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Depth-Constrained ASV Navigation with Deep RL
and Limited Sensing
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Abstract—Autonomous Surface Vehicles (ASVs) play a crucial
role in maritime operations, yet their navigation in shallow-water
environments remains challenging due to dynamic disturbances
and depth constraints. Traditional navigation strategies strug-
gle with limited sensor information, making safe and efficient
navigation difficult. In this paper, we propose a reinforcement
learning (RL) framework for ASV navigation under depth
constraints, where the vehicle must reach a target while avoiding
unsafe areas with only a single depth measurement per timestep
from a downward-facing Single Beam Echosounder (SBES). To
enhance environmental awareness, we integrate Gaussian Process
(GP) regression into the RL framework, enabling the agent to
progressively estimate a bathymetric depth map from sparse
sonar readings. This approach improves decision-making by
providing a richer representation of the environment. Further-
more, we demonstrate effective sim-to-real transfer, ensuring
that policies generalize well to real-world aquatic conditions.
Experimental results validate our method’s capability to im-
prove ASV navigation performance while maintaining safety in
challenging shallow-water environments. The code is available at
https://github.com/Isla-lab/depth-constrained-aquatic-navigation

Index Terms—Autonomous Vehicle Navigation; Learning and
Adaptive Systems; Reinforcement Learning; Gaussian Process
Regression; Sim-to-Real Transfer

[. INTRODUCTION

UTONOMOUS Surface Vehicles (ASVs) are unmanned

vessels increasingly used in maritime operations such
as environmental monitoring, search-and-rescue, and surveil-
lance. However, they face major challenges in dynamic aquatic
environments, where currents and waves complicate precise
navigation and the development of robust control strategies [/1]],
[2]]. These challenges are amplified in shallow waters, where
strict depth constraints apply. Recent advances in bathymetric
surveying highlight the need for millimeter-level positioning
accuracy, especially in coastal regions under 2.0 m deep, where
rock formations and artificial structures create highly complex
navigation conditions [J3]].

Deep RL has recently shown promise in robotics for
tackling such complex problems [4], [S]. Model-free policy
search develops parametric policies through direct interactions
with the environment, making it suitable for tasks that are
difficult to model. This approach allows optimizing high-
capacity neural networks capable of handling diverse state
representations, providing flexibility in algorithm design.

We address the problem of ASV navigation under depth
constraints using RL, where the vessel must reach a target
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Fig. 1: Illustration of the improved observation space achieved
through GP.

while avoiding both shallow and deep unsafe areas. We focus
on the practical case of limited sensing: a single downward-
facing Single Beam Echosounder (SBES) providing only one
depth measurement at the current position. This reflects the
growing trend toward low-cost, lightweight, and easily de-
ployable ASVs for environmental monitoring, where minimal
sensor setups reduce complexity and cost [6].

This requires the agent to infer unsafe areas without explicit
knowledge of their positions, making the environment partially
observable. In RL, partial observability is typically addressed
through belief-state methods [7]], history-based methods [8]],
model-based approaches [9]], or direct observation [10]. We
frame the problem as belief-state estimation and employ
Gaussian Process (GP) regression to incrementally build a
spatial belief of the bathymetric map from sparse SBES
readings (Figure [I). While GPs provide principled uncertainty
estimates, predictive variance often saturates in regions with
little data due to kernel and approximation limitations [11]],
leading to overconfident predictions and unreliable uncertainty
quantification.

To address this, we extend local and sparse GP approaches
[12], [13]] with a confidence mechanism that mitigates variance
shrinkage in unobserved regions. The resulting belief map,
updated in real time, is embedded in the agent’s observation
space, improving policy learning and transfer.

We validate our method through sim-to-real deployment on
a custom-built ASV equipped only with an SBES, requiring
no additional fine-tuning in real-world tests (Figure [7).

The main contributions of this paper are:

o A spatial belief model based on localized GP regression
for uncertainty-aware depth estimation from sparse SBES
readings.

« A novel confidence-based mechanism to mitigate vari-
ance saturation in GP models.



2 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED OCTOBER, 2025

o The first integration of real-time belief updates into an
RL policy for depth-constrained ASV navigation.
o Effective zero-shot sim-to-real transfer, with a trained
policy deployed on a real ASV without fine-tuning.
II. RELATED WORKS

Current research in the domain of aquatic navigation, partic-
ularly surface navigation using ASVs, generally falls into three
primary categories: Model-based methods, RL-based methods
and depth-constrained navigation approaches.

A. Model-based Aquatic Navigation

Model-based navigation approaches, such as Model Predic-
tive Control (MPC), leverage a system dynamics model to
predict future states and optimize control actions accordingly.
These methods have been widely used in ASV navigation due
to their ability to handle constraints and provide stable, inter-
pretable control; however, they often struggle with modeling
inaccuracies and computational complexity in highly dynamic
environments [[14], [15]. Unlike model-based approaches, RL
does not rely on an explicit dynamics model, allowing it to
handle unmodeled effects and adapt to complex environments.
Following recent trends in complex domains such as UAV
control [[16], we focus on RL, which has been shown to out-
perform optimal control not by optimizing the same objective
more effectively, but by optimizing a more suitable objective
that accounts for real-world complexities, leading to more
robust control strategies.

B. Reinforcement Learning for Aquatic Navigation

A fundamental challenge in navigation is obstacle avoid-
ance. In our case, the objective is to avoid unsafe areas, such
as shallow regions, which act as obstacles. However, unlike
traditional settings, we do not have access to direct distance
measurements to these hazards—for example, no side-scan or
multi-beam sonar—making the task more challenging.

Several studies have applied RL to collision avoidance
and path planning in aquatic environments. Zhou et al. [17]
developed RL algorithms for both single and multi-ASV path
planning with a focus on obstacle avoidance, though their ap-
proach assumed perfect knowledge of obstacle locations within
a fully observable simulated environment. Meyer et al. [18]
used rangefinder-based perception systems to train RL agents
to avoid static obstacles. Other studies have also addressed ob-
stacle avoidance [19]-[22], but all incorporate explicit obstacle
information through sensors such as rangefinders or positional
data.

The key distinction of our work is that it relies solely on
a single SBES, provides depth readings only at the ASV’s
current location. We construct a probabilistic model to infer the
surrounding areas, whereas existing RL. methods for aquatic
navigation use sensing mechanisms that directly detect obsta-
cles.

C. Depth-Constrained Navigation

Research focusing specifically on depth-constrained naviga-
tion has primarily utilized waypoint-based strategies [3]] and
adaptive control mechanisms [23] to ensure safe operation
in varying underwater topographies. These methods rely on

Fig. 2: Generated depth maps showing target point (red dot),
unsafe area boundary (red dashed line at Lg level), and
shoreline (outermost contour). Inset shows ASV navigating
near shallow waters.

predefined paths or reactive control adjustments based on
bathymetric data. Our research bridges these domains by
employing RL techniques to solve the depth-constrained navi-
gation problem using insufficient sensory input. By training an
RL agent to effectively interpret limited depth information, we
enable autonomous navigation in shallow-water environments
without requiring comprehensive bathymetric maps or multiple
sensing modalities.
I11. METHOD

We now introduce the depth-constrained ASV navigation
problem and outline our RL- and GP-based solution.

A. Task Definition

The depth-constrained ASV navigation task (Figure is
formulated as an optimization problem, the objective is to
minimize the distance to a designated target while avoiding
unsafe areas, represented by the shoreline and regions where
the water depth exceeds the maximum allowable depth Lq. In
practice, Lg is application- and hardware-specific, determined
by the maximum safe depth at which reliable measurements
can be obtained.

The ASV relies only on a downward-facing SBES, which
is used to detect and avoid unsafe areas based on depth
measurements.

Our goal is to develop a generalizable strategy for solving
this task in unknown water basins, starting from a RL policy
learned in arbitrary simulation environments. To this aim, we
use online GP regression to estimate the depth map of the
basin, as the ASV navigates and collects readings from the
SBES. We then define the navigation problem as a POMDP,
with an additional observation given by the GP estimation.

B. ASV Dynamics

Following [24], the ASV is modeled as a six-degree-of-
freedom (6 DOF) rigid body system with mass m. The
nonlinear dynamics are governed by the following equations:

mUu+aqw  rv) = Xe; Ikp+z  ly)gr =Ky
mv+ru pw)=Yye; ha+(x I)rp=Mg (1)
mw+pv  qu) =Ze; lr+(ly  L)pg = Ny

where X, Yior, and Z, represent the resultant forces in surge
(X), sway (Y), and heave (z) directions, while Ky, My, and
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Nt denote the moments about the rof) (pitch (), and yaw conjugate prior framework, ensuring that new data incorpora-
(z) axes.ly, |y, andl, are the principal moments of inertia,tion leads to tractable sequential updafes [25]. The resulting
with u, v, w andp, g, r representing the linear and angulaposterior distribution re ects both prior knowledge and the

velocities in the body- xed frame. impact of the new observation on the regions near the current
o location.
C. GP depth estimation To mitigate variance saturation in regions with sparse

Incorporating a single depth measurement per timestdpta, we de ne a con dence prox¢ that leverages the GP
provides insuf cient information about the underlying depttgovariance structure to better distinguish between observed
map, making navigation challenging, as evidenced by tla&d inferred locations. This proxy provides a more reliable
poor performance of our baseline model w/o GP in empiriceihcertainty Signal for downst_ream decision-making. _
evaluation. To address this limitation, we employ localized GP For each estimated locatiox;, the con dence proxy is
regression to estimate the depth of nearby locations, leveragiiyned as:
past SBES readings to construct a probabilistic representation ,

: X . C(x}) = : = | . (5)
of underwater terrain where the posterior update at locatjon t kore K(XE XK) oom KX XK)
considers only points in the local neighborhaddd(x). This . .
L : . . whereO represents the set of previously observed locations.
localization reduces computational complexity and emphasizes

) . L . e denominator ensures normalization by considering the
nearby depth information, which is most relevant for real-time . . . S
R total covariance sum over all spatial locations, restricting
ASV navigation.

i .
This approach enables the vehicle to infer depth variatio% .Xt) to the range(0; 1]. Furthermore, for Every obsgrved
aint X¢, the con dence proxy is set t€(x¢) = 1, ensuring

beyond its measurement, improving decision-making in sparse .
. " maximum con dence.
sensing conditions.

T . . After applying the update, the measuremdrt;z) is
thelz_el}nddér\F/evat!er nggzofttgﬁqgot%tleni?\j ?eecrg:] d;ugcggza?fjiscarded and does not affect future updat_es. Thi§ Iocali_zed
s . GP update enables the ASV to re ne depth in real-time while
measuremery; corresponding to the deptifx;) at its current . . .
locationx. 2 R2. given b ensuring computational ef ciency.
t 9 y D. Gradient-Based Extrapolation
ze = d(x¢) + N (0; &ges): (2)  To enhance coverage along the boat's trajectoryg/, ,
we introduce a lightweight extrapolation strategy. Assuming
cal smoothness of the bathymetric functidnwe estimate
e depth at a forward positios, = Xy + su¢, where s
enotes a xed step size ang is the unit vector along the
current heading direction of the ASV, using a nite-difference
C;':}Jg)proximation of the directional derivative:

S P S
p xi20 k(xt;x!) _ p xl 20 k(xi;x))

where is the measurement noise andges is the sensor's
variance. To maintain computational ef ciency and integratJ
with the RL pipeline, we represent the depth belief on a 2
grid where each cell covers cn?. This discretisation
applies only to the depth map representﬁid'mat is, the
continuous domain is discretized into a regular grid, and
estimates are maintained at the center of each grid cell. Let B=z+ S 2 & (6)
M (x¢) = Fx% k(x¢;x9 > ¢ denote a local neighborhood KXts1 Xtk
of x¢, wherek is the covariance function. Within this region, We treat(x;%) as a pseudo-observation and incorporate
we assume a GP prior: it into the GP model with reduced con dence, assigning
) . . C(x) = for a tunable < 1% This improves predictive
d(x) GP (1(x)ik(xuix); (3) density in unexplored regions, aElvaIidated by ablation studies.
where (x) is the prior mean function. For each location2 E. POMDP Formulation

M (x¢), where the subscript denotes the current timestep A partially Observable Markov Decision Process (POMDP)
and the superscriptis the index of theé-th neighbor location [26] is a tuple (S;A;O;P;Z;R; ), where S is a set of

within the local setM (x.), the posterior parameters of thepartially observablestates A is a set ofactions Z is a set

Gaussian process are updated by incorporating the new dg@bservationsP: S A ! ( S) is the state-transition
in a Bayesian manner. mode] mapping to a probability distributiorf ) over states;
5 , 2(xly 2 O:S A! ( Z)istheobservation modeR is thereward
1 (X¢) = W functionand 2 [0;1) is adiscount factor The probability
' 5 (Xi)+t Zéx‘) . (4) distribution over state® = ( S), called belief is used to
t+1 (X)) = & ! 5 L i t 5 v model uncertainty about the true state. The goal of solving a
fx+ & POMDP is to compute a policy : B! A, to maximize the
where ) expected return: . "
2 _ SBES
Y k(xt )2 Ea 'R(st;a) - (7)
represents the sensor variance weighted by the covariance t=0

functionk. The update mechanism derives from the GaussianWe now specialize the POMDP formulation to the depth-

constrained navigation problem as follows:
10Observations and actions remain continuous.

2In our experiments, we set= 0:01 based on empirical observations. SEmpirically, we set =0:9.
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this objective, we de ne the following reward function:
8

2 I'suc if success

R(st;a;ste1) = Trai if fail ;
' 1 d  2fback  3ldepth Otherwise
(10)

where 4 denotes the change in the geodesic distance to the
goal from the previous statep,ck = j min(ug; 0)j quanti es
the extent of backward movement. We penalize backward mo-
tion because, in reality, the ASV's reverse movement is limited
Fig. 3: lllustration ofr geptn - by signi cantly reduced control and ef ciency. Additionally,
ldeptn at timet is de ned by
8

1) Transition Model: For practical control applications, a >0 if 1Ly 2z < 5Lg
reduced-order 3 DOF model of the ASV dynamics (explained [ depth = % z 2 if2Lq z <Ly (11)
in 111-B) is typically adopted by constraining pitchg), roll > 3

1 - 1
(p), and heavew)) motions through the assumptiops: q= L, 3be 2 10 z<3lg

w = 0. This yields the simpli ed horizontal-plane dynamics:wherez, is the depth at tim¢, andL 4 de nes unsafe regions.
No penalty is applied within the safe randéLg; 5Lq);
mu V)= Xeg MY+ 1u)= Yo l.1.= N (8) outside this, the penalty increases linearly. This encourages
- - - the agent to maintain a safe depth, avoiding shallow and
C . . d:leep extremes (see Fig. 3). Additionally, discrete rewards
This simplied formulation retains only surge, sway, an : . ;
: . R : are provided for specic events. A large negative reward
yaw dynamics while eliminating cross-coupling effects from _ o .
lai = 100 is given upon entering to unsafe areas, or

vertical and rotational modes, maintaining suf cient delity.. L . -
o L timeout event, terminating the episode. A large positive reward
for surface navigation control objectives [24]. _ o !
rsuc =200 is given when the target is reached.

2) Action space:At each time stet, the policy outputs a
two-dimensional action vecta; = [u;;! ;] whereu; and! ; IV. EXPERIMENTS
are the linear and angular velocities in the body frame of thewe design our experiments to answer the following research
ASV, respectively. The action space is continuous and bound@gbstions:

within the kinematic limits of the ASV. RQ1 How does the success rate of our method compare to

3) Observation spaceAt each time stef, the agent re- that of a privleged model with access to true depth
ceives a temporal sequence of observatfang; +, including gradients?
key environmental and agent-related variables. SpecicaligQ2 What is the impact of GP regression with respect to the
each observatiorp; includes the relative target's position single SBES information from the depth sensor?

in polar coordinates a§ri; i), wherer; denotes the radial RQ3 How does our model compare to a safe RL approach
distance and; denotes the angular distance in boat frame; the  [27], where the goal is to nd an optimal policy under

linear acceleration; and angular acceleratidn; the previous the constraint to keepgeptn = 0 (i.e., the ASV shall
actiona; 1; the current depth readirg; the estimated depth remain in the safe zone)?
gradients and the con dence proxy in four primary directionRQ4 How does our online GP-based estimation of the local
forward, backward, right and left. Let™ be the adjacent po- depth map compare to a pre-trained LSTM network?
sition in the main directions to the;, wherem 2 f f;b;l;r 9. RQ5 How well does our methodology generalize out of the
For each direction, the gradient is computed as: training dataset, both in simulation and in a real depth-
constrained navigation task?
m _ _t+l xm") z We begin by describing the implementation details and the
"= (@ el
i i training setup. Next, we assess the performance of our ap-

proach in simulation, followed by an evaluation of the learned
where z; is the current depth reading and.1 (x") is the policy in real-world experiments.
predictive mean function evaluated at the corresponding posi-
tion. Additionally, the con dence proxy valueS(x") where A Implementation and training details

2ffb;l; h i i ith h o . - .
m ;b;lir g represent the uncertainty associated with eac X\/e generate 120 depth maps in simulation for training (Fig.

gradient estimate. This structured representation enables ég randomizing the shoreline and denth values with radial
policy to interpret depth variations and environmental Changgradients rllf)lis?e and SlterinQI; techniqueg Ti\wle lin;p\éware sizled
based on partial observations, aiding decision-making. P . ' .

P g 9 50 50 m with a depth resolution ofl0cn?. The dynamic

~4) Reward function:The Bathymetry-Aware ASV naviga- moqe| of the ASV is used to implement a vectorized OpenAl
tion task aims to minimize the distance to the goal while en-

suring that the ASV remains clear of unsafe areas. To achievéror this work, we set 1 =5, =1, and 3 =0:05.
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TABLE |: Performance comparison of different models on the

navigation task on 100 unseen depth maps for 1000 episodes.

Method SR (%) ESA MDB (%)_ VS _ HS _
Priviieged | 85.78(x1.54) 0.781(x0.15) 5.66(¢1.16)  69.71(26.78) _ 24.70(215.06)
wio GP 5452(x2.42) 0.222(x0.14) 10.98(x2.12) 36.58(x7.20)  8.73(x4.72)
Safe-RL | 23.98(x20.73) 0.325(x1.15) 58 (+16.83) 88.96(x8.95) 68.98(+12.50)
LSTM-based | 56.08(x2.21) 0.220(+0.04) 16.62(x4.25) 44.68(x4.12)  25.44(+10.19)
Our Model | 76.26(x2.44) 0.745(x0.28) 12.16(+1.64) 56.64(x11.02) 22.21(+1152)

on average, with limited variance (hence being more robust).

This is slightly worse than the performance achieved by the
Fig. 4. Mean success rate over 5 million training stepgrivileged model (red), which attains 85.45% success rate
averaged across 5 random seeds for each approach. on average, showing that our GP-enhanced RL architecture

well approximates full environmental awareness, requiring less
gym environment, which allows for simulating multiple ASV'ssensory information (RQ1). In contrast, the model without GP
in parallel, achieving approximately 2000 FPS on a singlaformation (yellow) achieves 60.34% success rate with larger
GeForce 4070 GPU. The RL environment is implementedriance, highlighting the key contribution of GP regression
using the Stable-Baselines3 [28], and the safe environmgRiQ2). The safe RL approach (purple) performs worst (22.6%
is constructed with the OmniSafe [29]. For our proposealerage), possibly because SACLag's cost function constraints
method, we employ a two-layer multilayer perceptron (MLP)estrict exploration and learning ef ciency, leading to subopti-
with 256 units per layer. We train our agent using Soft Actomal policy updates. It also exhibits high variance, suggesting
Critic (SAC) [30], which is a popular off-policy reinforcementlearning instability (RQ3).
learning algorithm that maximizes reward while optimizing To evaluate RQ4, we replaced the GP module with an LSTM
for entropy, encouraging exploration and robust policies. Faetwork trained on 65k samples from pre-trained models,
safe-RL, we used the Lagrangian version of SAC (SACLagkeping all other components unchanged. An ablation study
[31]. For the kernel function, we used the well-known Radiaghowed that doubling the training data improved validation
Basis Function (RBF) kernel with a length-scale set to 3|8ss by < 0.5%, conrming 65k samples were suf cient.
empirically. We trained all the models for 5 million steps anturing RL ne-tuning, LSTM weights remained frozen. As
for 5 random seeds. shown in Figure 6, this neural surrogate suffered from dis-

The method does not impose strict requirements on mesbution shift, with success rates dropping from 76.33% (GP
surement frequency. In simulation and real-world experimentaodel) to 52.78% (LSTM), a 23.55 percentage point decline
the control loop ran at t = 0:01s (100Hz), while the that demonstrates the robustness advantages of our GP-based
SBES provided one depth reading at 10 Hz. Model inferene@proach.
averaged 0.002128's with std 0.005840's step, well below theTo evaluate generalization (RQ5), we tested the best poli-
control period, ensuring real-time operation. cies on 100 unseen depth maps, running 1,000 episodes
We evaluated approaches using ve metrics: Success Rp& model (see Table ). Results align with ndings from

(SR) measuring task completion percentage, Ef ciency ScorQ1-4. Our model performs closest to the privileged one
(ES) calculated as success rate divided by episodic length6.26% vs. 86.78% success), signi cantly outperforming the
Depth Break (DB) indicating episodes terminated by dept/o GP baseline (54.52%) and LSTM (56.08%), highlighting
constraint violations, Velocity Smoothness (VS) quantifyinghe importance of online GP regression over static neural
velocity change smoothness, and Heading Smoothness (hfadels. We also assessed thEciency score where our

measuring heading direction change rates [32]. method again ranks highest (0.745), close to the privileged
upper bound (0.781). Fomean depth breakpercentage of
B. Simulation Results episodes violating depth constraints), our approach ranks sec-

. . ond (12.16%), slightly behind the no-GP model (10.98%) but
We rst evaluate our proposed approach in S|mulat|or\1Nith signi cantly higher success and ef ciency.

against several baselines to comprehensively assess the PSE our analysis, an interesting pattern emerged when com-
formanc_e_: _ o paring model performance. Despite our model achieving a
1) Privileged model: This model has privileged access tyccess rate approximately 10% lower than the privileged
true depth gradients, bypassing estimation and servifghdel, the ef ciency scores between the two were similar.

as a performance upper bPU"‘d- . ~_ This efciency score can be attributed to our model's shorter
2) Model w/o GP: In this variant, the GP information is average episode length. The privileged model exhibited a dis-
omitted from the state space. tinctive movement pattern characterized by rapid acceleration

3) Safe RL: In this model, the cost is computed frampin  followed by abrupt deceleration when detecting depth gradi-
in Equation (11), omitting it from the reward functionents indicative of unsafe areas. This resulted in a sinusoidal
in Equation (10). trajectory along safe regions. Conversely, our model operated

Fig. 4 shows the success rate (i.e., percentage of episodéh inherent uncertainty regarding depth readings and esti-

where the policy reaches the target while keeping the deptfations, leading to more conservative movement strategies.
constraint) along the learning curve of the different algorithimis is important to note that this smoother trajectory is not an
on the training maps. Our model (green) achieves 76.33% 8Rerent advantage of our approach, but rather a side effect
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