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Abstract

The Surgical Microscope (SM) is the gold standard instrument in neurosurgery. The SM
allows to visualise the surgical field and the anatomical details of the brain structures.
On the other hand, the high magnifications provided by the SM cause a very limited field
of view (FoV) that may lead to harmful operations on anatomical structures or a nearby
organ, which will affect the surgical outcome.

In the opinion of Humanitas Hospital neurosurgeons, the illustrated limitations have an
evident influence on Cerebral Cavernous Malformations (CCMs) removal and glioma re-
section.

A intra-operative system able to perform a real-time and broad exposure of the surgical
theatre could be an effective tool to support neuro-surgeons in tumour or lesions localiza-
tion and treatment.

The panorama can represent an important reference for surgeon as it allows him to observe
the brain tissue details using the SM magnifications and at the same time, to consult a
broader map of the operating field, without moving the SM.

The reconstruction and expansion process is obtained with a deep learning-based mo-
saicking framework, applied to some videos of a neurosurgical setting captured by a SM.

To the best of our knowledge, this work represents the first application of mosaicking on
neurosurgical images.

The purpose of video mosaicking is to combine consecutive frames of a video sequence,
in which each frame shows only an partial local view of the field of interest, in order to
obtain a broader view of the same scene.

The classical mosaicking approach is characterized by the following four stages: keypoints
detection and description; keypoints matching with outlier rejection; homography estima-
tion; and image warping and blending.

The peculiar conditions of a neuro-surgical setting could affect the quality of the mo-
saicking result. Indeed the presence of regular patterns (for the blood vessel’s structure),
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viewpoint changes, illumination variations, and motion blur are relevant factors that make
the classical mosaicking method not robust enough.

These issue introduces the need to find stable keypoints detectors and establish stronger
matches between the keypoints of consecutive frames; essential characteristics for the cor-
rect homography matrix estimation and the consequent mosaicking accurate development.

The proposed architecture is called NeuroGlue and it is constituted by a Fully Convolu-
tional Neural Network (named SuperPoint) for keypoints detection and description and by
an Attentional Graph Neural Network for keypoints matching. The combination between
the NeuroGlue layers stability and the domain adaptation performed during training al-
lows to achieve a promising result, both in visual terms and also in terms of 5-frames
Structural Similarity Metric (i.e. SSIM ), standing out clearly from traditional algorithms
(BRISK, ORB and SIFT) and also respect to the SuperPoint model pre-trained with the
COCO dataset.

Mosaikcing for surgical theatre expansion answers to low visibility issue in neurosurgery
with SM. Moreover its integration with navigation systems and preoperative images could
minimize the inaccuracies for lesions or tumour localization and removal, improving the
surgical outcome.

Keywords: Surgical microscope, Neurosurgery, Cerebral Cavernous Malformation, Glioma,
Mosaicking, Deep learning.
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Sommario

Il microscopio chirurgico (SM) è lo strumento maggiormente utilizzato negli interventi di
neurochirurgia.

Il microscopio chirurgico permette di visualizzare il campo operatorio e i dettagli anatomici
delle strutture cerebrali esaminate. D’altra parte gli elevanti ingradimenti causano una
riduzione sostanziale del campo visivo del chirurgo. Questa limitazione può risultare dan-
nosa per le strutture anatomiche e gli organi coinvolti, influenzando l’esito dell’intervento
chirurgico.

Secondo l’opinione di alcuni neurochirurghi dell’ospedale Humanitas di Milano, queste
limitazioni hanno un particolare effetto sulla rimozione di Malformazioni Caveronse Cere-
brali (CCM), note anche come Angiomi, e sulla resezione di gliomi.

Un sistema intra-operatorio capace di eseguire un’espansione del campo chirurgico in
tempo reale potrebbe essere un efficiace strumento di supporto per il chirurgo nel tratta-
mento e nella più agevole localizzazione di tumori e lesioni cerebrali.

Il panorama può rappresentare un importarte riferimento per il chirurgo; in quanto egli
può sia osservare i dettagli del tessuto cerebrale grazie agli ingrandimenti del microscopio
e contemporaneamente consultare una mappa più ampia dell’intero campo chirurgico,
senza dover spostare il microscopio.

La ricostruzione del campo chirurgico si realizza tramite una rete di apprendimento per
il mosaicking che riceve come input una sequenza di fotogrammi estratti da un video
eseguito con microscopio.

Al meglio delle nostre conoscenze, questo lavoro rappresenta il primo tentativo di appli-
cazione della tecnica del mosaicking a immagini neurochirurgiche.

Il processo di mosiacking mira a combinare una sequenza di immagini dove ognuna è
caratterizzata da una visione parziale del campo di interesse. L’obbiettivo è quello di
ottenere una rappresentazione più ampia della scena, la quale prende il nome di mosaico.

La metodologia classica del mosaicking comprende quattro fasi: rilevamento e descrizione
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di punti chiave, identificazione delle corrispondenze tra i punti chiavi di fotogrammi
consecutivi con eliminazione degli outlier, stima dell’omografia e infine trasformazione
e unione delle immagini.

Le condizioni peculiari di un ambiente neurochirurgico rappresentano un ostacolo rilevante
per la corretta esecuzione del mosaicking. Infatti la presenza di schemi ripetitivi (dati dalla
struttura dei vasi sanguigni), variazioni di illuminazione e sfocatura da movimento nelle
immagini, sono fattori che rendono i metodi tradizionali non sufficientemente robusti.

Questa problematica introduce il bisogno di utilizzare rilevatori e descrittori di punti chi-
ave stabili e di calcolare corrispondenze più robuste tra i punti chiave di immagini consec-
utive. Queste sono caratteristiche essenziali per eseguire una corretta stima dell’omografia
e il conseguente sviluppo accurato del mosaico.

L’architettura proposta prende il nome di NeuroGlue ed è costituita da una Rete Neurale
Convoluzionale (chiamata SuperPoint) per il rilevamento e la descrizione dei punti chiave,
e da una Rete Neurale a Grafo Attenzionale per la fase di calcolo delle corrispondenze.
La combinazione tra la stabilità di NeuroGlue, data dalla struttura della rete, e la pro-
cedura di adattamento al dominio eseguita durante la fase di allenamento, permette di
ottenere un risultato promettente, osservabile sia visivamente ma anche in termini di met-
rica di similarità strutturale calcolata ogni 5 fotogrammi (indicata come SSIM ). Dunque
il metodo proposto si distingue chiaramente rispetto agli algoritmi tradizionali (BRISK,
ORB e SIFT) e anche in relazione alla rete neurale SuperPoint, pre-allenata con il dataset
COCO.

La tecnica di mosaicking applicata all’espansione del campo operatorio risponde adeguata-
mente ai problemi relativi alla scarsa visibilità in neurochirurgia con microscopio. Inoltre
la sua integrazione con i sistemi di navigazione e con le immagini preoperatorie potrebbe
minimizzare le inaccuratezze riscontrate nella localizzazione e nel trattamento di lesioni
cerebrali e tumori, migliorando l’esito dell’intervento chirurgico.

Parole chiave: Microscopio chirurgico, Neurochirurgia, Malformazione caveronsa cere-
brala, Glioma, Mosaicking, Deep learning.
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1| Introduction

1.1. Clinical context

Cerebral Cavernous Malformations (CCMs), also called Angiomas or Cerebral Cavernous

Angiomas, are vascular lesions consisting of clusters of abnormally dilated blood vessels,

also called caverns. These caverns have a typical raspberry appearance and they leak

due to defects in the endothelial cells and in other structural components, required for

vessel wall integrity. Lesion size is variable, ranging from microscopic to a few inches in

diameter. [1]

The CCM appearance is caused by loss-of-function mutations to one of three CCM genes

known as CCM1/KRIT1, CCM2/malcavernin or CCM3/PDCD10.

Angiomas occur in both sporadic and familial forms. Patients with familial CCMs typ-

ically have multiple malformations, with a correspondingly higher risk of complications.

In contrast, the sporadic form is characterised by only a single lesion. In the familial

CCM, even if all the endothelial cells present the gene mutation, the malformations are

only found in a few localised regions of the brain microcirculation. Furthermore, it has

been shown that, for human sporadic CCM, only a small fraction of endothelial cells has

a mutation for the CCM genes. [2] These di�erences can be observed in Fig. 1.1. [3].

Subjects may be asymptomatic (quiescent state) or present a wide variety of symptoms

including seizures, intracranial haemorrhages, or focal neurological de�cits. [1]

The underlying pathology is re�ected radiographically on Magnetic Resonance Imaging

(MRI). [4]

The prevalence of CCM is not exactly known because the diagnosis can be made only

with brain imaging or autopsy. Estimates from autopsy studies and MRI analysis suggest

a frequency of0:16%to 0:9%. [5]

The standard treatment is the neurosurgical excision, so the surgical removal of these

lesions. [1] A complete resection of the lesion is mandatory because the presence of

residuals increases the risk of haemorrhage and seizures.[6]
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Figure 1.1: This image illustrates the di�erence between the familial and the sporadic

CCM. The upper part of the image describes the familial CCM, characterized by several

lesions. The down part shows the sporadic CCM, that presents only one cavern. The

symptoms occur when the lesion size increases.

Glioma is one of the adults' most common primary malignant brain tumors. It can occur

anywhere in the central nervous system but primarily in the brain.

They typically arise from glial tissue or precursor cells and develop into astro-cytoma,

oligodendroglioma, ependymoma, or oligoastrocytoma.

According to the World Health Organization (WHO) classi�cation, gliomas are catego-

rized into four grades, among which grade 1 and grade 2 gliomas indicate a lower risk

ones, and grade 3 and grade 4 gliomas indicate higher risk glioma. [7]

Glioblastoma is the most frequent grade 4 glioma, whose average age-adjusted incidence

rate is 3:2 per 100; 000population, as reported in [8]. In Fig. 1.2 an example of glioblas-

toma is illustrated with the corresponding post-operative situation which shows some

small residuals. [9].

The presentation of a patient with glioma can vary greatly depending on the size and

location of the tumour and on the anatomic structures of the involved nervous tissue.

Also, for this reason, the glioma individuation is problematic; the common way, indicated
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by the WHO, to con�rm a diagnosis is the histologic analysis. [10]

The standard of care for gliomas includes maximal resection followed by concomitant

radiotherapy and chemotherapy, especially in the 30 days after surgery. [7]

Figure 1.2: The �gure shows the pre- (A) and immediate post-operative (at 24 hours)

axial MRI (B). In the pre-operative image, an example of glioblastoma is present. In the

post-operative image there is a minimal residual of the tumor.

The surgical resection is associated to several risks depending on the position and on

the severity of the tumour. Most of the glioma surgery entails a standard craniotomy

approach for its complete removal. The correct tumour localization and its overall view

during the surgical treatment are necessary to reach a successful outcome. [11]

For the investigated surgical procedures and in general in the neurosurgery scenario, the

surgical microscope (SM) is involved. [12]

The SM is the gold standard instrument in neurosurgery. [13] Indeed it allows to visualise

the surgical �eld and the anatomical details of the brain structures, with the correct

illumination. On the other hand, the high magni�cations provided by the SM cause a very

limited �eld of view (FoV) that may lead to harmful operations on anatomical structures

or a nearby organ, which will a�ect the surgical outcome, reduce organ preservation, or

even cause life-threatening consequences. [13, 14]

During the surgical operations intra-operative navigation systems are needed to detect the

tumor or lesion position. They provide the rigid body transformation from the coordinate
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system of the preoperative image to the coordinate system of the patient during surgery.

[15] However registration errors due to this navigation systems may occur. In particular,

the brain shift, which is a nonrigid brain deformation caused by craniotomy, reduces the

alignment accuracy. [16]

In the opinion of Humanitas Hospital neurosurgeons, the illustrated limitations have an

evident in�uence on Cerebral Cavernous Malformations (CCMs) removal and glioma re-

section.

An example of the real surgical environment is represented in Fig. 1.3 and a schematic

scenario is shown in Fig. 1.4.

Therefore a reduced FoV could prevent the surgeon from having a complete view of the

brain tumour or the lesion, and the navigation system errors may a�ect their localization.

These are relevant factors that make neurosurgical procedures still challenging.

A intra-operative system able to perform a real-time and broad exposure of the surgical

theatre could be an e�ective tool to support surgeons in tumors or lesions localization and

treatment. Computer Assisted Intervention (CAI) is a powerful ally to deal with these

types of challenge, especially through new developing techniques like Arti�cial Intelligence

(AI) and Deep Learning (DL).

In particular mosaicking can be applied to extend the neurosurgical FoV, limited by the

SM magni�cations, by creating a panorama of the surgical environment.

This expansion of the operative �eld can be practised at any stage of the surgical in-

tervention even if it was primarily tested to be applied in the early stage, generating a

reconstruction of the brain super�cial layers.

It is obtained performing a video registration of the FoV using the microscope, without

the need to introduce a new sensor or a new device respect to the ones already present

in the operating room. The panorama is visible in real-time and it can represent an

important reference for the surgeon during the procedure.

Indeed the surgeon can work on the brain anatomy, observing each details, thanks to

the high magni�cations of the SM, and at the same time he is able to have a broader

view of the entire scene, without further moving the microscope, storing the hand-held

instruments or changing the magni�cations during the procedure, reducing signi�cantly

the timing of surgery.

This tool could be involved in the surgical procedures thanks to its easy application for

surgeons and because its employment is almost independent from surgeons actions or from
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Figure 1.3: The �gure illustrates a classical neurosurgical setting, characterized by the a)

Surgical Microscope (SM), which provides an b) adequate illumination and is used by the

surgeon to achieve a detailed view of the nervous tissues. In the image it is underlined the

c) Surgical Field obtained with the SM and the d) Neuro-Navigation Systems, necessary

for the lesion or tumor localization. The image was taken in a surgical room of Humanitas

Research Hospital of Milano.

the occurrence of unexpected events such as a sudden movement of the SM.

These fast movements, caused for example by impacting the microscope during the reg-

istration of the surgical �eld, could a�ect the mosaicking outcome. [17] However the

proposed method is able to eliminate the results obtained during the impact and restore

the panorama previously recorded, without the need to start a new registration.
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Figure 1.4: Schematic representation of the neurosurgical setting that puts into evidence

the limited FoV, projected in the screen, the SM structure with the provided illumination

and the navigation systems; taking inspiration from the real environment illustrated in

Fig. 1.3.



1| Introduction 7

1.2. Disclosure

The aim of this thesis is to implement a deep learning-based mosaicking framework ob-

tained from videos of di�erent neurosurgical settings, captured from a surgical microscope.

The mosaicking approach is applied to expand the surgical �eld of view and support the

surgeon during the operation, improving the surgical outcome.

This work was developed atNearLab in Politecnico di Milano in collaboration with Hu-

manitas Research Hospital of Milanowhich made available the required technologies for

this project.
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The purpose of video mosaicking is to combine di�erent images, in which each one shows

only a partial local view of the �eld of interest. It allows to obtain a broader view of the

same scene. [17]

The classical mosaicking development is divided in four stages: i) Keypoint detection and

description; ii) Keypoint matching and Outlier rejection; iii) Homography estimation; and

iv) Image warping and blending, as it is illustrated in Fig. 2.1. In this process every step

is essential for the correct execution of the next ones. [18]

The �rst step to be applied is the feature-detector, an algorithm that searches for key-

points into an image. Keypoints represent the most signi�cant pixels of a considered

image and can range from a single pixel to edges, contours, blobs, junctions and lines.

The detected keypoints are subsequently described in logically di�erent ways based on

unique patterns possessed by their neighboring pixels. This process is called feature

description as it describes each keypoint by assigning it a distinctive identity which is

represented with a vector that allows the e�ective keypoint recognition for matching. [18]

There are some keypoint detection algorithms that include also the description phase;

instead other detectors have to be integrated and coupled with a descriptor algorithm.

Considering a frame pair, keypoints detection and description are applied in each image

of the pair. Two sets of points (with their spatial coordinates) and descriptors vectors

are obtained as output. These sets are characterized by a point-to-point correspondences,

essential for matching. [19]

The next stage of the mosaicking process is the keypoint matching, which aims to establish

correct feature correspondences from the two extracted points sets. [20]

Afterwards RANdom Sample Consensus (RANSAC) and Levenberg-Marquardt (LM) al-

gorithm are jointly applied to estimate the homography. The objective of RANSAC is to

select the optimal set of keypoints and �lter out outliers that do not �t with a de�ned

type of transformation. [21] Image warping and blending are then performed by com-
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Figure 2.1: The classical four stages of image mosaicking are represented in this diagram:i)

Keypoint detection and description; ii) Keypoint matching and Outlier rejection; iii)

Homography estimation; and iv) Image warping and blending. In this �gure, the steps

are applied to an image pair (image A and B) in order to obtain a panorama image.

bining the two images, basing on the homography matrix previously computed until all

matched feature points are aligned. In this way, a partial panorama is obtained. [22]

In the next sections some methods for keypoints detection description and matching,

presented in literature, are described.

2.1. Keypoints Detection and Description

Since the very beginning of computer vision, feature detectors have occupied an important

place in the research due to their numerous applications in such areas as object recognition,

categorization, classi�cation, robot localization and tracking, image matching and 3D

reconstruction, image retrieval, registration, etc [22].
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The research on feature detectors and descriptors is a fast growing area in image pro-

cessing. The following section has been arranged chronologically to explain the gradual

improvements in feature detection, as well as the evolution and limitations of comparative

studies. [22]

The �rst corner detection algorithm was designed by Moravec in 1977 [23]. Harris and

Stephens [24] revealed the limitations of this detector with their popular corner and edge

detector (better known as Harris corner detector). It is based on the local auto-correlation

function of the image for measuring the intensity di�erences between a patch and windows

shifted in several directions.

Lucas and Kanade proposed a popular method, further developed by Tomasi and Kanade

[25], often called the Kanade�Lucas�Tomasi feature tracker. This method allows to track

the small motion of features in an image stream and it takes inspiration from the Harris

and Stephens detector.

In the same decade other algorithms were designed, such as the one proposed by Heitger

in [26] and the framework for low level feature extraction presented by Forstner in [27].

Shi and Tomasi [28] proposed a new detection metric (Good Features To Track or GFTT)

based on the Harris operator, arguing that their model was a better choice. A completely

new approach, called SUSAN, was also proposed in [29]. However, the illustrated opera-

tors of SUSAN fall short when rotation and scaling are involved. In 1998 a comprehensive

review of a number of popular detectors is presented in [30]. The authors compare Harris

corner detector to other algorithms previously mentioned in [26] and [27]. Later, Schmid

et al. [31] revised the comparison method originally proposed, and conducted a number

of qualitative tests. The test results indicated that the Harris operator (which is the basis

of Harris corner detector) is the best among the compared methods.

Hall et al. [32] provided a de�nition of saliency, underlying that the most salient or

discriminant image features are those that allow to distinguish one feature from others.

An image feature that is present in only a single image or on a single object would allow to

distinguish this image or object from all others. Moreover Hall et al. evaluated Harris, the

method proposed in [33] regarding feature detection with automatic scale selection and

Harris�Laplacian corner detector [34]. Harris�Laplacian is a combination of the Harris

and Laplacian function for characteristic scale selection.

Driven by the need for a scale-invariant approach, Lowe [35] proposed one of the most

popular feature detectors: the Scale Invariant Feature Transform or SIFT. SIFT is a

combination of feature point detector and descriptor.
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In this method, keypoints are extracted from the image in two steps. First, the image

is repeatedly smoothed using Gaussian �lters and subsampled to �nd images in smaller

scales. In this way, an image pyramid is constructed with the reference image at the ground

level (�rst octave). Second, keypoints are discovered in the3� 3� 3 neighborhood of any

pixel at an intermediate level. These points are obtained from the image points where

the Di�erence-of-Gaussians (DoG) values attain an extreme (minimum or maximum).

This architecture gives scale and rotation invariance to the algorithm. [22, 36] Fig. 2.2

represents the SIFT detection structure.

Figure 2.2: The �gure shows the detection procedure of SIFT. A) is an example of Gaus-

sian pyramid and of Di�erence-of-Gaussians (DoG). B) represents the search for extremes

[37].

SIFT involves also the descriptor computation for the keypoints. The descriptor is related

to the orientation of each detected key-point that is obtained using the point's gradients.

In particular the gradients are rotated by the computed orientation and an histogram is

created for each sub-region. [37] A common implementation is based on a4� 4 descriptor,

as Fig. 2.3 illustrates, characterized by8 di�erent orientation vectors. [36, 37]

To resume, the SIFT descriptor is a position-dependent histogram of the local image

gradient directions around the keypoints. [22] This feature detection algorithm is one of

the most stable and precise between the ones illustrated in literature. [37]

Mikolajczyk and Schmid [38] compared the SIFT descriptor and a number of related

descriptors, proving SIFT to be one of the best feature detectors based on the strength

of its descriptor.

Harris and SIFT have been well explored and improved by several researchers [39�41].
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Moreels and Perona [42] compared Harris, Hessian, and di�erence of Gaussian �lters on

images of 3D objects with di�erent viewpoints, lighting variations, and scale variations.

They di�erentiated between detectors and descriptors, using SIFT, PCA-SIFT, steerable

�lters, and shape context descriptors. They found a good match of detector and descrip-

tor. In particular PCA-SIFT (Principal Component Analysis-SIFT) was developed to

improve SIFT, projecting high-dimensional samples into a low-dimensional feature space

and reducing the computational costs carried with Lowe's implementations. [43]

Figure 2.3: The �gure represents the SIFT descriptor procedure [37].

In the following years several feature detectors were suggested taken inspiration from the

SIFT algorithm.

Maximally Stable Extremal Regions (MSER), proposed by Matas et al. in [44], is a

method able to detect blobs in images. The key points detection is based on a connectivity

analysis, indeed it is performed by computing connected maximal and minimal intensity

regions. A fast implementation of MSER can be found in [45].

Speeded Up Robust Features (SURF) is a scale and rotation-invariant feature detection

and descriptor algorithm designed by Bay et al. [46]. The SURF detector is very similar to

SIFT and it is found on each keypoint by orientation assignment and descriptor component

analysis. [22]

Rosten and Drummond [47] described Features from Accelerated Segment Test (FAST)

detector. FAST algorithm aims to �nd points of interest in an image and is specialized
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in corner detection. The corner selection is done through some criteria which together

create a decision tree in order to correctly classify all the corners. [22]

In particular FAST corner detector uses a circle of16 pixels (a Bresenham circle of radius

3) to classify whether a candidate pointp is actually a corner. Each pixel in the circle is

labeled from integer number1 to 16 clockwise. If a set ofN contiguous pixels in the circle

are all brighter than the intensity of candidate pixelp (denoted by I p) plus a threshold

value t or all darker than the intensity of candidate pixelp minus threshold valuet , then

p is classi�ed as corner. (Fig. 2.4) [48] De�ningS, a set ofN contiguous pixels andI x ,

the intensity of the pixels belonging toS, the conditions can be written as follows:

8
<

:
Condition 1 : 8x 2 S; Ix > I p + t

Condition 2 : 8x 2 S; Ix < I p � t
(2.1)

There is a tradeo� of choosingN , the number of contiguous pixels and the threshold value

t. On one hand the number of detected corner points should not be too many, on the

other hand, the high performance should not be achieved by sacri�cing computational

e�ciency. Usually N is chosen as12. [48]

Figure 2.4: The �gure represents the ORB detection mechanism, namely the FAST

algorithm.[48].

Center Surround Extremas (CENSURE) is a detector proposed by Agrawal et al. [49]
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based on two criteria: stability (persistence of features across viewpoint changes) and

accuracy (consistency of feature localization across viewpoint changes). The feature de-

tection is characterized by a method called Hessian�Laplacian.

Binary Robust Independent Elementary Features (BRIEF) was developed by Calonder

et al. [50] in 2010. It is an attractive descriptor of binary strings that allows to extract

descriptors from feature points for image matching. BRIEF is used a common descriptor

for those detectors that don't have their own descriptors, such as FAST, CENSURE, and

MSER.

It employs simple tests using intensity di�erence to create binary feature vectors that

e�ectively describe key points in a pair of images. Before executing binary tests, images

are smoothed using a Gaussian kernel at a pixel level, reducing noise sensitivity. The

obtained binary strings with BRIEF only require between128and512bits, a relatively few

number of bits compared with other state-of-the-art feature descriptors. The Hamming

distance is employed for evaluating the ranking of descriptors, instead of the Euclidean

distance, since it is easier to calculate. Although construction and matching for this

descriptor is faster than other state-of-the-art ones, does not provide rotation and scale

invariance, but tolerates just small amounts of rotations. [36]

Fusing together the FAST and the BRIEF algorithms the Oriented FAST and Rotated

BRIEF (ORB) detector and descriptor is obtained. It was proposed by Rublee et al.

[51] as a valid alternative to SURF and SIFT. The ORB descriptor modi�es the FAST

extractor adding an orientation component through �rst-order moments in a local patch.

Then the BRIEF descriptor is computed on a rotated patch order to deal with the lack

of rotational invariance. [52]

Another important feature detector and descriptor is the Binary Robust Invariant Scalable

Key-points (BRISK), designed by Leutenegger et al. [53]. In this method, points of

interest are �rst identi�ed using a saliency criterion. Next, a sampling pattern is applied

to the neighborhood of each of these detected key points to retrieve the orientation and

so the descriptor.

It is based on a scalespace FAST method; in particular, it takes the input imagec0 to

create a multiscale space withn octavesci and intra-octavesdi , wherei goes from0:1 to

n � 1 and normally n = 4. To �nd the keypoints, a circular mask consisting of8 points

is used. If an adequate number of pixels is larger or smaller than the central one, it is

taken as a candidate key-point. This process is performed in each octave and intra-octave

separately to identify potential corner points [54].
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