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1. Introduction

Autonomous navigation of agricultural robots
has remained a challenging and open problem in
recent years. Crop-row navigation with wheeled
robots is fundamental for planting, weeding,
harvesting and high-throughput phenotyping.
To be deployable at scale, agricultural rovers
must be compact and low-cost, and operate re-
liably under the crop canopy, where global po-
sitioning is unreliable, perception is heavily oc-
cluded, and crops, terrain and weather vary con-
tinuously.

The majority of current methods can be classi-
fied in two families of approaches: classical sep-
aration of perception and control modules and
direct end-to-end reinforcement learning. In the
first class, a perception module estimates a com-
pact, human-interpretable representation, typi-
cally crop-row or line parameters, which is then
fed to a model-based controller. In this design
some information is inevitably lost at the inter-
face between the two modules, and the controller
depends on an inevitably imprecise dynamic
model and on an inaccurate state estimate. On
the other hand, end-to-end approaches remove
the interface by mapping perceptual observa-

tions directly to navigation actions. This re-
quires the usage of reward functions that are not
very simple or intuitive to implement, leading to
hard-to-deploy policies.

This thesis proposes PHANTOM: Pre-
trained Hierarchical Agricultural Navigation
Trajectory Oriented Model, a two-stage hi-
erarchical learning process that reconciles the
two paradigms. The core idea is to first train a
controller by shaping expert knowledge into a
structured latent space using privileged informa-
tion, and then reuse part of that frozen module
with exteroceptive information to solve distinct
navigation tasks. The hierarchy trains the two
modules separately without losing information
at their interface, and the pre-trained controller
allows for simple and robust reward functions.
The full system architecture is summarized in
Figure 1. The main contributions of this work
are:

e A scalable, pre-trainable network architec-
ture for agricultural navigation enrichable
by real-world expert demonstrations.

e A two-stage hierarchical learning process
fully validated in simulation, with some
real-world field experiments.



Stage I: Locomotion Primitive Controller Training

Expert Demonstrations
Dataset

MLP Encoder

Latent Space

Future reference
Expert positions and velocities

Proprioception information
Past actions and velocities

Stage IlI: Perception Module Training

E
St Perception
— Module

Exteroception information

Occupancy grid w W
Pre-trained backbone

Waypoints

da!

A

Environment:
TerraSentia digital twin

@

MLP Decoder

Frozen and
copy to

Environment:
various navigation tasks

Latent Space

« N

MLP Decoder

Figure 1: A framework overview of the proposed method

e An extended trainable virtual environment
for the TerraSentia robot fully implemented
in the Isaac Lab software.

2. Materials and Methods
2.1. The Robot Platform

The Phantom architecture is validated on the
TerraSentia platform, a light-weight, compact
four-wheel robot commercialized by EarthSense.
All the wheels are actuated independently on the
low-level by the only accessible control inputs:
the linear and angular body velocities (v,w).
The important sensors for this work are a Bosch
BNOO055 IMU (Inertial Measurement Unit), a
Zed-F9P GPS (Global Positioning System), and
a Livox Mid-360 3D LiDAR, all connected to a
Raspberry Pi 3.

2.2. Stage I: Controller Training

In the first stage, a dataset of expert demonstra-
tions is collected from two kinds of experts: a
nonlinear model predictive controller (NMPC),
with several parameter configurations, and a
heuristic algorithm. The NMPC implements
a waypoint following navigation configured to
mimic the under-canopy navigation, while the
heuristic algorithm performs low linear velocity

and high angular velocity turns to simulate a
change of row over-canopy.

The expert knowledge from the final dataset is
compressed with knowledge enhancement into
a structured latent space by using the Imi-
tation Learning (IL) paradigm. To compress
knowledge from different experts into a sin-
gle latent space, we adopt a control-oriented
Variational Autoencoder (VAE) [2] architecture,
that we call Locomotion Primitive Controller
(LPC), and a discrete, vector-quantized counter-
part (VQ-LPC) based on the Vector-Quantized
Variational Autoencoder (VQ-VAE) [4]. In the
Stage I of training, an encoder constructed by
MLPs maps the proprioceptive state sf (past
actions and body velocities of the digital twin in
[saac Lab) and a future reference s extracted
from the dataset expert trajectory to the latent
space. Later, a decoder, also constructed by
MLPs, generates an action a; based on the se-
lected latent instance. The training objective is
to minimize a loss function composed by a re-
construction term and a latent one. While the
latent loss is the standard for either VAE or VQ-
VAE, the reconstruction loss in this case is the
normalized error between the controller action
a; and the expert action aj:



DOO0) .
Categorica'(i_) 0000 .

o000 ) 5 7 >

O o O codebook
O O
. . =
s_e . . Stage 1 Frozen VQ-LPC
.
ol No
encoder policy head o 5
o]
N(mu,std) E— — . . —_— = a
. .
OO
latent space decoder

Stage 1 Frozen LPC

Figure 2: Stage II full network architecture

IL problems where the agent tries to learn di-
rectly the action distribution of the expert (Be-
havior Cloning), a roll-out dataset aggregation
(1) is needed. In our case, we show empirically
) by monitoring the rate of out-of-distribution
(OOD) actions of the models in the Stage II that
in our setting this is not required.
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+ Bellze — sglell3 Stage II of training is summarized in Figure 2:
the Stage I encoder is discarded, while the de-
coder (and, for the VQ-LPC variant, the code-
book) is loaded and frozen, becoming the ac-

where 8 and (. are latent coefficients used to
weight the losses and sg-| is the stop-gradient
operator. Additionally, some state-conditioned
controller variants are tested. In those vari-
ants, the decoder is conditioned on both the la-
tent vector and the last action, pg(as | z¢, a¢—1),
through a low-level controller module (LLC)
that balances the contribution of the latent vec-
tor and of the past action. The training process
happens in our simulated environment. In the
environment, each agent is spawned at a random
position and orientation, the wheel friction co-
efficient is randomized, a random constant force
and sudden impulse torques are applied for each
episode. A random episode is chosen for each
agent from the dataset, where the episode starts
at the frame where the first non-zero action from
the expert is applied. The network receives its
inputs centered in the robot reference frame,
and the episode stops and another one is se-
lected when there are no more available privi-
leged information from the dataset. Usually in

tion space of a perception policy (a new en-
coder) trained by Proximal Policy Optimization
(PPO) [5]. In PPO, an actor-critic method, a
policy and a value function are optimized simul-
taneously. The loss function is a combination of
three terms: the surrogate loss, the value func-
tion loss, and the entropy loss

LPPO = Et [LtCLIP — ClLYF + CZS[T(QH ) (3)

where ¢y, co are coefficients for balancing the
terms. The new encoder maps the exteroceptive
observation s, and in case of state-dependent
controller also the last action, to the latent space
by means of a policy head composed of MLPs.
For the LPC, the policy head outputs a diagonal
Gaussian over the continuous latent space; for
the VQ-LPC a categorical distribution over the
frozen codewords. sf; can be, depending on the
task and the implementation, a robot-centric Li-



DAR occupancy grid, a feature vector of a fine-
tuned perception backbone, or a waypoint in the
robot reference frame.

Three tasks are performed with the controllers
trained in Stage I: waypoint-following, under-
canopy navigation, row-change over-canopy. For
the first task, the domain randomization tech-
niques presented in Stage I are re-used. Each
episode starts with the agent in a random po-
sition and orientation and the first waypoint is
spawned. When the agent gets close enough to
the waypoint, it obtains a reward and a new
waypoint is spawned. An episode terminates ei-
ther with a time-out after 20s (success), or when
the agent does not reach the waypoint in time
(fail). The reward function is simple and com-
posed by only sparse rewards:

Ryp = wqr® + wer?, (4)

where wy and w; determine the weight respec-
tively of reaching the waypoint and a fail. For
the two agricultural navigation tasks, the ran-
domization happens with noise on the LiDAR
readings, random position and orientation of
the plantation rows, random (unperceivable by
the agent) obstacle diameter, range of agent’s
spawning position and orientation. In this case
an episode terminates either positively (reached
the goal position) or negatively (collision or
time-out). The reward functions are again sim-
ple:

Ryc = wyr® + wer + wyr?, (5)
Ryc = wor® + wgr® + wer®, (6)

where wg, wy, w. are sparse reward coefficients
which weight, respectively, goal reached, time-
out, and collision. The only dense reward used is
in row-change task, and it is intended to penalize
unexpected actions for a specific task.

3. Results and Discussion

3.1. Simulation results

The pipeline for simulation results was divided
into two stages: we first trained different con-
trollers from a single NMPC expert and eval-
uated on under-canopy navigation, we then se-
lected the two best controllers and re-evaluated
them on the full pipeline (multiple experts, three
navigation tasks).

The tested controllers were a LPC, a VQ-LPC,
and their state-dependent variants. All those
reached high success rates, reasonable OOD-
action rates, and were able to perform the under-
canopy task with sparse rewards only. We
also tested a direct PPO agent without any
pre-trained module, similar to the one from
our first baseline [3]: with a direct end-to-end
approach, under-canopy fails without carefully
shaped dense rewards, and its action histograms
revealed unrealistic, hard to deploy behavior,
confirming the benefits of the pre-trained con-
troller. Once the best controllers were selected:
a LPC and a state-dependent VQ-LPC; we
tested the full pipeline. The new dataset com-
bined six NMPC experts with the row-change
heuristic. Controllers were re-trained success-
fully, with higher losses but valid structure. In
Stage II, both reached up to 100% success rate
on all three tasks, with the VQ-LPC training
being slightly more stable. The OOD action
rate remained around 1% for the LPC and be-
low 0.7% for the VQ-LPC. Furthermore, in row-
change task, the VQ-LPC was able to be trained
with w, = 0, therefore completing all the navi-
gation tasks with sparse rewards only.

3.2. Sim-to-Real Transfer

The training environment in Isaac Lab im-
plements the TerraSentia model dynamics on
the PhysX engine. Faithful wheeled locomo-
tion is notoriously hard in this framework, and
many works drive wheeled platforms through a
dedicated module rather than the physics en-
gine. Those solutions bottleneck domain ran-
domization; we therefore implement a sim-to-
real pipeline to close the gap between the digi-
tal twin and the real robot instead of using an
external module.

To close the locomotion gap, three corrections
to the twin were applied:

e the wheel-actuator response time was re-
duced, by increasing joint damping, arma-
ture and friction, so the twin reaches its
commanded velocity slightly faster than the
real robot and the action commands do not
oscillate;

e front and rear wheel speeds were equalized
through per-joint motor tuning to remove
lateral bias;

e the angular velocity command was cor-



rected by using RTK-GNSS corrected real
robot’s trajectories as ground-truth, since
the twin completed maneuvers only at un-
realistically high w.
To close the perception gap, the readings from
the 2D multi-channel LiDAR from simulation
had to match approximately the real 3D LiDAR
ones. With a statistical analysis of real scans,
collected by teleoperating the robot in late-stage
soy, field of view and channel count in simulation
were fixed.

3.3. Field validation
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Figure 4: VQ-LPC codebook space.

Real expert demonstrations were collected
across Campus 1 of EESC (Escola de Engen-
haria de Sao Carlos), Sao Carlos, SP, Brazil.
We collected 30 NMPC demonstrations for a to-
tal of 16.95min, where each episode has mini-
mum 13 waypoints reached, together with three
episodes row change demonstration of 16.85min.
All the episodes were collected on grassy terrain,
and odometry was provided by Direct LiDAR-
Inertial Odometry (DLIO), preferred over an
RTK-GNSS pipeline because of heading oscilla-
tions. We then proceeded to train the two con-
trollers validated in simulation, with the same
network inputs and structure. The results of
training are much better than the ones obtained
in multi-expert configuration. This is probably
due both to the lower variety of DR achievable
in real life and to the dataset size. In Figure

3 and 4, the well structured latent space of the
two models is shown.

To validate the waypoint following task, we com-
pared our models with the best NMPC config-
uration we found. We decided to test the mod-
els in three different types of terrain: a grassy
terrain (the same used for data collection), a
loose granular terrain, and asphalt. The re-
sults are exposed in Table 1. The trained con-
trollers bring some improvement over the base-
line NMPC in the configuration used for data
collection. Furthermore the LPC was tested
against the critical NMPC configurations on
grassy terrain: low waypoint tolerance and close
waypoint spawning range. In the first case the
LPC success rate was 90% against the 20% of
the NMPC, while in the second case 90% against
50%.

To validate the under-canopy navigation task,
we trained the three different models:

e Phantom, the LPC controller where the
Stage II encoder is the fine-tuned Crow [1]
perception module.

e VQ-Phantom, the VQ-LPC controller
with the fine-tuned Crow [1] perception
module.

e LPC-Occupancy, the LPC controller
where the Stage II encoder is trained from
scratch in simulation using the occupancy
grid pipeline.

All those models are tested in a real agricultural
scenario in Embrapa Instrumentagao (Sao Car-
los, Brazil), and compared with the project’s
baseline for under-canopy navigation: Crow.
Because of the late season, the two agricultural
tasks could be validated only on late-stage soy.
The four aforementioned models are deployed on
four different rows, where each row had six ded-
icated experiments. The average hits per row is
exposed in Table 2. We can conclude that the
pre-trained perception backbone improves sig-
nificantly the under-canopy performances, with
Phantom models performing far better than the
LPC-Occupancy model. Also, Crow model per-
forms overall worse than Phantom, meaning that
the domain randomization and the avoidance of
an interface in between controller and perception
module strongly helps the model.

For the changing row task, the tests happened
over 5 different exit rows, where the same row
was picked twice per module. The tested mod-



Controller | Grass | Granular | Asphalt | Succ.
NMPC 9/10 8/10 9/10 86.67%
LPC 10/10 9/10 10/10 96.67%
VQ-LPC 9/10 9/10 10/10 93.33%
Table 1: Waypoint-following success across terrains.

ules were this time only ours, and the results are
shown in Table 3. The Phantom modules com-
pleted up to 80% of the trials, whereas the one-
shot occupancy-grid encoder, effective in simu-
lation, never succeeded in real soy.

Model R1 | R2 | R3 | R4
Phantom 0.67 | 1.83 | 1.83 | 1.00
VQ-Phantom 1.00 | 2.67 | 1.67 | 1.83
Crow 2.67 | 3.50 | 2.17 | 1.33
LPC-Occupancy | 2.67 | 4.33 | 3.50 | 3.17

Table 2: Under-canopy navigation model perfor-
mance in late-stage soy.

Model Task completions
Phantom 80%
VQ-Phantom 70%
LPC-Occupancy 0%

Table 3: Row-change completion rate.

4. Conclusions

This thesis introduced Phantom, a two-stage
hierarchical learning process for wheeled robot
navigation validated on the TerraSentia robot.
Our idea was to first train a controller by shap-
ing expert knowledge into a structured latent
space using privileged information, and then to
reuse that frozen module with exteroceptive in-
formation to solve several distinct navigation
tasks. We demonstrated the following improve-
ments against the baselines of this project:

e With respect to the direct end-to-end
approach from [3|, Phantom provides a
broader DR suite, a validated sim-to-real
pipeline, and the ability to generalize to
sparse-reward navigation tasks.

e With respect to the NMPC, Phantom re-
moves the dependence on an accurate state
estimate, making it more robust to uncer-
tainty and efficient across different terrains
and configurations.

e With respect to Crow, Phantom avoids in-
formation loss and, thanks to domain ran-
domization, is robust to poor LiDAR read-
ings.

Future works may try to assemble a complete
navigation system that performs both under-
canopy and row-change, or to include past ob-
servations in the network pipeline.
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