-
der on the post-operative image. Subsequently, we extracted the displacement field; on each plane, we
picked z = 1, ..., 5 equally distanced points on each side s = 1, ..., 4 of the hole created from the catheter
insertion. The deformation field is sampled from the perimeter of the cylinder hole created by the inser-
tion, visible on the MR. To select points on the perimeter, we set the viewing axes so that the z-axis is
in line with the insertion direction, shown in Figure 4.5A. Next, we selected 5 points on each side of the
cylinder hole in x− z plane (green points in Figure 4.5B) and y− z plane (orange points in Figure 4.5C)
resulting in 20 points in total. After that, we simulated the segmented ovine brain into the Unity scene
using the particle model (Figure 4.4D). ∀z, s we measured the displacements ∆dispkf (Eq. 4.2).

Mismatch and error The reference displacement and the calculated one of the mean displacements of
each z point in each side s were compared obtaining the mean displacement in the area around the
catheter insertion. In order to objectively compare the results obtained in the validation phase, the
Mismatch[mm] is calculated by computing the mean squared errors of the average displacements,
according to this equation:

Mismatch =

∑n
i=1 (dispreferencei − dispcalculatedi)

2

n
(4.5)

obtaining the error[%], according to this equation:

error =
Mismatch

max(disp)
(4.6)

Figure 4.5: Needle Deformation Field of in-vivo Insertion (A) To sample the deformation field, first
we set the viewing axes so that the z-axis is roughly parallel to the catheter insertion direction. (B)
Then we take our samples from the catheter hole boundary in the x-z plane (green points) (C) and y-z
plane (orange point).

4.4.3 Computational setup
The simulation environment was developed and tested in Unity 2019.2 using NVIDIA FleX on a work-
station equipped with an Intel Core i7 6800k processor, 32 GB RAM, Titan Xp GPU by NVIDIA Cor-
poration with CUDA 10.1.

4.5 RESULTS

4.5.1 White matter calibration
This section reports the results related to the calibration of the white matter simulation parameters and
their tuning. The curve shown in Figure 4.6A represents the temporal evolution of the average displace-
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4.5. RESULTS

Figure 4.6: Needle Displacement Results. (A) Displacement obtained for white matter on the calibra-
tion parallelepiped and comparison with the one obtained in [161]. (B) Heatmap representing the
displacement of the different deep gray matter structures at various insertion depths (the maximum
insertion depth reached is considered enough to be clinically relevant). (C) Five experiments report-
ing the deformation of the simulated ovine model (yellow) and the relative in-vivo reference (blue) as
a function of the insertion depth. The obtained errors are considered acceptable as they are under a
threshold fixed to 10%.
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4.6. DISCUSSION

Table 4.1: Adimensional parameters set for different brain structures as a result of the fine-tuning pro-
cedure

Flex
Objects

Particle
Spacing

Cluster Spacing
and Radius

Cluster
Stiffness

Link
Radius

Link
Stiffness

Amygdala 0.005 0.005 0.0005 0.005 0.001
Caudate 0.005 0.005 0.0005 0.005 0.001
Pallidum 0.005 0.006 0.0005 0.005 0.001

Hippocampus 0.005 0.005 0.0005 0.005 0.001
Thalamus 0.005 0.005 0.001 0.005 0.001
Ventricle 0.0065 0.0065 0.001 0.005 0.001
Putamen 0.0065 0.0065 0.0005 0.005 0.001

Gyri 0.0066 0.0066 0.002 0.009 0.001
Sulci 0.007 0.007 0.001 0.005 0.001

Brain Stem 0.007 0.007 0.0005 0.005 0.001
Cerebellum 0.006 0.006 0.002 0.0065 0.001

ment of all the particles situated at a depth of 31.4 mm within the tissue phantom. We computed the
displacements at a fixed interval of 0.34 mm while inserting the catheter. We compared this temporal
evolution with the one obtained in the experiment presented in [161]. We observed that parameter tuning
led to a deformation range comparable with the reference one, with an error equal to 6.16% (considered
acceptable under a threshold fixed to 10%).

4.5.2 Deep gray matter calibration
Tab. 4.1 reports the optimal values for cluster spacing, radius, and stiffness parameters obtained with the
fine-tuning procedure for the various brain structures. Figure 4.6B summarizes the effect of the catheter
insertion in the simulated deep gray matter. On the x-axis, we reported the various brain structures,
whereas the different insertion depths (i.e., the increment on the y-direction starting from the anterior
limit of the brain) are represented on the y-axis. Each cell of the grid provides the value of the particular
brain structure center’s displacement at the relative insertion depth. The shift of the structures obtained
with the calibration reflects the expected values reported in [161]. This suggests that a proper tuning of
the tissue deformation parameters has been performed.

4.5.3 Brain deformation model validation
We confronted the displacement obtained during five different catheter insertions simulated on our ovine
model and the ones obtained in the in-vivo experiments for the model validation. Figure 4.6C shows this
comparison considering the insertion depth. It can be noticed that the deformation ranges are comparable,
as shown by the mean mismatch of 4.73±2.15% obtained by computing the mean squared errors of the
average displacements (with an average re-planning latency of 0.02 sec). Hence, the model can be
applied to different types of datasets and represents a good surrogate for the modelization of deformation
induced by the catheter insertion in different cerebral areas.

4.6 DISCUSSION

This Chapter presents a model able to account for the brain’s dynamic behavior during keyhole neuro-
surgery. It is established that the accuracy of FEM results would benefit from using a higher mesh res-
olution, but this would come at the expense of degradation in computation time [287]. Conversely, the
mesh-free PBD approach has the advantage of avoiding the time-consuming generation of high-quality
meshes, which represents the major bottleneck in FEM simulations (especially in those involving large
deformations). Since we target a patient-specific context, this represents a relevant advantage because
the mesh would have to be constructed every time for each patient. Furthermore, thanks to its direct
manipulation of positions, the PBD approach can efficiently handle collision constraints. Probe-tissue
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4.7. CONCLUSION

interaction can thus be effectively treated as a collision problem, thus allowing to deal with any input
probe position without requiring the explicit definition of the contacting surface. The same does not
apply to FEM simulations, where the enforcement of contact constraints would introduce degradation of
the performances and stability issues. The proposed approach relies on the region-based shape match-
ing constraint to model large deformations of soft tissues. This implementation’s main drawbacks are
the dependence of the deformable behavior on time step size and iteration count and the fact that PBD
parameters do not have a direct physical meaning. The preliminary calibration of the main deformation
parameters on a distinct geometry was performed offline to find reasonable initialization values. Before
applying the deformation model, simulation parameters were refined with a fine-tuning procedure on
the final structures of interest to improve parameter values to describe patient-specific features. Indeed,
the PBD approach is controlled by a high number of parameters that, if fine-tuned, can provide a more
realistic simulation. We have demonstrated that by tuning a subset of parameters on a MCH phantom
can lead to matching real deformations. We obtained a PBD model able to replicate the typical behav-
ior of the brain. This is demonstrated by comparing the deformations produced by our model applied
to the ovine brain and the corresponding real deformations, obtaining an average error of 4.73%. This
fine-tuning process of all parameters is out of the scope of this work, and it will be explored in future
development. We expect that such parameters will be able to model another patient’s brain by simply
replacing the tuned meshes in the publicly available project with the new specific brain anatomical mod-
els. We do not expect that the chosen parameters (given in Table 4.1) will be able to model other parts of
the brain that were not tuned (e.g., subthalamic nucleus). However, with proper tuning of their values, it
will be possible to account for intra-brain variability. Overall, the stability and latency of the proposed
are satisfactory. To improve the stability of the simulated environment, it would be optimal to increment
the total number of particles (thus increasing the degrees of freedom) or force a particle to lie at the real
fiducials’ exact location.

4.7 CONCLUSION

Through this work, we have presented a realistic, time-bounded simulator that mocks brain deformations
during keyhole surgical procedures, where a catheter/needle is inserted into the brain. The simulator’s
numerical model has used a novel approach with respect to the literature, and it has proved to be a close
match with real brain deformations through validation using recorded deformation data of in-vivo animal
trials. The simulator represents a critical component for the development and training of AI systems such
as autonomous control or intra-operative path planners in the context of KN, which will be explored and
presented in future works. Future work could also extend the study to tumour tissue modelling, which
we preferred to avoid due to the complexity and heterogeneity in stiffness depending on tumour type
and location (e.g. adherence of tumour to the surrounding normal brain). In any case, there are many
studies in the SOTA [113,204] that could provide valid parameter initialisations, provided that real needle
insertions can then be performed in the tumours for the fine-tuning and validation of these parameters.
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CHAPTER5
Deep and Inverse Reinforcement Learning

Intra-operative Path Planning for Steerable Needle

This Chapter presents a safe and effective keyhole neurosurgery intra-operative planning framework for
flexible neurosurgical robots. The framework is intended to support neurosurgeons during the intra-
operative procedure to react to a dynamic environment. In this chapter we investigate Hypothesis 3,
proposing a system that integrates inverse reinforcement learning path planning algorithm combined
with 1) a pre-operative path planning framework for fast and intuitive user interaction, 2) a realistic, time-
bounded simulator based on Position-based Dynamics (PBD) simulation that mocks brain deformations
due to catheter insertion and 3) a simulated robotic system. Simulation results performed on a human
brain dataset show that the inverse reinfocement learning intra-operative planning method can guide
a steerable needle with bounded curvature to a predefined target pose with an average targeting error
of 1.34 ± 0.52 (25th=1.02, 75th=1.36) mm in position and 3.16 ± 1.06 (25th=2, 75th=4.94) degrees
in orientation under a deformable simulated environment, with a re-planning time of 0.02 sec and a
succes rate of 100% (Hypothesis 3.1). With this work, we demonstrate that the presented intra-operative
steerable needle path planner is able to avoid anatomical obstacles while optimising surgical criteria.
The results demonstrate that the proposed method is fast and can securely steer flexible needles with
high accuracy and robustness (Hypothesis 3.2). The application of the method resulted in a journal
paper [4]1 currently under review.

5.1 INTRODUCTION

The spread of the KN procedure is due to its capability to minimize patient trauma, risk of infection and
recovery time [8]. These features make KN applicable for a wide range of patients who are not suitable
for open surgery [107]. However, performing these procedures using traditional rigid needles may result
in the impossibility to reach targets without colliding with anatomical obstacles(e.g., bones) or sensitive
anatomical tissues(e.g., vital organs and vessels).

1Segato, A., Di Marzo, M., Zucchelli, S., Galvan, S., Secoli, R., and De Momi, E. Inverse Reinforcement Learning Intra-
operative Path Planning for Steerable Needle. IEEE Transactions on Biomedical Engineering (T-BME) (resubmitted after major
revisions on November 2021)
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5.2. RELATED WORK

Table 5.1: State of the art.

Authors Method Algorithm Intra
operative

Dynamic
env

Tissue
mod-
elling

Needle Clinical
aim

[191] Niyaz, 2018 GB LPA* YES NO NO CTN KN
[240] Segato, 2019 SB RRT* NO NO NO PBN DBS
[119] Hong, 2019 SB RRT* NO NO NO MFN DBS
[79] Favaro, 2018 SB BIT* NO NO NO PBN CED
[45] Caborni, 2012 SB RG-RRT YES NO NO PBN KN
[78] Fauser, 2018 SB RRT-Con YES NO NO FBN KN
[210] Pinzi, 2019 SB AHFT NO NO NO PBN CED
[209] Pinzi, 2021 SB EBB YES YES YES PBN CED
[25] Bano, 2011 MB GBO NO NO NO PBN KN
[146] Ko, 2012 MB GBO YES NO NO PBN KN
[273] Wankhede, 2019 MB heuristic YES NO NO FBN KN
[242] Segato, 2020 LB DQN NO NO NO PBN DBS
Presented approach LB IRL YES YES YES PBN KN

Over the last two decades, different research groups have focused their efforts on the development
of needles able to steer inside the tissue. These needles can perform curvilinear trajectories planned to
maximize the distance from sensitive anatomical structures to be avoided and reach targets otherwise
inaccessible via rectilinear insertion paths [42]. Differently from conventional needles, for which the
insertion path can be planned and performed by the clinician on the basis of the target location and
the patient anatomy, the complex kinematics of steerable needles make the path planning unbearable
requiring the aid of automatic or semiautomatic path planning solutions. The intra-operative accuracy
and robustness directly contribute to treatment outcomes and postoperative recovery.

Hence, there is a need to develop a robust path planning framework to further improve the robust-
ness in obstacle avoidance and risk management under the complexity and uncertainty in needle–tissue
interaction and needle/tissue deformation that facilitate large targeting errors.

5.2 RELATED WORK

A number of systems for planning KN interventions have been proposed to assist the surgeon in the
planning process. The main idea of these studies is to describe curvilinear trajectory planning methods
for risk reduction. Table 5.1 summarizes and compares the here presented related work in terms of
methodology, intra-operative applicability (some can only be used in pre-operative phases as they do
not have a re-planning strategy), type of validation (presence of a dynamic environment), validation
reliability (presence of brain tissue modelling), type of steerable needle used and the KN clinical aim.

GB methods

in [191], Niyaz et al. exploit a GB method called LPA*. LPA* can adapt to dynamic changes in the
graph without recalculating the entire graph. In this work, LPA* is used for efficient path re-planning of
CTN validated in-silico but without a proper dynamic environment and brain tissue modelling.

SB methods

In [240]2, an Rapidly-exploring Random Tree-star (RRT*) based path planner is proposed for a PBN
for DBS aiming to minimize the insertion length while maximizing the obstacle clearance. The same

2Segato, A., Pieri, V., Favaro, A., Riva, M., Falini, A., De Momi, E., and Castellano, A. (2019). Automated steerable path
planning for deep brain stimulation safeguarding fiber tracts and deep gray matter nuclei. Frontiers in Robotics and AI, (6, 70).
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5.3. OBJECTIVE

was done by Hong et al. [119] but for a MFN [205]. In [79], Favaro et al. proposed a solution, for
CED, based on a BIT-Star approach. These last three methods only proposed a pre-operative solution
without taking into account dynamics generated in a intra-operative environment. In [78], Fauser et
al. proposed a solution using an RRT-Con [151]. The proposed algorithm was validated in-silico but
without mocking intraoperative dynamics, accounting for uncertainty in needle–tissue interaction and
needle/tissue deformation.

Pinzi et al. in [210] proposed an AHFT approach that was developed and tested only for a pre-
operative neurosurgical scenario. This work was extended in [209] via a combination between AHFT
and BB for fast re-planning, named Extended Bubble Bending (EBB), taking into account tissue defor-
mations.

MB methods

in [25] Bano et al. presented a GBO method for generating pre-operative paths for neurosurgical FBN.
This method was later validated by Ko et al., in [146] where the performance of a 4-mm diameter PBN
was tested. Even in this work, during the in-silico validation, the framework didn’t consider a dynamic
environment. In [273], a heuristic-based search algorithm is introduced to find an optimal path of the
needle for neurosurgical TA.

LB methods

In [242]3, Segato et al. implemented a DQN algorithm, to create a path planning model, able to gen-
eralize on different patients anatomies. The proposed method achieves state-of-the-art performances in
terms of obstacle avoidance, trajectory smoothness and computational time, proving this algorithm as a
valid pre-operative planning method for complex environments, but still not accounting for tissue defor-
mations as in a real clinical scenario.

In the field of path planning for steerable needles, applied to other surgical interventions, LB are
being used. In [159], proposed by Lee et al., a DQN algorithm is utilized to learn the control policy
for needle steering with needle-tissue interaction. In [254], Tan et al. proposed an approach for biopsy
and radio-frequency ablation. They proposed a multi-goal DQN to overcome the difficulties in uncertain
needle–tissue interactions and enhance the robustness of robot-assisted insertions process. In [286], You
et al. implemented a RL method, to manipulate a catheter to reach a target in a simulated environment and
subsequently control a catheter in a real clinical setting. DRL algorithms, such as DQN, received more
attention, and there are increasing applications of these in robot path planning [90]. The agent obtains
knowledge through the exploration of an environment and learns using a process of trial and error. The
DRL method shows advantages in path planning because it requires less prior information about the
environment. So, where the environment is difficult to model, a RL approach proves its advantage. In
the field of ML, many types of research have been conducted to combine LfD with RL generating an
IRL algorithm [20]. Using policies trained from human demonstrations to initialize RL, while updating
them through interacting with the environment, could efficiently reduce the time for policy optimization.

5.3 OBJECTIVE

This study investigates DRL and IRL methods for intra-operative re-planning where dynamics gener-
ated by needle-tissue interaction in a KN procedure were accounted. Unlike SOTA algorithms, such
as FEM [120] and Mass-Spring Model (MSM) [98], the dynamic information linked to targets and ob-
stacles, predicted with a PBD approach, can reduce the needle insertion errors. The advantages of the
proposed learning based planning algorithms are the following. DRL and IRL realise sequential decision
making under uncertainties through end-to-end learning without explicitely for modelling the system
uncertainty. With the introduction of manual demonstration with the IRL approach, human expertise is
embedded in the planning system. As a case study, we integrate the proposed planning models into a

3Segato, A., Sestini, L., Castellano, A., and De Momi, E. (2020, May). GA3C reinforcement learning for surgical steerable
catheter path planning. In 2020 IEEE International Conference on Robotics and Automation (ICRA) (pp. 2429-2435). IEEE.
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5.4. MATERIALS AND METHODS

simulated framework that consists of a PBN and we treat the needle as a particle system. The proposed
method is therefore generalisable to other steerable needles, which can be represented as particle sys-
tems. The experiments are designed to validate the effectiveness of the proposed algorithms in terms of
Target Position Error (TPE), Target Orientation Error (TOE), Success Rate (SR) and Re-planning Time
(RT). Moreover, the fact our intra-operative path planning framework can be efficiently integrated into
a robotic system for needle steering provides that the algorithm can work in a practical clinical sce-
nario. This work can be used to develop a virtual training system and assist the surgeon in planning
intra-operative paths.

5.4 MATERIALS AND METHODS

5.4.1 Moving Agent - Flexible needle
Let us consider the PBN as the agent, Figure 5.1A. It is assumed that the motion of the needle tip
fully determines the motion of the needle ("follow-the-leader" deployment) with a combination of the
translation along the z axis and the rotation about the x and y axes. The pose of needle segment is defined
as: qneedle = [x, y, z, α, β, γ]T , with α, β, γ the angles around the x,y and z axes respectively.

The agent configurations are described by poses, denoted as 4× 4 transformation matrices:

qagenti =

(
R(qneedle) p(qneedle)

0T 1

)
(5.1)

where p(qneedle) = [x, y, z]T ∈ R3 is the agent position and R(qneedle) = [α, β, γ]T ∈ SO(3) is the
orientation. Where SO(3) is the group of all rotations about the origin of three-dimensional Euclidean
space R3 under the operation of composition [71].

5.4.2 Dynamic Environment - Needle-Tissue and Tissue-Tissue interactions
For the construction of the simulated "3D Dynamic Environment", Figure 5.1B, let us define:

• The “configuration space", C-space, as the set of all the possible t “agent configurations”, qagentt ,
with t ∈ C-space.

• The “obstacle space", Cobst ⊂ C-space, as the space occupied by obstacles.

• The “free space" Cfree ⊂ C-space, as the set of possible agent configurations, qagent ∈ Cfree;
qagent ∋ Cobst.

• The “start configurations" qstartk ∈ Cfree with k ∈ 1..N

• The “target space" Ctarget ⊂ Cfree, that is a subspace of “free space" which denotes where we
want the catheter to move to, and the “target configuration" qtarget ∈ Ctarget.

The advantage of a re-path planner is accounting for real-time information of needle-tissue interac-
tions, such as the movements of the target space Ctargett and configuration qtargett , and the obstacles
space Cobstt . PBD approach computes the time evolution of a dynamic system by directly updating po-
sitions, as first described by Müller et al. in [188]. Simulated brain structures are discretized as clusters
of particles described by their positions pi and velocities vi, subject to a set of positional constraints
Cj(pi, ...,pn) ≥ 0. We remind the reader of our work [238]4 for further details on the numerical model
that mocks brain deformations during keyhole surgical procedures.

4Segato, A., Di Vece, C., Zucchelli, S., Di Marzo, M., Wendler, T., Azampour, M. F., ... and De Momi, E. (2021). Position-
based dynamics simulator of brain deformations for path planning and intra-operative control in keyhole neurosurgery. IEEE
Robotics and Automation Letters.

81



i
i

“output” — 2021/11/18 — 15:47 — page 82 — #118 i
i

i
i

i
i

5.4. MATERIALS AND METHODS

Figure 5.1: Agent and Dynamic Environment A The moving agent kinematic constraints are: the
catheter diameter (dout) and the maximum curvature (kmax) that it can perform. At t− th time step
it can translate (pagentt ) and rotate (Ragentt ), from its configuration, qagentt . B The environment is
represented by a brain structure, the obstacle space (Cobst), the free space (Cfree).

5.4.3 Problem: intra-operative path planning
The path planning problem is described as follows: we define k steps with k = 1 : N . Given the “start
configurations" qstartk and a “target configuration", qtargett . Since the motions of target and obstacles
need to be considered, the configuration of needle-tissue interaction are also provided (Ctargett and
Cobstt ). The procedure of needle insertion is divided into n time sequences. The outputs of the algorithm
is a path, as an admissible sequence of “agent configurations":

Qintra
k = {qagent0 , qagent1 , ..., qagentn−1

} (5.2)

where n = #Qintra, qagent0 = qstartk , and qagentn−1
= qtargett .

5.4.4 Actions and Observations
The agent at every t− th time step can take an action at = [x, y, z, α, β, γ], moving towards the target,
qtarget, with a combination of the translation along its z axis and the rotation about its x and y axes.
Actions moving the agent toward obstacles, Cobst or outside the Env, Cfree, are considered inadmissible.

At every action, at, the agent collects observations, ot, which corresponds to:

• the cumulative steps number t

• an obstacle collision qagentt ∈ Cobstt

• the achievement of the target qagentt == qtargett + tol, where tol represent a certain tolerance
(e.g. for minimally invasive neurosurgical treatment we can set a tol of 2.5 mm).
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5.4. MATERIALS AND METHODS

• how the target is reached i.e. the Euclidean difference between the needle’s final position (p(qneedle)
and the target position (p(qtarget)), TPE = ∥p(qtarget)− p(qneedle)∥

.

5.4.5 Reward Function
The reward function, R(τ) = rt, associated with each time step, t, is shaped in order to make the agent
learn to optimize the path, according to three main requirements:

• agent steps number minimization

• obstacle avoidance

• target position error minimization

The reward rt is defined as:

rt =


rstepmax

if t ≥ tmax

robst + rstep if qagentt ∈ Cobstt

rtarget + rTPE + rstep if qagentt == qtargett

rstep otherwise

(5.3)

• A negative reward, rstepmax
, is given if the the cumulative steps number (t) overcomes the prede-

fined maximum number of steps allowed (tmax).

• A negative reward, rstep = − 1
tmax

, is given at each step t of the agent in order to obtain a reduction
in the computational time.

• A negative reward, robst, is given if a collision is detected between the agent (qagentt ) and the
obstacles (Cobstt ).

• A positive reward, rtarget, is given upon reaching the target (qtargett ).

• A negative reward is given, rTPE = −∥p(qtarget)− p(qneedle)∥, upon reaching the target in
order to minimize the difference between the target (p(qtarget)) and the catheter final position
(p(qneedle)).

The optimal parameters of the rt, obtained with an empirical method, are reported in Table 5.2.

Table 5.2: Reward Function parameters values

rstepmax robst rtarget tmax

-1 -1 +3 5000

5.4.6 DRL and IRL Model Construction
We want to design a robust intra-operative policy that can achieve the target configuration qtargett from
k = 1 : N different starting configuration, qstartk . At every time step t of the intra-operative procedure
the trained model takes in input the current position of the agent (qagentt ) and the observations (ot) and
performs an action (at) according to the policy (π). In response, the agent receives in output from the
model the next state qagentt+1 .

Three different approaches were investigated to train the policy generating 1 DRL-based model,
based on Soft Actor Critic (SAC) (explained in Appendix 8.5.1), and 2 IRL-based models, both based on
Proximal Policy Optimization (PPO) (explained in Appendix 8.5.2), to train a controlling policy based
on expert trajectories with a GAIL approach (explained in Appendix 8.6.1). The three approaches are
detailed here below.
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Figure 5.2: Models Construction A The SAC model is trained estimating the policy (π) and value func-
tion in every epoch, using the actual policy to interact with the environment, performing action at
taking observation ot, calculating the TDerror and returning the action probability density function.
B PPO control policy, modelled as a NN (actor) and a second NN for estimating value functions
(critic). C The PPO+GAIL+camera model is trained through a loop that starts with paths generated
by an expert ({QManual}) and paths ({QG}) performed by the network generator. With a GAIL
approach, a discriminator with its network, taking in input the expert and generator policies (πE and
πθ), makes a comparison of these two paths generating an intrinsic reward (rin), updating the agent’s
policy (π). The loop continues until the generator, moving in the environment with actions (at), col-
lecting observations with a visual encoder based on a CNN and computing an extrinsic reward(rex),
can produce a path similar to the expert’s demonstrations and that respects the kinematic constraints.
D The PPO+GAIL+raycast model is trained as the model described in C, with the only difference
being that the observations’ nature is not visual but binary (collision or no collision).
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Figure 5.3: The simulation framework architecture is composed by the “Segmentation” module that
takes in input the patient dataset (MRI and CT) and gives in output the withe matter, target (target)
and obstacles (obst) segmented meshes. The segmented meshes are the input of the “PDB simu-
lator” of brain tissue deformation, that produces in output a (1) static environment composed by
the target space and the obstacle space (Ctarget, Cobst) which are the input together with expert
manual demonstration (Qmanual), start (qstart) and target (qtarget) configuration and kinematics
constraint(kmax) of the (2) “Training” the (3) "Pre-operative path planning” modules. The (2) and
(3) returns respectively the trained model and the pre-operative path (Qpre) both input of the (4)
“Intra-operative path planning ” module. At this point the (4) can start to interact with a Dynamic
Environment (5) sending the agent current configuration (qagentt ) and generating (6) the agent next
step (qagentt+1 ). This configuration is sent to the “Motion Control” module, which estimates the
curvature the needle as to achieve(Kdest ) translated into the motion of the PBN. The configuration
of the robot is registered by the sensors in the form of curvature(krealt ) and translated as the real
configuration of the tip (qrealt+1

). The estimation of the real tip configuration allows computing the
(7) error with respect to the agent configuration previously computed (qagentt+1

). This error affects
the (8) fast re-planning that, in combination with the trained model, returns (4) the new configuration
the needle has to achieve performing re-positioning, taking account of the committed error and trying
to predict the future bias. The procedure continues in a loop until the target is reached or an obstacle
is touched.

SAC model

During every epoch in the SAC model training, shown in Figure 5.2A, the actual agent policy (π) interacts
with the environment moving in it with action (at), collecting observations (ot), and computing a reward
(rt). After this, ot and rt are used to estimate a value for the temporal difference error (TDerror) [149],
that is used to weigh the π, optimizing it in the directions of the actions that decrease the TDerror value.

PPO+GAIL+camera model

The PPO+GAIL+camera model relies on the PPO policy (Figure 5.2B). The PPO+GAIL+camera model,
represented in Figure 5.2C, is based on the classic GAIL paradigm in which the RL-based generator net-
work is represented by the PPO control policy and the observations’ nature is visual, as successfully
applied in several vision based navigation approaches [37]. For this reason, a visual encoder (a CNN)
is used to feed information from the camera sensor to the actor NN. With a GAIL approach, the dis-
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5.4. MATERIALS AND METHODS

criminator network, taking in input the expert and generator policies (πe and πθ), makes a comparison
of these two paths generating an intrinsic reward (rin) based on similarity score, updating the agent’s
policy (π). The loop continues until the generator, moving in the environment with actions (at), col-
lecting observations, and computing an extrinsic reward (rex), can produce a path similar to the expert’s
demonstrations.

PPO+GAIL+raycast model

The PPO+GAIL+raycast model, shown in Figure 5.2D has the same structure of the PPO+GAIL+camera
model with the difference that the observations’ provided by the raycast, working as sensor, is not image
based but binary input (collision or no collision).

5.4.7 Simulation Framework
The framework architecture shown in Figure 5.3 demonstrates the major process of implementing the
proposed path planning system based on DRL or IRL, including segmentation and 3D mesh model
construction, soft tissue modelling, agent training, pre-operative phase, intra-operative phase with fast
re-planning and motion control. However, the proposed intra-operative algorithm could adapt other
workflows with different clinical procedures.

Segmentation

Anonymized medical images (MRI/CT) of a healthy subject from a patient dataset acquired within the
context of the Horizon 2020 EDEN2020 European project [49] were segmented (FreeSurfer Software)
(A Healthy patient dataset was used with the intent to have a generic dataset to avoid the overfitting
of the obtained model on a subject-specific pathological brain tumour environment). We performed
segmentation of the white and grey matter (Cfree) and key anatomical structures, such as the brain
vessels and ventricles (Cobst) as mesh objects. Then the 3D models of relevant structures (white matter
and obstacles) were constructed (3D Slicer Software).

PBD simulator

We used the GPU-based particle simulation NVIDIA FleX library for real-time needle-tissue and tissue-
tissue PBD modelling of the brain, as described in details in [238]5.

Training DRL and IRL models

Our setup consists of pre and intra-operative path planning simulator based on Unity Game Engine with
the training phase involving learning with SAC and mimicking the learned expert policy (πE), taking in
input the expert manual path (Qmanual), with PPO+GAIL, in order to obtain a trained model. Table 5.3
and Table 5.4 present the training parameters values referred to the SAC and PPO+GAIL models.

Pre-operative path planning

The trained model is firstly used to obtain the pre-operative path (Qpre). Considering in input the entry
configuration (qstart), the target configuration (qtarget), the curvature kinematic constraint (kmax) and
the static environment constituted by obstacles (Cobst) and the target structure (Ctarget).

Intra-operative path planning

As presented in Algorithm 4 and illustrated in Figure 5.4 the intra-operative planning takes as input the
first pose of the pre-operative path (qref0 ), the maximum number of steps allowed (tmax), and the update
frequency (tupdate) of the agent’s configuration, qagentt , with respect to the robot’s configuration, qrealt .

5Segato, A., Di Vece, C., Zucchelli, S., Di Marzo, M., Wendler, T., Azampour, M. F., ... and De Momi, E. (2021). Position-
based dynamics simulator of brain deformations for path planning and intra-operative control in keyhole neurosurgery. IEEE
Robotics and Automation Letters.
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Table 5.3: SAC training parameters

Parameter Value
max steps 1.0e6
batch size 32
buffer size 5.0e5
init-entcoef 0.5

strength 1.0
gamma 0.9

memory size 256
sequence length 128

Table 5.4: PPO+GAIL training parameters

Parameter Value
beta 5.0e-4

max steps 1.0e5
batch size 64
buffer size 256
strength 1.0
gamma 0.99

curiosity strength 0.02
curiosity encoding size 128

GAIL strength 1.0
GAIL gamma 0.99

GAIL encoding size 128

The process starts by setting the initial configuration of the agent (qagent0 ) to the initial configuration of
the pre-operative path (qref0 ). For each step (t), until the ending conditions (target reached or obstacle
collided) are not met:

• The dynamic environment is updated with the PBD algorithm by returning the new position and de-
formation of the obstacles (Cobstt ), target structure (Ctargett ) and target configuration (qtargett ).

• The trained model returns the next step of the agent (qagentt+1
) considering the updated environ-

ment and the current configuration of the agent.

• Every tupdate step, the agent configuration is updated with the real configuration of the robot
(qrealt+1

) and the re-positioning of the agent is performed qagentt ← qrealt .

• Finally, the output is the intra-operative path, Qintra.

Motion control

During the intra-operative planning, the agent’s configuration is sent to the Motion control module (based
on the mechanics-based model for 3-D steering of programmable bevel-tip needles proposed in [234]),
which estimates the curvature the needle as to achieve (kdest ). The insertion robot motor places the
needle in the estimated configuration by the trained model. The estimation of the real tip configuration
allows computing the error with respect to the previously computed desired configuration. This error
affects the fast re-planning that, in combination with the trained model, returns a new configuration the
needle has to achieve, taking into account the committed error and trying to predict the future bias. The
procedure continues in a loop until the target is reached or an obstacle is collided.

Simulated system components

The PBN is a passive catheter with a finite orientation velocity and a bio-inspired insertion mechanism.
Particularly, the offset measured at the tip between its four segments influences its bending direction.

5.4.8 Integration into Robot Operating System
In order to establish the communication between the planning model developed in Unity and the medical
device Robotic Operating System (ROS) ROS Sharp (ROS#) was used. ROS# is a set of open-source
software libraries and tools in C# for communicating with ROS from .NET applications, in particular
Unity.
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Figure 5.4: The intra-operative path, Qintra, starts in qagent0 which coincides with the real robot
initial configuration (qreal0 ), the pre-operative path (Qpre) initial configuration (qreal0 ) which in
turn coincides with the selected starting configuration (qstart0 ). The intra-operative path planning
algorithm generates a new configuration (qagentt ) at every t step, most of the time different from
(qreft ) due to the real robot configuration (qrealt ), where the agent perform re-positioning updating
its current configuration with the real robot configuration qagentt ← qreft . The last configuration
(qagentn−1 ) reaches the target configuration and space (qtargett and Qtargett ), avoiding obstacles
(Qobstt ), all deformed with respect to the initial configurations due to the simulated brain deforma-
tion.

5.4.9 Hardware Specification
We performed our experiments on a Windows machine equipped with a 6-core i5-9500 CPU (3.00 GHz),
16GB of RAM and 1 NVIDIA GeForce RTX 2060 SUPER GPU.

5.5 EXPERIMENTAL SETUP

5.5.1 Experimental protocol
As analysed, in Section 5.2, the only approach that presents a complete validation of the pre-operative
path planning procedure with a static environment and intra-operative path planning procedure with a
dynamic environment, for a KN steerable needle, is the EBB method recently proposed by Pinzi et
al. [209]. This represented our SOTA. We recreated the same experimental setup used in [209], and
performed the same number of experiments, performing 5 pre- and intra- operative path planning proce-
dure on a healthy subject taken from the same dataset, starting from the same entry configurations and
arriving at the same target configurations.
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Algorithm 4 Intra-operative path planning
Input: qref0 , tmax, tupdate
Output: Qintra = {qagent0 , ...,qagentn−1

}
1: Qintra ← {qref0}
2: t← 0 // step counter
3: target← false // target reached
4: obstacle← false // obstacle collided
5: qagent0 ← qref0

6: while ¬target and ¬obstacle and t ≤ tmax do
7: Cobstt , Ctargett ,qtargett ← PBD(qagentt)
8: qagentt+1

← MODEL(qagentt , Cobstt , Ctargett )
9: if qagentt+1

== qtargett then
10: target← true
11: else if qagentt+1 ∈ Cobst then
12: obstacle← true
13: else if t == tupdate then
14: qrealt+1

← ROBOT(qagentt+1
)

15: qagentt+1 ← qrealt+1

16: t← 0
17: end if
18: t← t+ 1
19: qagentt ← qagentt+1

20: Qintra ← Qintra + qagentt

21: end while
22: return Qintra

Training

As shown in Figure 5.5 the training phase, for SAC and PPO+GAIL models, takes in input m start
(qstartm ) and target (qtargetm ) configurations and expert manual path (Qmanual

m ) (with 1 ≤ m ≤ 70),
the #m is obtained by combining the demonstrations provided by three expert users. At every episode,
a new qstartm was chosen among the available ones along with its relative qtargetm .

Pre-operative

The pre-operative analysis was performed in a static environment without the link with the needle steer-
ing robot (or its simulator) to test the ability of the models to generate a feasible path. For all the
proposed approaches SAC, PPO+GAIL+camera and PPO+GAIL+raycast the pre-operative phase takes
in input k qstartk and qtargetk , (with 1 ≤ k ≤ 5) and the kinematic constraints of the moving agent,
dout = 2.5mm and kmax = 0.007mm−1 (according to the PBN kinematics constraints) and produces
k pre-operative path (Qpre

k ).

Intra-operative

On the other hand, the intra-operative protocol involved the needle steering robot simulator and a dy-
namic environment. In addition to the proposed approaches, we compared our learning-based methods
with a sampling-based method, EBB [209], which uses the same experimental setup and shows compa-
rable functionality and performance as analysed in Section 5.2. The produced pre-operative paths Qpre

k ,
together with the maximum number of steps allowed (tmax) and the update frequency (tupdate) are the
inputs of j experiments, EXP j (with 1 ≤ j ≤ 2), where EXP 1 correspond to experiments without
reposition of the robot during the procedure while EXP 2 corresponds to experiments simulating the
repositioning of the robot. Finally the output of each approaches are the intra-operative paths: QSAC,j

k ,
QGAIL+C,j

k , QGAIL+R,j
k and QEBB,j

k .
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Figure 5.5: Experimental protocol. The training phase, for SAC and PPO+GAIL models, takes in input
m start (qstartm ) and target (qtargetm ) configurations and expert manual path (Qmanual

m ) (with
1 ≤ m ≤ 70). For all the proposed approaches SAC, PPO+GAIL+camera, PPO+GAIL+raycast
and EBB the preoperative phase takes in input k qstartk and qtargetk , (with 1 ≤ k ≤ 5) and
the kinematic constraints of the moving agent, dout and kmax and produces k pre-operative path
(Qpre

k ). The produced paths Qpre
k , together with the maximum number of steps allowed (tmax) and

the update frequency (tupdate) are the inputs of j experiments, EXP j (with 1 ≤ j ≤ 2), where
EXP 1 correspond to experiments without reposition of the robot during the procedure while EXP 2

corresponds to experiments simulating the repositioning of the robot. Finally the output of each
approaches are the intra-operative paths: QSAC,j

k , QGAIL+C,j
k , QGAIL+R,j

k and QEBB,j
k .

5.5.2 Validation

For each pre-operative path, Qpre
k , and intra-operative path, Qintra

k , the quantitative analysis considers
the following four indexes:

The re-planning time (RT [sec])

i.e. average computational time spent by the re-planner to calculate a new trajectory:

RT =
1

N

∑
(T k

update − T k
real) (5.4)

where T k
update represents the time at which the replanner has calculated the new trajectory, T k

real the time
at which the replanner has received the information about the real catheter position, N the total number
of trajectory updates, and k the number of the specific update.
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The success rate (SR[%])

i.e. the ratio between insertions reaching the target and the total number of simulated insertions:

SR =
Itarget
Itot

(5.5)

where Iwin represents the number of the insertions reaching the target qtarget, and Itot the total number
of insertions. This is a measure of the algorithm’s robustness in reaching the target within the anatomical
constraints.

The target orientation error (TOE[°])

i.e. the difference between the needle’s final orientation and the target orientation:

TOE = arccos (fwtarget · fwneedle) ∗
180

π
(5.6)

where fwtarget and fwneedle representing the 3-D normalized forward vectors of the target and the
needle, respectively, at the end of the simulation. Given the 3× 3 rotation matrices Rtarget and Rneedle

representing the orientation of target and needle respectively, the forward vectors represent the third
column of the matrices in a z − forward world coordinate system: fwtarget = Rtarget[001]

T and
fwneedle = Rneedle[001]

T

The target position error (TPE[mm])

i.e. the Euclidean difference between the needle’s final position (p(qneedle) and the target position
(p(qtarget)):

TPE = ∥p(qtarget)− p(qneedle)∥ (5.7)

Moreover, for each intra-operative path, Qintra
k , the quantitative analysis considers three additional in-

dexes:

The total length of the path (dtot [mm])

i.e. the total distance covered by the insertion from the starting configuration to the target configuration:

dtot =

n−1∑
t=0

d(p(qneedlet)p(qneedlet+1)) (5.8)

where the distance, d, between any two configurations can be calculated based on the Euclidean distance:

d(p(qneedlet)p(qneedlet+1)) =
∥∥p(qneedlet)− p(qneedlet+1)

∥∥ (5.9)

with t ∈ 1, ..., n, n = #Qintra
k

The minimum distance from obstacles (dmin [mm])

i.e. the minimum distance of the path from the nearest obstacle indicating the level of safety, calculated
as the minimum length between a line segments connecting two consecutive configuration of the path
and the closest obstacle, such that:

dmin = min{d(p(qneedlet)p(qneedlet+1),pobstj )} ∀t, ∀j (5.10)

given the the line segment (p(qneedlet)p(qneedlet+1)) and the m obstacles represented by the occupied

configurations Tobstj =

(
Robstj pobstj

0 1

)
with j ∈ 1, ...,m, m = #Cobst
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The average distance from obstacles (davg [mm])

i.e. the average distance (davg) of the path from all the nearest m obstacles, that is calculated over the
whole length of the path with respect to all the obstacles, such that:

davg =
1

n ·m

n∑
t=1

m∑
j=1

d(p(qneedlet)p(qneedlet+1),pobstj ) ∀t, ∀j (5.11)

5.6 RESULTS

Concerning pre-operative results, Table 5.5 shows a comparison between SAC, PPO+GAIL+camera and
PPO+GAIL+raycast in terms of TPE, TOE and SR calculated over the Qpre

k . The re-planning time is not
reported because in the pre-operative simulation there is no catheter re-positioning. Both the PPO+GAIL
approaches keep a lower TPE and TOE and a greater SR than the SAC approach.

Table 5.5: Pre-operative results

Method TPE(mm) TOE(mm) SR

25th avg 75th std 25th avg 75th std (%)

QSAC
k 3.44 4.48 5.53 2.94 13.68 14 14.35 0.94 20

QGAIL+C
k 0.18 0.22 0.32 0.1 5.87 7.82 10.94 3.01 100

QGAIL+R
k 0.15 0.16 0.18 0.06 6.33 8.69 11.91 3.2 100

Concerning intra-operative results, shown qualitatively in Figure 5.6A, Table 5.6 shows a quantitative
comparison between SAC, PPO+GAIL+camera, PPO+GAIL+raycast and EBB in terms of TPE, TOE,
SR and RT calculated over the Qintra

k . SAC failed in performing all the insertion with SR of 0%,
for not reaching the target. As a consequence values of TPE and TOE for SAC cannot be computed
(/). Both the PPO+GAIL approaches keep a greater SR than the SAC approach. Additionally, the
PPO+GAIL+raycast keeps a lower TPE and TOE than the PPO+GAIL+camera, above all when re-
positioning is introduced. Finally, the PPO+GAIL+raycast approach keeps comparable performance,
with respect to the EBB approach concerning the TPE and TOE, in accordance with fixed tolerance
values of 10◦ and 2.5 mm set arbitrary defined by [209] for this kind of experiments, but keeping a
higher SR and an extremely lower RT. Figure 5.6B shows a representation of the performance metrics
TPE, TOE, dmin, davg and dtot.

Table 5.6: Intra-operative results

Method Re-pos TPE(mm) TOE(mm) SR RT

25th avg 75th std 25th avg 75th std (%) (s)

QSAC
k no / / / / / / / / 0 /

QGAIL+C
k no 1.00 1.58 1.63 0.73 2.12 3.51 4.95 1.52 100 /

QGAIL+R
k no 0.93 1.52 1,55 0.89 2.00 3.15 4.94 1.81 100 /

QSAC
k yes / / / / / / / / 0 0.02

QGAIL+C
k yes 1.90 2.44 2.95 0.96 1.91 2.87 3.31 1.22 100 0.02

QGAIL+R
k yes 1.02 1.34 1.36 0.52 2.00 3.16 4.94 1.06 100 0.02

QEBB
k yes / 0.65 / 0.46 / 3.25 / 5.23 93.6 0.02

Concerning the obstacle avoidance of the intra-operative results, Table 5.7 and Figure 5.6C show
a comparison between PPO+GAIL+camera, PPO+GAIL+raycast and EBB in terms of davg , dmin and
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Figure 5.6: Results A Pre-operative path, Qpre
k (red), and Intra-operative results, Qintra

k plotted as a
function of the path, k, for qualitative comparison (intra-operative tests were conducted on a total of
5 path, with 1 ≤ k ≥ 5). The intra-operative path is reported for each approach: QGAIL+PPO+ray

k

(blue), QGAIL+PPO+cam
k (green), QEBB

k (black). B Shows TOE, TPE, dmin, davg and dtot. C
Shows a comparison between GAIL+PPO+ray, GAIL+PPO+cam and EBB approach in KN envi-
ronment. The results for both considered scenarios and used approaches are reported in terms of
the minimum distance (dmin) and the average distance (davg) distance from the critical obstacles,
the total path length (dtot) calculated over the k paths for each approach. P-values (*≤0.05 and
n.s.≥0.05) were calculated using Wilcoxon matched-pairs signed-rank test.

dtot calculated over the Qintra
k . The PPO+GAIL+raycast approach keeps a greater dmin and significantly

greater davg (p-value < 1.29e−04) from obstacles and a similar dtot than the EBB approach.

Table 5.7: Intra-operative obstacles avoidance

Method Re-pos davg (mm) dmin (mm) dtot (mm)
PPO+GAIL+camera yes 33.43 ± 6.42 1.88 ± 0.02 44.63 ± 7.86
PPO+GAIL+raycast yes 35.61 ± 6.35 2.17 ± 0.63 44.65 ± 7.88

EBB yes 30.32 ± 6.75 1.79 ± 0.69 44.73 ± 7.91

5.7 DISCUSSION

The proposed path planning framework trained with the PPO+GAIL+raycast proposed approach can:

• Rapidly identify the finest surgical pre-operative path
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• Simulate a realistic brain soft tissue deformation

• Be fast and can securely steer flexible needles with high accuracy and robustness

• Work adequately in dynamic intra-operative real-time scenario

TOE and TPE outcomes respect the corresponding tolerance values of 10° and 2.5 mm set for this type of
experiment. dmin, davg outcomes demonstrated that the GAIL algorithm can securely steer in dynamic
real-time scenarios. The outstanding value of RT provides that the GAIL algorithm can work adequately
in dynamic real-time scenarios. Moreover, the results obtained are close to the already tested Extended
Bubble Bending ones, supporting its possible application in intra-operative neurosurgical procedures.
Finally, SR underlines the goodness of the proposed method. The comparison between our method and
the direct optimisation method (EBB) shows that, in a dynamic environment and during intra-operative
planning, where the time of execution is of the essence, the proposed method is more efficient in terms
of re-planning time. The planner can avoid both static and dynamic obstacles without prior information
about the environment. Moreover, contrary to methods based on direct optimisation, the space and time
complexity of the proposed approach do not grow with the dynamicity.

5.8 CONCLUSION

The presented work assessed the performance of a new online steerable needle path-planner, based on
an IRL approach, able to avoid anatomical obstacles while optimizing surgical criteria. This method
is particularly suited for surgical procedures demanding high accuracy on the desired goal pose under
tissue deformations and real-world inaccuracies.

Although our work has verified the effectiveness of IRL methods in KN path planning problems,
there are a number of issues that need to be carefully resolved before these methods can be meaningfully
implemented in a clinical setting. Existing IRL methods require an accurate model to be given before-
hand or estimated from data. This is infeasible when such a model is lacking, or accurate estimation
of the model is infeasible directly from expert demonstrations, particularly in clinical settings where the
model always involves a large volume of continuous states and actions. It is thus valuable to apply IRL
methods that are capable of estimating the rewards and model dynamics simultaneously. These issues
are left for our future work together with the design of the control strategies necessary to achieve the
planning behaviour in a high-fidelity simulation or a real surgical planning task. Since the state of the
environment may not be perfectly observed by the agent, one may have to use a framework of partially
observable Markov Decision Process for decision making under conditions of measurement uncertainty
of the true state of the environment.
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CHAPTER6
Toward Autonomous Control of Needle Steering

Systems: An Inverse Reinforcement Learning
Approach

Robotic-guided needles aim to reach a predefined target accurately by controlling the deflection of the
needle tip during insertion. In doing so, they can reduce trauma to the patient by avoiding sensitive re-
gions and increasing positioning accuracy. This class of needles has complicated kinematics than straight
needles, often requiring complex control strategies to model the needle-tissue interaction. In this chapter
we investigate Hypothesis 4, implementing an inverse reinforcement learning method to achieve an au-
tonomous control of the tip pose. Using a generative adversarial imitation learning approach, this study
aims to show that such a robot can learn to manipulate a catheter to reach a target in a simulated envi-
ronment and subsequently control a catheter in an actual environment. A series of in-silico and in-vitro
needle insertion experiments are performed in order to validate the controller performance in terms of
success rate and targeting accuracy. Through these experiments, the study verifies that a learning model
can be implemented in a robot system to control a biologically inspired 3d steering needle (Hypothesis
4.1, Hypothesis 4.2). The application of the method resulted in a journal paper [5]1 currently under
review.

6.1 INTRODUCTION

MIS involves numerous surgical techniques which significantly limit the incision size and subsequently
reduce the risk of infection, blood loss, and wound healing time. Therefore, MIS is applicable for a wide
range of patients who are not suitable for open surgery [89]. Needle insertion is one of the most crucial
clinical approaches in MIS for biopsy, ablation, brachytherapy and fluid delivery and extraction treat-
ments. The success of these procedures is defined by the accuracy in reaching the target while avoiding
critical vital structures (e.g. vessels). In the past decade, steerable needle systems have been introduced
to achieve high position accuracy at the target, reduce trauma to the tissue by avoiding puncturing critical

1Autonomous Control of Needle Steering Systems: An Inverse Reinforcement Learning Approach. IEEE Transactions on
Robotics (T-RO) (submitted on August 2021)
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organs, an extensive analysis of their design can be found in [263]. This is of particular importance in
KN, where straight line trajectories can be undesirable for, e.g., deep brain stimulation due to anatom-
ical reasons, as targets can be blocked by eloquent brain tissue [70]. KN procedures can be aided by
steerable devices, as such devices can accurately achieve brain target placement, increase the workspace
of the needle, as well as avoid critical areas or obstacles along the way, including nerves, vessels and
bones [195]. However, similar to other percutaneous approaches, the accuracy and robustness of flexible
needle insertions are limited by unmodeled properties which affects the control of these system during
the insertion (e.g. tissue deformation, tissue–needle interaction, etc.) [8]. The needle insertion accuracy
and robustness directly contribute to treatment outcomes and postoperative recovery. Recent effort has
been applied to develop robotic needle navigation systems and steerable robotic needle technologies so
as to perform nonstraight paths, allowing the needle to avoid the anatomical obstacles and increase tip
placement accuracy [263]. A significant component required to bring these robotically actuated steerable
needles into use is the development of appropriate control strategies to achieve an accurate insertion.

6.2 RELATED WORK

Two main approaches are used to control needle steering systems: control strategies based on kinemat-
ic/dynamic model and methods that use path re-planning as a control paradigm.

Different techniques have been proposed in the first group according to the needle steering de-
sign [262]. For bevel-tip needle design, early works of Webster et al. shown a sliding mode control
technique based on nonholonomic unicycle model that was validated in phantom and ex vivo liver tissue
in the presence of tissue deformation [226]. A similar control strategy was used in combination with ul-
trasound image guidance [76] to achieve target position accuracy. A nonlinear adaptive control strategy
was proposed by Motaharifar et al. [185] to account for unmodeled needle-tissue interactions, validated
in-silico, where achieved better performance of existing feedback linearization-based techniques. For
more complex needle system designs, such as the PBN, multiple strategies were adopted to counteract
unmodelled dynamics of the tissue-needle interaction. Geometric-based controls were explored, ranging
from pure model-based paradigm with feedback linearisation [147,235] to adaptive controls [236] where
the tissue-needle interaction nonlinearities were learned during the insertion of the needle.

In the second group, different approaches were evaluated for different needle designs to address ef-
fects such as tissue deformation and target motion, both of which can significantly affect the achievable
targeting accuracy [201]. Most fast path planners employ numerical solvers, thus providing more ro-
bustness to system non-linearity than first group methods. One of the most recent works for PBN based
designs is a modified version of the “Bubble Bending”, which has been adapted to the surgical envi-
ronment to be able to compensate for both tissue deformation and real-world uncertainties, proposed by
Pinzi et al. in [209]. In [176], Matheson et al. proposed a hybrid controller which combines a cyclic and
a direct control motions with a human-in-the loop strategy. With this approach the human operator can
correct the performance in real-time thank to a visual interface and a teleoperated joystick.

In addition to these two types of approaches based on kinematic/dynamic models and methods that
use path re-planning to control the needle, recent advances in ML demonstrate the ability to automate the
control of needle steering systems [264]. A learning based approach can add further advantages such as
increased stability of the procedure, reduced cognitive workloads, as well as facilitating supervised and
collaborative autonomy of MIS procedure. In the field of KN, there are not significant applications, but in
relation to flexible needles used for other surgical procedures, trained models were used to partially auto-
mate needle insertion tasks [54,215]. In some work, LfD based models have been used to extract needle
movement patterns [55,215] and needle-tissue contact force patterns [216] from surgeon demonstrations.
In the field of ML, many researches have been conducted to combine LfD with RL [104, 150, 225, 248].
Using policies trained from human demonstrations to initialize RL, while updating them through inter-
acting with the environment, could efficiently reduce the time for policy optimization.

However, to the best of our knowledge, there is currently no implementation of LfD-RL framework
in the field of control needle steering systems for KN. The main reason is that RL requires free explo-
ration of actions in the physical setup, which is not feasible in invivo clinical setup. However, surgical
robotic platforms can learn a control strategy in simulated environments with preoperative 3D images,
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as demonstrated in [53]. In Appendix 8.5 and 8.6 a brief recap of the RL, IRL and GAIL theoretical
background is proposed.

6.3 OBJECTIVE

This study aims to control a complex model of steerable needle, such a PBN using a controller modeled
with GAIL [115], which is one of the LfD-RL approaches also defined as IRL method. The advantages
of the proposed learning as control approach are the following. RL and IRL realise sequential deci-
sion making under uncertainties through end-to-end learning without the need for modelling the system
uncertainty. Moreover, since approaches based on human motor control have been shown to achieve
very good performance, what we propose is to incorporate through the IRL method the behaviour of the
expert through demonstrations. With the introduction of manual demonstration with the IRL approach,
the ’human expertise’ is embedded in the control system. In this work, the PBN is considered as a
case study for the presented method considering the complex model of the system. The PBN design
consists of four axially interlocked segments, robotically actuated to develop specific tip configurations
that allow the needle to steer in the brain tissue. The proposed approach was compared with two previ-
ous work [209, 275] respectively following control strategies based on kinematic/dynamic models (Fig-
ure 6.1A) and re-planning to control the needle (Figure 6.1B), to confirm if can steer the flexible needle
in 3-dimensional model while achieving accuracy and robustness.

Figure 6.1: Block diagrams showing the different control systems for PBNs applicated in the
Eden2020 context. (A) Representation of the “Surgeon-in-the-Loop” control system presented
in [275]. The surgeon commands the desired needle curvature kdes(t) from which the inverse model
calculates the best needle shape. The motor control system then computes the required actuation
of the PBN to achieve the desired needle shape at an insertion speed of v(t). The PBN’s resultant
tip pose q(t) is displayed to the surgeon alongside a reference pre-planned tip pose pref (t)) via
a visual interface. (B) Representation of the “Re-planning as Control” control system presented
in [209]. “Re-planning as Control” framework removes the need of a user guiding the needle in-
sertion, thus avoiding external influence on the resulting accuracy. The system automatically steers
the needle along paths that avoid obstacles of known location. (C) Representation of our “Inverse
Reinforcement Learning (IRL) as control” system. IRL algorithm replaces the surgeon by computing
the required curvatures once the information about the PBN tip position is received. (A) Courtesy of
Watts et al. [275] and (B) Courtesy of Pinzi et al. [209]
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6.4 MATERIALS AND METHODS

A dynamic simulation of KN environment and a needle model considered as particle system were de-
signed to train the control model with an “IRL as Control” approach. The integration of the “IRL as
Control” model and the simulator of a physical robotic system, previously presented in [176] was per-
formed in order to substitute the human controller. Finally, the proposed “IRL as Control” model is
integrated with a physical robotic system for validation by measuring success rate and the target accu-
racy of the robot control.

6.4.1 Control Problem
We defined the control problem for the case of PBN according to Fig. 6.1C: given a “starting pose"
qstart (e.g. entry pose in the brain) and a “target pose", qtarget (e.g. location for a biopsy), the “IRL as
Control” controller generates desired steering curvatures, kdes, which acts as reference trajectories for
the lower level control, which embed the forward and inverse dynamic model of the needle, described
in [275].

6.4.2 IRL as Control
The main objective of the proposed controller is to learn a policy (π), which is able to reproduce the
skill of an human expert in controlling the robotic needle system and, at the same time, to improve the
driving skill by using the feedback provided by the training environment first, and by the real physical
environment later. The approach is schematized in Figure 6.2. For this reason π is trained with a GAIL
model. Since the expert’s policy, πE , cannot be directly observed, the learner recovers the policy from the
expert’s demonstrations QManual. The discriminator network, taking in input the expert and generator
policies (πE and πG) makes a comparison of these two paths generating an intrinsic reward (rin) based
on similarity score, updating the control policy (π). The loop continues until the Generator, moving in
the environment with actions (at), collecting observations (ot), and computing reward (rt), can produce
a policy similar or better than the human expert.

The observation ot used for learning the robot’s policy include the pose of the PBN considered as
particle system moving in the space.

ot = q(t) =

(
Rt pt

00x3 1

)
(6.1)

where p ∈ R3 is the tip position of the needle and R ∈ SO(3) is the orientation of the needle. The
simulation composes the discrete model, and the needle’s tip location is calculated according to the
motion values that change following the actions per one step, at.

The action at, corresponds to the desired curvatures, kdes, required to reach a certain pose, q(t),
starting from the previous pose, q(t− 1).

at = kdes =

[
k1
k2

]
(6.2)

where k1 and k2 are two curvature values defined in the Parallel Transport Frame (PTF) as it represents
the best kinematic framing for the PBN [236].

The reward function R(τ) = {rt, obstacle, target}, associated with each time step, t, is shaped to
make the agent learn the optimal trajectory Q, according to three main requirements: (1) agent steps
number minimization, (2) obstacle avoidance, (3) target position error minimization. The reward rt is
defined as:
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Figure 6.2: Training Environment. The IRL control policy, π, is trained through a loop that starts with
the policy (πE), generated by an expert and the policy (πG) performed by the network generator. With
a GAIL approach a discriminator with its network, taking in input the expert and generator policies
(πE and πG), makes a comparison of these two paths generating an intrinsic reward (rin), updating
the learner policy (π). The loop continues until the generator, moving in the environment with actions
(at), collecting observations and computing rewards (rt), can produce a policy similar to the expert’s
one. The training environment is represented by deformable mesh object of the brain (obtained with
a PBD approach) and the model of the PBN. Here the body frame coordinates of the PBN is shown.
Angular and linear velocities, ωx, ωy , ωz , and v are shown along with the corresponding curvatures
k2, k1, and torsion τ (assumed to be zero for the EDEN2020 PBN needle).

rt =


rstepmax if t ≥ tmax

robst + rstep if pt ∈ Cobstt

rtarget + rTPE + rstep if ||ptarget − pt|| ≤ tol

rstep otherwise

(6.3)

• A negative reward, rstepmax
, is given if the the cumulative steps number (t) overcomes the prede-

fined maximum number of steps allowed (tmax).

• A negative reward, rstep = − 1
tmax

, is given at each step t of the agent in order to obtain a reduction
in the computational time.

• A negative reward, robst, is given if a collision is detected between the needle (pt) and the obstacles
(Cobstt ). Where Cobstt are the cluster of points defining the surface of the segmented meshes,
labeled as obstacles.

• A positive reward, rtarget, is given upon reaching the target (ptarget). The target is reached with
a tolerance (tol) of 2.5 mm, with respect to the target position, which is within the acceptable
accuracy for minimally invasive neurosurgical treatment and comparable to the results in [209].

• A negative reward is given, rTPE = −∥ptarget − pt∥, upon reaching the target in order to mini-
mize the difference between the target position (ptarget)) and the needle final position (pt).

The boolean variable obstacle is defined as:

obstacle← true if pt ∈ Cobstt (6.4)
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The boolean variable target is defined as:

target← true if ||ptarget − pt|| ≤ tol (6.5)

The Generator is involved during both the training and inference phases. As showed in Algorithm 5,
the Generator takes as input qstart and the maximum number of steps allowed tmax. The process starts
by setting the initial pose of the needle (q(0)) in qstart. For each step (t), until the ending conditions
(target reached or obstacle collided) are not met:

• The dynamic environment is updated with the PBD algorithm by returning the new position and de-
formation of the obstacles (Cobstt ), target structure (Ctargett ) and target configuration (qtargett ).

• The Reward function (R(τ)) returns the reward (rt) and the value of the boolean variables (target
and obstacles)

• The policy function, initially trained using the RL PPO algorithm [233] and then optimized fol-
lowing the IRL GAIL [115] algorithm, takes in input the rt and returns the action (kdest ) which
corresponds to the curvatures the needle has to follow.

• The pose of the needle q(t) is updated with the configuration of the tip of the needle, with the
output of a simplied model in the case of the simulation environment or with the data form the
sensing in the case of the physical robot. Finally, the output is the path, Q.

Algorithm 5 Generator
Input: qstart, tmax

Output: Q = {q(0), ...,q(n− 1)}
1: t← 0 // step counter
2: target← false ▷ target initialization
3: obstacle← false ▷ obstacle initialization
4: q(0)← qstart

5: Q← {q(0)}
6: while ¬target and ¬obstacle and t ≤ tmax do
7: Cobstt , Ctargett ,qtargett ← PBD(q(t))
8: rt, target, obstacle←R(τ)(q(t), Cobstt , Ctargett ,qtargett ) ▷ Reward Function
9: kdest ← π(rt) ▷ get the action (at = kdest ) from the Control’s policy π

10: q(t)← PBN(kdest ) ▷ perform the action and get the observation ot = q(t)
11: t← t+ 1
12: Q← Q+ q(t)
13: end while
14: return Q

The Discriminator is involved only during the training phase. As showed in Algorithm 6, the Discrim-
inator receives in input the expert’s paths, {QManual} and the initialization of the policy’s parameters,
θ0, and of the discriminator, w0. Until the Generator can produce a policy similar or better than the ex-
pert’s behaviour πG ∼ πE : -The path {Q}, obtained running the Generator, Algorithm 5, as inner loop,
fits a parameter policy πG, while the manual demonstration, {QManual}, fits an expert policy, πE . - The
discriminator network Dw (w, weights) learns to distinguish the generated policy, πG, from the expert
one, πE . The parameters w of Dw are updated in order to maximize Equation 8.8. -The discriminator,
D, updates the agent’s policy π to be close to the expert policy πE using an intrinsic reward, defined
with TRPO cost Function [232]:

rin(q(t), kdest) = log(Dwi+1(q(t), kdest))

Finally the Discriminator return the control’s policy π.
1implemented in Unity ML-Agents Toolkit: https://github.com/Unity-Technologies/ml-agents
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Algorithm 6 Discriminator
Input: Expert policy πE ∼ {QManual}, initialize the policy and discriminator parameters θ0, w0

Output: Control’s policy, π
1: πG ← PPO
2: while πG ∼ πE do
3: πG ∼ {Q} ▷ Q is obtained from the Generator
4: EπG [log (Dw (q(t),kdest))] + EπE [1− log (Dw (q(t),kdest))] ▷ Update the Dw parameters
5: rin(q(t),kdest) = −log(1−Dw(q(t),kdest)) ▷ Compute the intrisic reward, rin

6: π = argmaxπθ Eπθi
[rin] ▷ Update control’ policy, π

7: end while
8: return π

6.4.3 Training Environment
To implement a learning policy, (π) from the simulation into a robot’s experimental environment, the
collisions between the needle model movements and brain model are simulated using the Unity Engine
(http://www.unity3d.com.).

PBD model

The needle-tissue and tissue-tissue deformation of the obstacles (Cobstt ), target structure (Ctargett ) and
target configuration (qtargett ) are simulated using a PBD approach based on the NVIDIA Flex “flex for
Unity Plugin” (the reader is referred to our previous work [238]2 for further details on the simulator that
mocks brain deformations during KN procedures). In the training environment, the PBD model is used
to detect the collision of the PBN model.

Needle motion model

The motion of the needle is treated as moving particle defined in the Parallel Transport Frame as in [236].
Figure 6.2 shows the body frame coordinates of the needle, which it is assumed to move along a curve
EXP parametrised in s:

EXP (s) = e(sΠ) (6.6)

where s represents the arc length parameter while Π a 4x4 matrix defined as:

Π =

(
Ω V

0 0

)
(6.7)

with Ω representing the rotational velocity while V represents the linear velocity. The definition of Ω
presents the Parallel Transport Frame Curvatures k2 and k1 as they describe the change of the tangent
vector ez in the ey and ex directions with Z-forward configuration:

Ω→

 0 0 −k2
0 0 k1
−k1 k2 0

 (6.8)

Pfaffian constraints on the linear velocity affect the kinematic model of steerable needle motion by sim-
plifying the PBN tip curve equation:

vx = 0, vy = 0, vz =
dp

dt
= v (6.9)

With this simplification, we can compute the needle pose at time t by only knowing the tip pose at time
t− 1, the curvatures k2 and k1, and the linear velocity v on the z − axis:

q(t) = e(sΠ) ∗ q(t− 1) (6.10)
2Segato, A., Di Vece, C., Zucchelli, S., Di Marzo, M., Wendler, T., Azampour, M. F., ... and De Momi, E. (2021). Position-

based dynamics simulator of brain deformations for path planning and intra-operative control in keyhole neurosurgery. IEEE
Robotics and Automation Letters.
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6.4.4 Training strategy
The medical image dataset used in this work is derived by the repository [49], and it is composed
of MRI/CT imaging dataset of one healthy subject. We performed segmentation of the skull and key
anatomical structures, such as the brain vessels and ventricles, to obtain meshes which we labeled as
obstacles (Cobst). We defined 70 test cases with k different pair of qstart and qtarget poses. We collected
350 demonstrations QManual (5 repetitions for each test case) from three expert users (right-handed -
all subject provided signed informed consent prior to the testing phase - due to covid19, it was not
possible to involve clinical expert). To record the demonstrations and user’ commands, we used a 2D
joystick (xbox 360) which projects into normalized axes the kdes defined in Eq. 6.8, as in the user
interface of [234]. For each test case, we defined the maximum curvatures achievable by the needle
as kmax = [k1max, k2max], linearly mapped to the maximum value of 1 to the joystick inputs. The
three users gained driving skills of the system by training with it for 21 hours. The demonstrations were
collected by randomizing the order of test cases. Table 6.1 summarizes the mean reward and the number
of episodes recorded by the three different users during demonstrations.

Table 6.1: Demonstrations recording

Method v(t)(mm/s) kmax(mm−1) Mean Reward Episodes
IRL as Control 0.8 0.005 2.30 158
IRL as Control 0.8 0.007 2.71 265
IRL as Control 0.8 0.014 2.75 266

Users’ demonstrations were passed to GAIL agents for training. Compared to traditional IRL al-
gorithms, which recover the reward function from the features of data without calculating the optimal
policy, GAIL agents are easier to train and they output both reward signal and policy. In addition, GAIL
overcomes the distribution mismatch issue caused by multimodal behaviors of demonstrations [258],
Table 6.2 presents the training parameters values.

Table 6.2: Training parameters

Parameter Value Parameter Value
beta 5.0e-4 max steps 1.0e5

batch size 64 buffer size 256
strength 1.0 gamma 0.99

curiosity strength 0.02 curiosity encoding size 128
GAIL strength 1.0 GAIL gamma 0.99

GAIL encoding size 128

6.4.5 Integration with the physical robotic system
The software of robotic system described in [234] is designed using ROS, that is employed as framework
to interconnect different hardware and software modules. In order to establish the communication be-
tween our IRL control implemented in Unity Engine and the physical robot, we used ROS Sharp (ROS#).
ROS# is a set of open-source software libraries and tools in C# for communicating with ROS from .NET
applications. As shown in Figure 6.3A, the communication is established through the activation of nodes
on which both Unity Engine and ROS can publish messages or read messages. Figure 6.3B show the
communication protocol between the “IRL as Control” running on Unity Engine and the robotic envi-
ronment based on ROS, with the messages exchanged with the aid of ROS#.

Integration with EDEN2020 Robotic System

With ROS, it was possible to connect the “IRL as Control” with the front end of the EDEN2020 system,
shown in Figure 6.3C. Brain meshes that will create the simulation environment are provided to Unity.
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Figure 6.3: ROS Integration. (A) In order to establish the communication between Unity and ROS,
we use ROS Sharp (ROS#). The communication is established through the activation of nodes on
which both Unity and ROS can publish messages or read messages already published to make this
communication the package Rosbridge is required. Rosbridge provides a JSON API to ROS func-
tionality for non-ROS programs. The front-ends that interface with Rosbridge includes a WebSocket
server for web browsers interaction. (B) The communication protocol between the “IRL as Control”
based on Unity Engine and the robotic environment based on ROS, with the messages exchanged with
the aid of ROS#. Unity is a publisher of the node /desired_curvature and a subscriber of the node
/needle_pose. On the contrary, ROS is a subscriber of the node /desired_curvature and a publisher
of the node /needle_pose. In this way, Unity can send information about the curvature the needle
has to follow to the robot, and the robot can return to Unity the needle position. (C) Thanks to ROS,
it was possible to connect the “IRL as Control” with the front end of the EDEN2020 system. The
round boxes indicate a topic, while the squared ones are nodes. ROS’s meshes are provided to Unity
thanks to the message the /front_end_proxy/segmentation_mesh of type the /MeshArray. Soft tissue
modelling is applied to the different objects to generate the dynamic environment and take account
of soft tissue deformation. ROS also passes user inputs such as start pose, (qstart) and target pose
(qtarget). The desired curvature (kdes(t)) is sent to the motion_control topic, which sends the infor-
mation received to the desired curvature-offset conversion “inverse module”. These offsets are sent
directly to the robot, moving the catheter by the desired displacement. FBG sensors return the exact
pose (q(t)) of the catheter tip once the movement is performed. The FBG’s feedback is provided to
the Unity module thanks to the tool_tracking topic.

Soft tissue modelling is applied to the different objects to generate the dynamic environment and take
account of soft tissue deformation. ROS also passes user inputs such as start pose, (qstart) and target pose
(qtarget). The desired curvature (kdes(t)) is sent to curvature-offset conversion “inverse module”. These
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offsets are sent directly to the robot, moving the catheter by the desired displacement. However, the robot
carries delays due to the robot’s mechanics and the catheter encounters’ resistance when driving in the
real environment. For this reason, FBG return the exact position of the catheter tip once the movement is
performed. FBG return the exact pose (q(t)) of the catheter tip once the movement is performed. In this
way, it is possible to calculate the error between the previously predicted pose (q(t− 1)) and the actual
one, allowing the controller to re-position and correct the pose and still achieve the target. The procedure
continues in a loop until the target is reached or an obstacle is touched.

6.4.6 Simulated Environment

Figure 6.4: Simulated Environment. The “IRL as control” approach is integrated with the EDEN2020
simulator of the robotic system. The “IRL as control” outputs the desired curvature values. These
curvature values are passed to the inverse model of the needle, which returns the required offsets
between the needle segments to achieve that curvature. These required offsets serve as the inputs
to the low-level controller, which generates the motion profiles (containing cyclic motions) for the
simulated motors to move the segments and create the commanded offset. The expected curvature of
the needle, based on the forward model of the needle converting segment offset to curvature, as well
as the actual pose of the needle can then be shown to the operator via the visual interface and sent
to the “IRL as control” as input. Part of the image is courtesy of Matheson et al. [176]

We first integrated the “IRL as control” with the a robotic system simulator, shown in Figure 6.4,
which is composed by:

• The inverse model module: the desired curvature values are passed to the inverse model of the
needle, which returns the required offsets between the needle segments to achieve that curvature
as detailed in [276].

• The robotic mechanism model: the motor positions are defined via trapezoidal numerical inte-
gration of the velocity values, with a time step of 0.05 s. Each motor velocity profile assumed
instantaneous acceleration.

• The Forward model: The pose of the needle is calculated using the forward mechanics-based
model of the needle as detailed in [275]. This model estimates the curvatures of the needle given
the current segment configuration during the motion.
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Figure 6.5: Real Environment. The “IRL as control” approach integrated with the EDEN2020 robotic
system. The “IRL as control” outputs the desired curvature values. These curvature values are passed
to the inverse model of the needle, which returns the required offsets between the needle segments to
achieve that curvature. These required offsets serve as the inputs to the low-level controller, which
generates the motion profiles (containing cyclic motions) for the motors to move the segments and
create the commanded offset. The curvature of the needle, as well as the actual pose of the needle,
measured by the FBG sensors, can then be shown to the operator via the visual interface and sent to
The “IRL as control” as input.

6.4.7 Real Environment
To implement the policy model from the simulation learning to a real physical robotic system, the En-
hanced Delivery Ecosystem for Neurosurgery in 2020 (EDEN2020) actual robot environment’s experi-
ment is performed as shown in Figure 6.5, which is composed by:

• The inverse model: same as the simulation environment.

• The motor controller: generates the motion profiles (containing cyclic motions) for the motors to
move the segments and create the commanded offset. The cyclic controller is largely based on the
work presented in [177]

• The motor: The physical system uses Maxon high-precision DC brushed motors, each equipped
with a rotary magnetic encoder. For each the net speed of the needle is 1 mm/s, and the maximum
speed of any segment when moving to create an offset is 5 mm/s.

• The Fiber Bragg Grating (FBG) sesors: FBG are utilized as sensors to measure the pose of a multi-
segment needle. The reconstruction technique that provides the pose of such a fiber is presented
in [143].

6.5 EXPERIMENTAL SETUP

We compared our “IRL as Control” method with a “Re-planning as Control” presented by Pinzi et.al.
[209] where a EBB sampling-based algorithm was used to drive a PBN with the physical robotic system
described in [234]. The EBB shows to be comparable in terms of functionality and performance. The
medical image dataset used is the same as the one used for the training phase, described in Section 6.4.4
A pre-operative path Qpre for each experimental case was defined by a clinical expert. In addition, for
each path we define the entry pose in the brain as well the target location, respectively qstart and qtarget.
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6.5.1 In-silico experiments: training on experimental dataset
The in-silico experiments involved a set of k pre-operative paths Qpre

k (with 1 ≤ k ≤ 5) as the inputs of
j experiments, EXP j (with 1 ≤ j ≤ 2), where EXP 1 correspond to experiments without re-position
of the robot during the procedure while EXP 2 corresponds to experiments simulating the re-positioning
of the robot. The velocity v(t) was fixed to 0.8 mm/s (empirical tuning accoding to [209]). While we
used g different values of maximum curvatures kg

max (with 1 ≤ g ≤ 3) corresponding respectively to
k1
max = 0.005 mm−1 (as in [198]), k2

max = 0.007 mm−1 (as in [45]) and k3
max = 0.014 mm−1 (as

the maximum curvatures achievable by the current prototype of PBN). The output of each approaches
are the in-silico paths: Qsilico

k,j,g .

6.5.2 In-Vitro Experiment
The workflow of the physical robotic system is shown in Figure 6.5. The in-vitro experiments, involved
the needle insertions, were performed on phantom-brain gelatin (7% by weight swine gelatin - Il Molino
Chiavazza Gelatin [81]) to assess the performance of the proposed solution in conditions which replicate
real insertion scenarios, shown in Figure 6.6A. In-vitro trials were performed using a four-segment PBN
design, the details of which can be found in [275]. The PBN, shown in Figure 6.6B, is formed by four
segments featuring one lumen of 0.3 mm each, and an overall outer diameter of 2.5 mm for all segments
together. The experimental setup is reported in Figure 6.6C and described hereinafter. The insertion
of the needle was driven by the robotic system described in Secoli et al. [234]. The needle driver is
integrated within the neuromate©(Renishaw Plc) end-effector. The needle driver is composed by four
linear actuators (one per each PBN segment). As shown in Figure 6.6D, the catheter is sensorized with
four multi-core fibers that have FBG; each catheter segment has one fiber to track the needle tip pose
and the curvature. Figure 6.6E shown the Visual interface integrated into the commercial neurosurgi-
cal planning and intraoperative Software Neurosinpire™(Renishaw plc) while Figure 6.6F shown the
FBG sensors visual interface. One (k = 1 with respect to the in-silico experiments) pre-operative paths
Qpre

k=1 is the inputs of j experiments, EXP j (with 1 ≤ j ≤ 2), where EXP 1 correspond to experi-
ments without re-position of the robot during the procedure while EXP 2 corresponds to experiments
simulating the re-positioning of the robot. The velocity v(t) was fixed to 0.8mm/s, while we used
kg=2
max = 0.007mm−1 as value of maximum curvature (g = 2 with respect to the in-silico experiments).

The choice of kmax was made on the basis of the results obtained from the in-silico experiments. The
output of each approaches are the in-vitro paths: Qvitro

k=1,j,g=2.

6.6 EXPERIMENTAL ANALYSES

For each in-silico path, Qsilico
k,j,g , and in-vitro path, Qvitro

k=1,j,g=2, the quantitative analysis considers the
following four metrics:

• The computation time (CT [sec]) i.e. average computational time spent by the controller to calcu-
late a new pose:

RT =
1

N

∑
(T k

update − T k
real) (6.11)

where T k
update represents the time at which the controller has calculated the new pose, T k

real the
time at which the controller has received the information about the needle pose, N the total number
of pose updates, and k the number of the specific update.

• The success rate (SR[%]) i.e. the ratio between insertions reaching the target and the total number
of simulated insertions:

SR =
Itarget
Itot

(6.12)

where Iwin represents the number of the insertions reaching the target ptarget, and Itot the total
number of insertions. This is a measure of the controller’s robustness in reaching the target within
the anatomical constraints.
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6.7. RESULTS

Figure 6.6: Experimental Setup. (A) 7% by weight swine gelatin. (B) 2.5 mm outer diameter biocom-
patible Programmable Bevel-tip Needle. (C) Full experimental setup: the PBN is inserted into gelatin
and tracked by the FBG sensors. The neuromate ©robot (Renishaw Plc), an actuation box controls
each segment of the PBN and encoders measure their insertion length. (D) The PBN sensorized with
four multi-core fibers that have FBG; each catheter segment has one fiber. The experiment utilizes
four multi-core fibers, fan-out boxes, interrogator and coupler (Courtesy of Khan et al. [143]). (E)
The Visual interface integrated into the commercial neurosurgical planning and intraoperative soft-
ware neurosinpire™(Renishaw plc). (F) FBG sensors visual interface.

• The target orientation error (TOE[°]) i.e. the difference between the needle’s final orientation and
the target orientation:

TOE = arccos (fwtarget · fwt) ∗
180

π
(6.13)

where fwtarget and fwt representing the 3-D normalized forward vectors of the target and the
needle, respectively, at the end of the simulation. Given the 3 × 3 rotation matrices Rtarget and
Rt representing the orientation of target and needle respectively, the forward vectors represent the
third column of the matrices in a z − forward world coordinate system:

fwtarget = Rtarget[0, 0, 1]
T fwt = Rt[0, 0, 1]

T

• The target position error (TPE[mm]) defined as the euclidean difference between the needle’s final
position and the target position:

TPE = ∥ptarget − pt∥ (6.14)

6.7 RESULTS

6.7.1 In-Silico Study
The Table 6.3 compares “IRL as Control” and “Re-planning as Control” according to the metrics TPE,
TOE, SR and RT calculated over the Qsilico

k,j,g . The “IRL as Control” with re-positioning approaches keep
a lower TPE and TOE and a greater SR than the “IRL as Control” without re-positioning. Additionally,
the “IRL as Control” with kmax = 0.007 approach keep a lower TPE and TOE than the “IRL as Con-
trol” with kmax = 0.005 and kmax = 0.014 approaches, above all when re-positioning is introduced.
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6.7. RESULTS

Finally, the “IRL as Control” approach keeps comparable performance with respect to the “Re-planning
as Control” approach concerning the TPE and TOE but keeping a higher SR and an extremely lower RT.
In Figure 6.7 are shown in-silico results, Qsilico

k,j,g plotted as a function of the path, k, as a function of the
experiment type, j, and as a function of maximum curvature, g. Target position error TPE and Target
orientation error TOE are reported for each result.

Table 6.3: In-silico results

Method Re-pos v(t)(mm/s) kmax(mm−1) TPE (mm) TOE (◦) SR(%) RT(s)
IRL as Control no 0.83 0.005 1.89 ± 0.78 3.65 ± 1.06 100 /
IRL as Control no 0.83 0.007 1.52 ± 0.89 3.15 ± 1.81 100 /
IRL as Control no 0.83 0.014 1.93 ± 1.09 4,13 ± 1,89 100 /
IRL as Control yes 0.83 0.005 2.57 ± 0.72 3.19 ± 0.80 100 0.02
IRL as Control yes 0.83 0.007 1.34 ± 0.52 3.16 ± 1.06 100 0.02
IRL as Control yes 0.83 0.014 1.43 ± 0.65 3.40 ± 1.33 100 0.02

Re-planning as Control yes 0.4 0.014 0.65 ± 0.46 3.25 ± 5.23 93.6 0.53

Figure 6.7: In-silico results, Qsilico
k,j,g plotted as a function of the path, k, (in-silico tests were conducted

on a total of 5 path, with 1 ≤ k ≤ 5), as a function of the experiment type, j, (j = 1 without re-
positioning, j = 2 with re-positioning) and as a function of maximum curvature, g, (with g = 1 when
kmax = 0.005, g = 2 when kmax = 0.007, and g = 3 when kmax = 0.014). All the graphs show
the pre-operative path, Qpre

k , and the target pose, qtarget. Target position error TPE and Target
orientation error TOE are reported for each result.
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6.8. DISCUSSION

6.7.2 In-Vitro Experiment
Concerning in-vitro results, Table 6.4 shows a comparison between “IRL as Control” and “Re-planning
as Control” in terms of TPE, TOE, SR and RT calculated over the Qvitro

k=1,j,g=2. The “IRL as Control”
with re-positioning approaches keep an higher TPE and TOE and a greater SR than the “IRL as Control”
without re-positioning. Finally, the “IRL as Control” approach didn’t keeps comparable performance
with respect to the “Re-planning as Control” approach concerning the TPE and TOE but keeping an
extremely lower RT. In Figure 6.8 are shown in-vitro results, Qvitro

k,j,g plotted as a function of the path, k,
as a function of the experiment type, j, and as a function of maximum curvature, g. Target position error
TPE and Target orientation error TOE are reported for each result.

Table 6.4: In-vitro results

Method Re-pos v(t)(mm/s) kmax(mm−1) TPE (mm) TOE (◦) SR(%) RT(s)
IRL as Control no 0.83 0.007 3.88 8.01 100 /
IRL as Control yes 0.83 0.007 5.19 7.36 100 0.02

Re-planning as Control yes 0.4 0.014 1.81 ± 0.51 5.9 ± 1.42 100 0.51

Figure 6.8: Dataset and In-vitro Results (A)Sagittal, axial and coronal view of the segmented brain
objects are reported. In red the obstacles and in white the Gyri where the PBN can move freely.
(B) In-silico insertion of the path with k=1. (C) In-vitro insertion of the path with k=1. (D) In-
silico, Qsilico

i,j,k and In-vitro, Qvitro
i,j,k , results plotted as a function of the path, k, (in-vitro tests were

conducted only for the first path, k = 1), as a function of the experiment type, j (j = 1 without
re-positioning, j = 2 with re-positioning) and as a function of the maximum curvature, g (with g = 2
so kmax = 0.007). Both graphs show the preoperative path, Qpre

k and the target pose qtarget. In the
first graph (above), in-silico and in-vitro trajectories are compared following the experiment without
re-positioning, while in the second case the conditions are the same except that the experiment was
conducted with re-positioning. Target position error TPE and Target orientation error TOE are
reported for each result.

6.8 DISCUSSION

The simulation results of TOE and TPE comply with the corresponding tolerance values of 10° and 2.5
mm set for this type of experiment. Moreover, the results obtained are close to those of the “Re-planning
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6.9. CONCLUSION

as Control” approach, supporting its possible application in intra-operative neurosurgical procedures.
Furthermore, it is strict about noticing that, we adapted our system to a higher velocity. This means
that with a lower velocity value (as the one used “for Re-planning as Control”), the “IRL as Control”,
increasing the number of re-planning and consequently the accuracy, could decrease the error in position
and orientation .

While the TPE and TOE reported for in-vitro experiments are considered acceptable for the SOTA [177],
in fact, SR underlines the goodness of the proposed method.

Considering the real-time applicability, we have measured the RT. For the worst-case scenario, we
have observed that it takes 0.02 sec to produce a new location and update the trajectory for the control
pose of the IRL as Control’s agent. The exceptional RT value proves that the “IRL as Control” can work
adequately in dynamic real-time scenarios.

The comparison between our method and the direct optimisation method (“Re-planning as Control”)
shows that, in a dynamic environment and during intra-operative planning, where execution time is
essential, the proposed method is more efficient in terms of re-planning time. Our control approach can
avoid both static and dynamic obstacles. Moreover, contrary to methods based on direct optimisation,
the spatial and temporal complexity of the proposed approach does not increase with dynamism.

6.9 CONCLUSION

A robot for keyhole neurosurgery procedures can minimise the effort spent by the doctors and help
perform the surgery with minimum invasiveness. The development of an autonomous needle insertion
system has the potential to reduce surgical time and improve accuracy in positioning. This study rep-
resents the first attempt to use an inverse reinforcement learning approach to control a complex needle
steering system, where unmodelled dynamics between needle and tissue are hard to describe by classical
mechanical approaches.

We demonstrated that a virtual training environment provide a good first approximation for learning
control strategy to drive such complex system. The “IRL as Control” was successfully integrated with the
real physical robotic system. For experimentation, the EDEN2020 robotic suite for keyhole neurosurgery
that controls a new developed bio-inspired programmable bevel tip needle was used for this purpose.

The “IRL as Control” model underwent experiments with the same conditions in both simulation and
the physical robotic system, of which performances were compared with previous works using the same
needle model [209,275]. In a simulated environment, we bench-marked our approach with the literature
that uses path “Re-planning as Control” with geometric techniques. The results demonstrated that the
proposed control framework could steer the flexible needle by performing better in success rate and
computational time while maintaining the same standard of accuracy and robustness in target position
and orientation error.

The results of the in-vitro assessment confirm that the policy learned from a simplified needle simula-
tion environment through experiments can be applied to a real physical robotic system, but the differences
between the simulation and the real physical system has impacted the control performances with a lower
success rates and not optimal error distance between the tip and the target.

The “IRL as Control” approach was successfully applied in other contexts, such as suturing and knot
tying [26, 123] where demonstrated improvements by overcoming some limits of geometric-based con-
trol approaches, such as providing sequential decision-making under uncertainties through end-to-end
learning without the need to model the system uncertainty. However, the “IRL as Control” approaches
has still limitation on "transfer and learn", due to the gap between the simulated environment and phys-
ical system. In future developments, to reduce this gap, we will acquire expert surgeon demonstrations
on real physical robotic system, with a setup that will include ex-vivo samples to achieve a real mock of
KN surgeries.

In conclusion, we would like to point out that we are aware that the use of only one subject limits the
presentation of the results. As future work, we would like to extend the study to more subjects to analyse
the generalisability of the control model produced.
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CHAPTER7
Conclusion

Over the last two decades, different research groups have focused their efforts on the development of nee-
dles able to autonomously steer inside the tissue. These needles perform curvilinear trajectories planned
to maximise the distance from sensitive anatomical structures to be avoided and reach targets otherwise
inaccessible via rectilinear insertion paths. Accurate placement of the needle tip inside tissue is challeng-
ing, especially when the target moves and anatomical obstacles must be avoided. Moreover, the complex
kinematics of steerable needles make the insertion challenging, thus requiring the aid of automatic path
planning solutions and control strategy.

This PhD dissertation presents an overview of different path planning techniques used for surgical
steerable needle/catheters, a pre-operative path planner, a realistic simulator that mocks brain deforma-
tions due to catheter insertion, a novel intra-operative path re-planner and motion controller that can
steer a PBN to produce the desired trajectory. The solutions were developed and tested, considering the
programmable bevel tip needle as a case study. The latter consists of a multi-segment steerable nee-
dle under development within the EU EDEN2020 project and designed for percutaneous intervention in
neurosurgery (drug infusion and in-situ optical diagnosis).

In Chapter 2, the planning problem for steerable needles in minimally invasive surgery is contextu-
alised with a systematic review of the methods proposed in the literature for the computation of curvilin-
ear paths.

In Chapter 3, a hybrid inductive learning / deductive reasoning 3-D path planning method for op-
timized paths computation is proposed (Hypothesis 1). The solution is validated through simulated
insertions in neurosurgical scenarios demonstrating improvements in terms of path length, curvature and
obstacle avoidance with respect to state of the art ((Hypothesis 1.1) as well as computational time, safety
distance-from-obstacles and smoothness suitable for pre-operative planning ((Hypothesis 1.2).

Chapter 4 addresses the problem of simulating a dynamic environment that mocks brain deformations
due to catheter insertion (Hypothesis 2). The method was validated using recorded brain deformation
of in-vivo animal KN insertions of a PBN demonstrating a close match with real brain deformation
(Hypothesis 2.2), as well as stability, accuracy, and real-time performance suitable to maximises the
probability of intra-operative path planning success by accounting for uncertainty in needle-tissue and
tissue-tissue deformation.

In Chapter 5, an inverse reinforcement learning method to support neurosurgeons during the intra-
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7.1. Thesis contribution

operative procedure to react to a KN dynamic environment is presented (Hypothesis 3). The solution
is validated in simulation in a dynamic environment demonstrating improvements in terms of fast re-
planning and secure needle steering by accounting for a constrained target pose, intra-operative anatomi-
cal deformation, and accuracy and robustness suitable to maximise the probability of intra-operative path
planning success.

Chapter 6 addressed the problem of steering a needle to produce the desired trajectory (Hypothesis
4). An IRL control method is proposed. The motion controller and control strategy are validated through
in-silico trials and in-vitro experiments in phantom-brain gelatin, demonstrating that the needle is in-
serted following the desired trajectory (Hypothesis 4.1), as well as the accuracy and robustness can be
kept consistent with standard needle insertion control strategies (Hypothesis 4.2).

7.1 Thesis contribution

This PhD research led to:

• A systematic literature review on the planning problem for steerable needles in minimally invasive
surgery for the computation of curvilinear paths.

The presented systematic review contributes to provide an integrated, synthesized overview of the
current state of knowledge. The great possibilities associated with steerable needles in terms of
therapy outcome and patient safety make path planning a topic of great interest for researchers
and engineers. Many solutions have been proposed to cope with this task grouped in graph-based,
sampling-based, mathematical-based, learning-based, reasoning based and multifusion-based so-
lutions. The structure of the analysis and the proposed synthesis could allow the reader to quickly
identify the literature works that may represent their gold standard suitable for applications in
their clinical context. In addition, thanks to the synthesis performed and the immediate mode of
exposure proposed, it could give the possibility to identify more quickly some aspects to be im-
proved such as real-time planning, complete information expressing, and complex environment
modelling.

• A new pre-operative curvilinear path planner, exploiting an expert’s knowledge, able to compute,
in a time consistent with standard pre-operative path planners, a kinematically feasible path for a
steerable needle in accordance with the optimization criteria of minimum path length and curva-
ture, and maximum distance from obstacles.

The presented pre-operative curvilinear path planner for steerable needles succeeds in obtaining
the optimal paths that can be followed to reach a specific target according to rules set by an ex-
pert. This approach allows to fully exploit an expert’s knowledge. It is worth noting that one of
the main contributions of the present work consists in the integration of an inductive learning-
based approach with a deductive reasoning-based approach. The inductive learning-based method
allows the agent to learn the policy by a set of demonstrations provided by an expert, who can
introduce in a path planning algorithm all his requirements and knowledge that cannot always
be possible in graph- or sampling-based approaches unless further optimisation steps are applied
requiring additional computational time. Explicit programming cannot fully cover the complex-
ity of the environment (represented by the human brain in this case), the number of parameters
and possible complications that have to be considered during the path planning. For this reason,
we implemented a deductive reasoning classifier with a user interface where the experts can ex-
press their individual preferences by assigning different weights, thus creating a priority list for
maintaining different path planning optimisation criteria (i.e., giving more priority to path safety
than path length) while visualizing the trajectory and changing the criteria in real time. When
tested in simulation against a literature approach, the proposed method performed better in terms
of path smoothness and clearance from safety regions, significantly decreasing the length and with
a sensibly lower computational time.

• A realistic, time-bounded simulator that mocks brain deformations during keyhole surgical proce-
dures, where a catheter/needle is inserted into the brain.
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7.2. Impact and future perspective

The presented simulator is able to account for the brain’s dynamic behavior during keyhole neu-
rosurgery. Thanks to its direct manipulation of positions, the PBD approach can efficiently handle
collision constraints. Probe-tissue interaction can thus be effectively treated as a collision problem,
allowing to deal with any input probe position without requiring the explicit definition of the con-
tacting surface. The same does not apply to FEM simulations, where the enforcement of contact
constraints would introduce degradation of the performances and stability issues. The simulator’s
numerical model has used a novel approach with respect to the literature, and it has proved to be
a close match with real brain deformations through validation using recorded deformation data of
in-vivo animal trials. The simulator represents a contribution to the development and training of
AI systems such as autonomous control or intra-operative path planners in the context of KN.

• A fast and accurate intra-operative path re-planner able to react to a KN dynamic environment
while optimizing surgical criteria

The presented IRL method is able to perform intra-operative re-planning of a trajectory in the
dynamic needle-tissue interactive KN environment. The advantage of using a learning-based ap-
proach is that IRL realises sequential decision making under uncertainties through end-to-end
learning without the need for modeling the system uncertainty. Moreover, with the exploitation
of manual demonstrations, human expertise is embedded in the planning system. The algorithm
can smoothly plan a path intra-operatively while meeting constraints on both target position and
orientation. Furthermore, this system reacts smoothly to ongoing tissue-tissue and needle-tissue
deformations. Its ability to compensate for local changes, while maintaining constraints on its
global objectives, removes the risk of long path deviations that affect the most common sampling-
based techniques proposed in the literature. When tested in simulation against other learning-based
approaches and a sampling-based approach proposed in literature, the proposed method performed
better in terms of success rate and re-planning time while maintaining the standard of accuracy and
robustness in terms of target position and orientation error.

• A robust strategy to control the deflection of a flexible needle to achieve an accurate KN robot-
assisted insertion process The presented IRL approach is able to control a catheter that moves in
a brain model using a robot, exploiting its capacity to solve problems that are difficult to analyt-
ically model and explicitly observe. A simulation environment and catheter model similar to an
actual robot environment are designed to learn catheter model control by making the simulation
move the model to the designated target. This control model is then implemented into an actual
robot to observe the success rate of robot control. The advantage of the proposed approach is that
the surgeon’s decision could be involved in the model updates and transfer learning to generate
a patient-specific treatment program. When tested in simulation, against other control strategies
based on kinematic/dynamic model of the needle and strategies that use path re-planning as con-
trol, the proposed control framework can steer the flexible needle in 3D model under continuous
state space performing better in terms of success rate and computational time while maintaining
the same standard of accuracy and robustness in terms of target position and orientation error.
Based on the computer simulation, the proposed control framework can achieve high accuracy and
robustness in steering flexible needle insertion. Based on in-vitro results, the study confirms that
the policy learned from a simplified catheter simulation environment through experiments can be
applied to the actual robot to control the catheter model movements. But, due to the differences
between the simulation and the actual environment, the models applied to the robot have lower
success rates and maintain a further average distance between the tip and the target.

7.2 Impact and future perspective

The PhD dissertation proposed methods to address two open issues in the automation of steerable needle
minimally invasive interventions: the path planning and the motion control. To address MIS automatic
pre- and intra-path planning and control problems, we proposed RL exploiting its capacity to solve prob-
lems that are difficult to analytically model and explicitly observe. To effectively reduce the learning
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7.2. Impact and future perspective

time, we chose IRL approaches by initialising them with policies learned from human expert demonstra-
tions. Instead of learning from scratch, the robot improves the initial policy based on the demonstrations
to reproduce the desired surgical tasks. To do so, GAIL agents were trained to imitate latent patterns that
existed in human demonstrations, which can deal with the mismatch distribution caused by multi-modal
behaviours.

The proposed IRL methods endow robots to autonomously execute path planning and motion control
tasks. However, it is unfeasible for MIS procedures to repeat the experiments on the surgical robotic plat-
form for over a million times during the training phases. To this end, we were able to implement a PBD
brain tissue simulator and demonstrate, that the agent can be first trained in a simulation environment
and transferred to a real robotic system.

As a case study, we have chosen KN because, in our opinion, it represents one of the most challenging
MIS procedures and the PBN because it has one of the most challenging steering design systems. The
fact that we have managed to apply the proposed approaches to a delicate surgical environment and a
complex steering system design means that the proposed solutions can potentially be used for different
MIS procedures and with needles featuring different designs and/or steering mechanisms (e.g., standard
bevel-tip needles or duty-cycle bevel-tip needles), provided that the needle kinematic limits are known.

Based on the approaches and results presented in this PhD thesis, we point out two promising re-
search directions: the development of autonomous surgical systems and of intelligent surgical training
systems. We believe that these research lines are key to augment the capabilities of current surgical sys-
tems and to develop new tools that will benefit medical personnel and patients.

This PhD thesis demonstrated that model-free reinforcement learning is a promising direction toward
generalizable automated surgical performance in minimally invasive procedure, but progress has been
slowed by the lack of efficient and realistic learning environments. Moreover, beyond precision, robust-
ness, safety and automation, it is also necessary to carefully consider the legal and ethical considerations
of artificial intelligence in surgery.
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CHAPTER8
Appendices

8.1 Path Planning Systematic Review Keywords

A comprehensive list of the keywords used for the PRISMA search is reported in Table 8.1.

Table 8.1: Keywords for Systematic Review

Database Query
SCOPUS TITLE-ABS-KEY ( “path planning" or “trajectory planning") AND ( “flexible needle" OR “flexible catheter"

OR “steerable catheter" OR “steerable needle " ) AND ( “pre-operative" OR “intra-operative") AND “minimal
invasive surgery" AND “keyhole surgery") AND ( LIMIT-TO ( DOCTYPE , “ar" ) OR LIMIT-TO ( DOCTYPE
, “cp" ) ) AND ( LIMIT-TO ( LANGUAGE , “English" ) ) AND ( LIMIT-TO ( EXACTKEYWORD , “path
tracking" ) OR EXCLUDE ( EXACTKEYWORD , “segmentation" ) OR EXCLUDE ( EXACTKEYWORD ,
“path modeling" ) )

WEB OF SCIENCE ((“path planning" or “or trajectory planning") AND (“flexible needle" OR “flexible catheter" OR “steerable nee-
dle" OR “steerable catheter") AND (“pre-operative" OR “intra-operative") AND “minimal invasive surgery"
AND “keyhole surgery" ) NOT “segmentation" NOT “path tracking" NOT “path modeling") AND LAN-
GUAGE: (English) AND DOCUMENT TYPES: (Article OR Proceedings Paper)

PUBMED (“path planning"[Title/Abstract/MeSH] OR “trajectory planning"[Title/Abstract/MeSH]) AND (“steerable nee-
dle"[Title/Abstract] OR “flexible needle"[Title/Abstract] OR “steerable catheter"[Title/Abstract] OR “flexi-
ble catheter"[Title/Abstract]) AND (“minimal invasive surgery"[All Fields] AND “keyhole neurosurgery"[All
Fields]) NOT “segmentation"[Title/Abstract/MeSH] NOT “path tracking"[Title/Abstract/MeSH] NOT “path
modeling"[Title/Abstract/MeSH] NOT Review[ptyp] AND English[lang]

8.2 Computing the radius of curvatures

In this appendix, the method used for computing the radius of curvature of the path is explained in
algorithm 7. The method is based on the computation of the equation of the sphere that passes through
four successive positions. The equation of a generic 3D sphere is determined by the equation 8.1 where
the four coefficients D, E, F, G are unknown constant.

x2 + y2 + z2 +D(x) + E(y) + F (z) +G = 0 (8.1)

The radius of this sphere is the radius of curvature. First of all, it is important to note that four positions
defined a single sphere if they are not coplanar [213]. In the opposite case, no spheres pass through the
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8.3. Answer Set Programming

four positions, or there are infinity numbers of them. For this reason, is necessary to verify if the four
positions of the trajectory are coplanar. And this is true if and only if the determinant A of the matrix
indicated in the algorithm is equal to zero. Since the positions are on the sphere, the substitution of their
coordinates in equation 8.1 generates a system of four equations where the unknowns are the coefficients
D, E, F, G [218]. For resolving this system the Cramer’s rule is applied. Then the radius of the sphere
can be computed.

8.3 Answer Set Programming

With ASP, computational problems in a large variety of scenarios can be described by means of simple
and elegant logic programs consisting of a set of rules; solutions to a problem instance are then found by
computing the semantics of such programs combined with the representation, usually expressed using
factual rules, of the instance at hand.

One of the main advantages of ASP consists of its purely declarative nature: rather than focusing
on algorithm design and coding, and thus on how to solve a computational problem at hand, with ASP
one can focus on how to describe such computational problem (or how its solutions should look like),
completely avoiding the need for explicitly express the steps to be executed. In turn, order of statements
in a ASP logic program is immaterial: explicit updates in the problem specification can be more easily
incorporated, thus fostering advantages such as fast prototyping, quick error detection and modularity.
Besides, a clean model-theoretic semantics grants correctness; intuitively, an ASP program can be seen

Algorithm 7 Calculation of radius curvature

1: Input: four successive position of the path pagent1(x1, y1, z1), pagent2(x2, y2, z2),
pagent3(x3, y3, z3), pagent4(x4, y4, z4) ∈ Q = {Tagent0 , Tagent1 , .., Tagentn−1

}.
2: Output: Ray of the sphere ri that passes through the input positions.

3: A = det

∣∣∣∣∣∣∣∣
x1 y1 z1 1

x2 y2 z2 1

x3 y3 z3 1

x4 y4 z4 1

∣∣∣∣∣∣∣∣
4: if A == 0 then
5: ri = 0 ▷ The four positions are coplanar
6: else ▷ Four positions determine a unique sphere if and only if they are not coplanar

7: T = det

∣∣∣∣∣∣∣∣
(x2

1 + y21 + z21) x1 y1 z1
(x2

2 + y22 + z22) x2 y2 z2
(x2

3 + y23 + z23) x3 y3 z3
(x2

4 + y24 + z24) x4 y4 z4

∣∣∣∣∣∣∣∣ ▷ D, E, F and G are determined through the Cramer’s

rule
8: for i = 1 in 4 do
9: ti = −(x2

i + y2i + z2i )
10: end for

11: D = det

∣∣∣∣∣∣∣∣
t1 y1 z1 1

t2 y2 z2 1

t3 y3 z3 1

t4 y4 z4 1

∣∣∣∣∣∣∣∣ E = det

∣∣∣∣∣∣∣∣
x1 t1 z1 1

x2 t2 z2 1

x3 t3 z3 1

x4 t4 z4 1

∣∣∣∣∣∣∣∣
12: F = det

∣∣∣∣∣∣∣∣
x1 y1 t1 1

x2 y2 t2 1

x3 y3 t3 1

x4 y4 t4 1

∣∣∣∣∣∣∣∣ G = det

∣∣∣∣∣∣∣∣
x1 y1 z1 t1
x2 y2 z2 t2
x3 y3 z3 t3
x4 y4 z4 t4

∣∣∣∣∣∣∣∣
13: C = −

(
D
2 ,

E
2 ,

F
2

)
▷ Coordinate of the centre of the sphere

14: ri =
1
2

√
(D2 + E2 + F 2 − 4G) ▷ Radius of the sphere

15: end if
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8.3. Answer Set Programming

as a formal yet executable description of the problem. The basic construct of ASP is a rule, that has
a general form of Head ← Body; the Body is a logic conjunction in which nonmonotonic negation
may appear, and Head can be either an atomic formula or a logic disjunction. Rules are interpreted
according to common sense principles: roughly, the intuitive semantics of a rule corresponds to an im-
plication. The answer set semantics associates a problem specification with none, one, or many intended
models, called answer sets, each one corresponding to a solution; an ASP program that models a compu-
tational problem, coupled with a proper representation of an instance of such problem, can be fed to an
implementation of ASP, called ASP solver, in order to actually compute all corresponding answer sets.
Efficient and reliable ASP solvers exist, such as DLV/DLV2 [10, 162] and clingo [93].

For a full description of ASP syntax and semantics, along with examples of its applications in
academy and industry, we refer the reader to [47, 170] and the vast literature. We briefly recall here
some very basic preliminaries useful to understand the herein proposed approach.

A variable or a constant is a term. Variables are denoted by strings starting with some uppercase
letter, while constants can either be integers, strings starting with some lowercase letter or quoted strings.
If t1,...,tk are terms (either constants or variables) and p is a predicate symbol of arity k, then
p(t1,...,tk) is an atom of arity k.

A literal l is of the form a or not a, where a is an atom; in the former case l is positive, negative
otherwise. A rule is of the following form:

a0|. . .|ah:-b1,. . .,bn not bn+1,. . .,bm. (8.2)

On the left, the symbol “|” connects atoms that are part of a disjuction in the head, whereas comma
separated literals in the right side, i.e., the body, are part of a conjuction. An ASP program is a finite set
of rules.

A fact is a rule with empty body, and represents a piece of information known to be true (typically,
facts stand for the knowledge granted before reasoning, or represent the instance of a problem); usually, a
fact is immediately followed by the “.” symbol (i.e., the implication symbol “:-” is omitted). A constraint
is a rule with empty head; hard (“strong” or “classical”) and soft (“weak”) constraints can be specified in
order to cut out undesired models and express preferences, respectively. Weak constraints are expressed
with the symbol :∼ instead of :-, that is one used for hard constraints. These latter are conditions that
must be satisfied, whereas soft constraints represent conditions that should be fullfilled; intuitively, when
a solution violates a soft constraint it pays a cost: this induces an ordering among solutions that allows
one to express minimization and/or maximization criteria.

ASP enjoys several additional language features for easing knowledge representation; we mention
here choice rules, that are a compact way for expressing disjunction of atoms that must adhere to some
cardinality conditions and aggregates, that can be used for compact representations of properties and
inductive definitions using sets of propositions [19]. The scientific community agreed on a standard
language [47]; furthermore, in addition to the standard, several flavours of ASP are supported by solvers,
featuring additional constructs such as the #minimize and #maximize statements for expressing
preferences in optimization problems similarly to what can be done via weak constraints.

ASP is a very expressive formalism; indeed, in [68] it is proved that disjunctive logic programs under
answer set semantics capture the complexity class ΣP

2 (that is, they allow us to express every property
which is decidable in non-deterministic polynomial time with an oracle in NP), and weak constraints
make ASP well-suited to represent a wide class of problems (including, e.g., NP optimization problems)
in a very natural and compact way [40].

The following example briefly illustrates how the common “Guess&Check” paradigm is used for
modelling problem with ASP.

Example 1. Let us consider the well-known problem of 3-colorability, which consists of the assignment
of three colors to the nodes of a graph in such a way that adjacent nodes always have different colors;
this problem is known to be NP-complete [38]. Suppose that the nodes and the arcs are represented by
a set F of facts with predicates node (unary) and arc (binary), respectively. Then, the following ASP
program allows us to determine the admissible ways of coloring the given graph with the three given
colors.
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8.4. Position Based Dynamic

r1: color(X,red) | color(X,green) | color(X,blue) :- node(X).
r2: :- arc(X,Y), color(X,C), color(Y,C).

Rule r1 (guess) above states that every node of the graph must be colored as red or green or blue;
r2 (check) forbids the assignment of the same color to any couple of adjacent nodes. The minimality of
answer sets semantics guarantees that every node is assigned only one color. Thus, there is a one–one
correspondence between the solutions of the 3-coloring problem for the instance at hand and the answer
sets of F ∪ {r1, r2}: the graph represented by F is 3-colorable if and only if F ∪ {r1, r2} has some
answer set.

The following example illustrates the use of weak constraints for expressing preferences while deal-
ing with optimization problems.

Example 2. Let us consider the same 3-colorability problem of Example 1. Imagine that we know that
some of our graphs are not 3-colorable; as already stated, for such graphs our programs would have no
answer sets (meaning that there is no admissible solution). Nevertheless, for such cases we would like
to have admissible colorings, even if not complete. The following program, that is slightly different from
the previous, allows us to determine all partial colorings.

r3: color(X,red) | color(X,green)
| color(X,blue) | noColor(X) :- node(X).

r2: :- arc(X,Y), color(X,C), color(Y,C).

Here, rule r1 of Example 1 is replaced with rule r2; note that now, for the program F ∪ {r3, r2},
admissible answer sets exist with some nodes with no color assigned. These contain answer sets with no
node colored at all, others with some colored, and up to others with all node colored, in case the graph
is 3-colorable. We can state that we prefer a solution over another one if it features a higher number of
colored nodes by means of the following weak constraint:

r4: :∼ node(X), noColor(X). [ 1@1, X]

Now, for a solution of F ∪{r3, r2, r4}, while if it violates r2 is inadmissible, and thus discarded, if it
violates r4 then it is assigned a cost as specified in the square brackets. In this latter case, for each node
X that has no color, the solution costs 1 at level 1. Weight and level can be constant values or variables
appearing in the body of the constraint; furthermore, weights are additive, grouped by levels, among all
constraints in the program: in this simple example, just a weak constraint is present, but one can make
use of more in order to express complex sets of desiderata. Higher levels correspond to more important
desiderata.

8.4 Position Based Dynamic

8.4.1 Position-based Dynamics Approach
The PBD method is a simulation approach that omits the velocity and acceleration layer, which are
instead taken into account by the most common simulation algorithm of object’s deformations to focus
on positions. By applying this approach, the objects are represented by a particle system, a set of particles
that might be a single point in the space or, like in our case, a sphere characterised by a radius. This
characteristic differentiates the PBD approach from classical dynamics approaches used in the world
of graphics that formulate the change of momentum of a system as a function of applied forces, and
evolve positions through numerical integration of accelerations and velocities, generally characterising
objects with meshes (i.e., vertices and information on how the vertices are connected) or other surface
representation. PBD, instead, compute the time evolution of a dynamic system by directly updating the
positions of the particles that composed the objects, as first described by M "uller et al. in [187]. The
meshless representation involves that the particles keep track of their original position, goal position, and
mass. Indeed, simulated objects are discretised like a set of particles, particularly by a set of N particles
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and a set of M constraints. Each particle i is described by position pi, velocity vi and mass mi. The
initial and final positions are essential because they are needed to calculate the particle’s displacement
and know the precise particle’s final location. The mass is required in order to calculate the centre of mass
of the object. A constraint j is defined by the five attributes: cardinality nj , scalar constraint function
Cj : R3nj → R, set of indices

{
i1, . . . , inj

}
, ik ∈ [1, . . . , N ], stiffness parameter ki ∈ [0, . . . , 1], type

unilateral of type bilateral. In particular, in the last case, constraint j with type bilateral is satisfied if
Cj(xi1 , . . . , xinj

) = 0. If its type is unilateral then it is satisfied if Cj(xi1 , . . . , xinj
) ≥ 0. The stiffness

parameter kj defines the strength of the constraint in a range from zero to one [30].
Given this data and a time step ∆t, the simulation proceeds as described by Algorithm 8. The

positions x1 and the velocities v1 of the particles, in the first instant of time, need to be specified (1)-(3)
because the algorithm simulates a system that is second order in time. These steps must be performed
before the simulation starts to ensure a correct initialisation. An explicit forward Euler integration step
on the velocities and the positions estimates for each particle is performed in lines from (5) to (11),
taking into account the external forces applied to the system. In particular, line (6) allows external forces
to be attached to the system if some of the forces cannot be converted into position constraints. The new
locations pi are not assigned to the positions directly but are only used as predictions. Moreover, speeds
can be damped if necessary, as shown in line (8). Inline (13), non-permanent constraints are generated. It
is the case of possible collisions with other objects which change from step to step during the simulation,
and therefore they need to be generated at the beginning of each time step. It is performed continuous
collision detection through the use of the original and predicted positions of each particle. The solver
(15)-(18) then iteratively corrects the predicted positions such that they satisfy the Mcoll external as well
as the M internal constraints. Finally, the corrected positions pi are used to update the positions (21) and
the velocities (20). Unlike traditional schemes, these integration steps do not extrapolate blindly into the
future, but move the vertices to a physically valid configuration that the constraint solver calculates.

Algorithm 8 Position-based dynamics

1: for all vertices i do
2: inizializexi = x0i , vi = v0i , wi = 1/mi

3: end for
4: loop
5: for all vertices i do
6: vi ← vi +∆twifext(xi)
7: end for
8: dampVelocities (v1, . . . , vN )
9: for all vertices i do

10: pi ← xi +∆tvi
11: end for
12: for all vertices i do
13: genCollConstraints (xi ← pi)
14: end for
15: loop
16: solverIteration times
17: projectConstraints (C1, . . . , CM+MColl

,p1, . . . ,pN )
18: end loop
19: for all vertices i do
20: vi ← (pi − xi)/∆t
21: xi ← pi

22: end for
23: velocityUpdate (vi, . . . , vN )
24: end loop

For this reason, the scheme is unconditionally stable. However, it is not possible to classify this
integration as an explicit or implicit scheme because if only one iteration of the solver is performed for
each time step, this will behave more like an explicit scheme, but, as the number of iterations increase,
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the algorithm behaves more like an implicit scheme. The velocities are updated in line (23) because
they are the velocities of colliding vertices, so it is necessary to modify them according to friction and
restitution coefficients, along with the positions. In this way, the simulation will produce the correct
behaviour of a second-order system.

The Solver
The algorithm predicts that an object modelled with PBD starts the simulation unaltered, i.e., in the basic
shape it should have, as shown graphically in (a) in Figure 8.1.

Figure 8.1: Graphic Representation of The General Idea of The PBD Algorithm, (a), (b), (c) and (d)
illustrate the four main phases of the algorithm (courtesy of Müller et al. [187].

The particles lose their shape and change their position after applying a force or after the collision
with another object (b). In particular, the velocity and acceleration of these particles will be altered
due to these external stimuli. In the case of gravity, for example, all particles will have an almost
equal alteration of the parameters, while in the case of external forces affecting a circumscribed por-
tion of the object, only some particles will move, and others will remain in their initial position or
will be less affected by this force. The goal of the position-based solver is to satisfy the equation
C(p + ∆p) = 0 finding a ∆p that corrects the particles positions. For that reason, the constraints
CM + CMcoll

and the estimates p1, . . . ,pN of the new positions the points should have are the inputs
to the solver. Through a system of nonlinear equations, the solver will try to modify these estimates so
that they satisfy all the constraints. The equations will be non-linear because even a simple distance con-
straint C(pi,pi+1) =

∣∣pi − pi+1

∣∣ − d will produce a non-linear equation and the constraints that place
an inequality between the various positions will, in turn produce, inequalities. Therefore, an iteration
inspired by the Gauss-Seidel algorithm is used to solve this system of a certain complexity, i.e., each
constraint will be solved independently of the others, and in succession, it will consider the positions
changes of previous constraints. The Gauss-Seidel algorithm is not used in its entirety because it only
requires linear equations to be solved, whereas in the case analysed there is non-linearity. It repeatedly it-
erates through all the constraints, and then it projects the particles to valid locations concerning the given
constraint, considering one at a time, as shown in (c). For a single constraint, the position correction ∆p
is computed by solving the linearised equation:

C(p +∆p) ≈ C(p) +∇pC
T (p)∆p = 0 (8.3)

The position correction are performed only in the direction of∇pC(p) the linear momentum and the an-
gular momentum are conserved, satisfying the principle of virtual work. The corrections ∆p1, . . . ,∆pN

are weighted according to the inverse masses wi = 1/mi, as shown in this equation:

∆pi = wiλ∇pi
C(p) (8.4)

where λ is a Lagrange multiplier. In this way the changes and displacements made to the points will be
immediately visible to the operator from a graphical point of view, which would not have been possible
if a Jacobian algorithm, which is very popular for this type of operation, had been used. Finally, in
(d), the particles will convert their own original shape into the current shape and they will move to
their respective target positions where the applied external stimulus actually moved them, as shown in
Figure 8.2.
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8.4. Position Based Dynamic

Figure 8.2: Projection of the constraint C(p1, p2) = |p1 − p2| − d, where the corrections ∆pi are
weighted according to the inverse masses wi = 1/mi (courtesy of Müller et al. [188]).

This process is repeated at each instant throughout the simulation. Even though the process can lead
to oscillations if the order is not kept constant in over-constrained situations, this significantly accelerates
convergence because pressure waves can propagate through the material in a single solver step, which
affects that depends on the order in which the constraints are solved. It is possible to introduce energy
function E(p) constraints by imposing C(p) = E(p) = 0 for each energy function, which are based
on continuum mechanics. The advantage of using energy functions instead of geometric constraints is
that thanks to the continuum-based formulation we use, physical phenomena like a lateral contraction,
anisotropy or elastoplasticity can be simulated since the characteristic deformation behaviour of these
effects are encoded in the energy functions and their gradients, as described by Jan Bender et al. in [29].

Collision handling
One advantage of the PBD approach is the simplicity with collision response can be managed. This plain-
ness is especially important in the field of minimally invasive surgery in which this project is involved:
managing collisions between the catheter and the rest of the environment, and between the environment
itself, in a quickly and reliably way makes this method particularly suitable for real-time applications.
Dealing with collisions in a virtual simulation involves analysing when objects enter into a collision and
determining which objects, if any, are actually colliding with each other, i.e., collision detection, and
how objects respond to that specific event, i.e., collision response, applying appropriate forces to collid-
ing objects in order to make their behaviour as realistic as possible. In line (17) of the Algorithm 8 the
Mcoll collision constraints are generated at each time step, while the first M constraints, generated by the
representation of the object, are fixed during all the simulation time. The number of Mcoll depends on the
number of colliding vertices and varies during the simulation, as described in [188]. The collisions could
be both continuous and static. For continuous collision handling, it is necessary to test for each vertex i if
the ray xi → pi is entering into an object in order to understand if there is any collision with that specific
object. If this is the case the entry point qc and the surface normal nc at this position are computed and
an inequality constraint with constraint function C(p = (p − qs) · nc and stiffness k = 1 is added to
the list of constraints. The case just stated is the case of continuous collision, where the ray xi → pi

do not lie entirely in the object. Instead, continuous collision detection has failed if this is not the case,
and static collision must be managed. The surface point qs which is closest to pi point and the surface
normal ns at this position are computed, adding to the list of constraints also in this case the inequality
constraint calculated above and the stiffness coefficient k = 1. In order to make the simulation faster, the
generation of collision constraint is done outside of the solver loop. The colliding vertices’ velocities can
be modified in step (23) of the Algorithm 8 since they also deal with friction and restitution behaviours.
In the case in which we have dynamic collision, in other words there is an impulse that is transferred to
the collision partners, the rules handling above must be reconsidered. If we have two dynamic colliding
objects it is possible to obtain the correct response by simulating both objects with N vertices and M
constraints, which are the input to the algorithm and simply represent two or more independent objects.
In this instance the inequality constraint that manages the movement of a point q of an objects in the area
described by three points p1,p2,p3 belonging to the other object is characterised by constraint function
C(q,p1,p2,p3) = ±(q−p1) · [(p2−p1)× (p3−p1)], which keeps the point q on the correct side of the
triangle conserving the linear and angular momentum. Collisions can be missed if the solver works with
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a fixed collision constraint set in a particular scenario, but the artefacts are negligible according to [188].

Shape matching technique
In the PBD approach, deformation computation becomes a constraint-function optimization problem.
The problem is equivalent to finding the minimum change in kinetic energy that satisfies the constraints,
which is consistent with Gauss’s principle of least constraint [175], as shown in the following equations:

minimize 1
2∆x1M∆x

subject to Ci(x+∆x) = 0, i = 1, . . . , n
(8.5)

This implementation follows that soft bodies simulation behaviour and performance are not only influ-
enced by the relative position, dimension, and number of particles in space but also by the constraints
acting among particles. For example, large deformations of soft bodies are usually achieved by defining
positional constraints among adjacent particles’ rigid clusters. This kind of constraint is called region-
based shape matching, as described in [30]. In order to model the elastic deformation of the considered
object in a way that could give it a characteristic more or less soft behaviour, there is a stiffness parameter
for each shape-matching constraint. It is detected when a particle belonging to a rigid shape has been
deformed beyond a selected threshold. Whether this has happened, this deformation is mixed back into
the particle’s local-space rest position according to a plastic creep coefficient. Concerning convergence,
Shape-matching convergence is dependent on the total number of particles in every shape. This yoke
makes the PBD with the shape matching method integration more suitable to smaller rigid objects and
less suitable for large shapes. Buoyancy is also affected by the number of particles in the shape because
the more particles there are, the slower the convergence is, making the rigid body behave as if it were
heavier than what it is. Consequently, our mass ratios do not correspond to real-world submergence
depths.

As explained in this section, the final result is a method capable of representing most of the char-
acteristic behaviours that an object, in reality, can assume, for example, fluids, cloths, soft bodies, rigid
bodies, even coexisting in the same scene. In our case, to model the brain, we will focus on soft materials,
which simulate the natural behaviour of grey and white matter, as if it were jelly.

8.5 Deep Reinforcement Learning

RL [251] is an interesting field of ML that’s attracting a lot of attention and popularity. It requires that
the machine systems understand the characteristics of the surrounding environment. In RL, an agent
interacts with an environment (ε). At each time step (t), the agent receives, from the environment, its
current state (st) and selects an action (at) from a set of possible actions (A), according to its policy
(π), such that π (st) = at. In response, the agent receives the next state (st+1) and a scalar reward
(rt), according to a predefined reward function. The goal of the agent is to determine an optimal policy
π∗ allowing it to take actions inside the environment, maximizing the overall cumulative reward. We
analyzed and tested the performances of two DRL algorithms: SAC and PPO.

8.5.1 SAC
SAC is one of the most efficient model-free algorithms utilized in real-world robotic learning [106]. SAC
is an off-policy model-free DRL algorithm which means it can learn from experiences collected at any
time during the past. SAC is based on the maximum entropy reinforcement learning framework, which
considers the entropy augmented objective:

J(π) = Eπ

[∑
t

rt (st, at)− α log (π (at | st))

]
(8.6)

The optimal policy maximizes the expected return (first summand) and the expected entropy (second
summand). The trade-off between the two is controlled by the non-negative temperature parameter α,
which can be learned automatically instead of treating it as a hyperparameter.
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8.5.2 PPO
PPO is a policy gradient method for reinforcement learning which represents a balance between ease
of implementation and tuning, and sample complexity, trying to compute an update at each step that
minimizes the cost function while ensuring a relatively small deviation from the previous policy [233].
The most up-to-date variant of the algorithm uses the “clip” objective function not typically found in
other algorithms:

L(π) = Êt

[
min

(
ct(π)Ât, clip (rt(π), 1− ε, 1 + ε) Ât

)]
(8.7)

where Êt denotes the empirical expectation over timesteps, ct is the ratio of the probability under the
new and old policies, respectively, Ât is the estimated advantage at time t, and ε is a hyperparameter,
usually 0.1 or 0.2.

8.6 Inverse Reinforcement Learning

IRL is a recently developed ML framework in which the reward function is inferred by the expert demon-
strations and then used with RL methods to optimize it [7]. IRL seeks a valid policy (π) and a reward
function (R(τ)) under which the expert’s behaviour is ideal by optimizing the agent π in the inner loop
while searching for the R(τ) in the outer loop using expert’s trajectories.

8.6.1 GAIL
GAIL rewards the agent for behaving similarly to a set of demonstrations using an adversarial ap-
proach [115] in which the discriminator NN is used to distinguish between demonstration and agent
actions. During the training process, the agent gets better at mirroring the demonstrations, while the
discriminator gets stricter learning how to differentiate the two different types of demonstrations. In this
way, the final policy (π) produces states (s) and actions (a) similar to the demonstrations. The goal of
GAIL is to find the saddle point of the Equation:

min
π

max
D

Eπ[logD(x)] + EπE
[1− logD(s, a)]− λH(π) (8.8)

where πE is the expert model or the expert trajectories generated by the expert model, D(s, a) is the
Discriminant network, and H is a policy regulariser where λ > 0.

8.7 Electronic Supplementary Material

8.7.1 Neurosurgical Simulator
Below is the link to the neurosurgical simulator: https://youtu.be/OM4x4W9lWkE

8.7.2 Brain Deformable Tissue PBD Simulator
Below is the link to the brain deformable tissue PBD simulator: https://youtu.be/yKEhqbj8LGY
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