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VDS-Nav: Volumetric Depth-Based Safe Navigation

for Aerial Robots–Bridging the Sim-to-Real Gap
Van Huyen Dang1, Adrian Redder1, Huy Xuan Pham2, Andriy Sarabakha2, and Erdal Kayacan1

Abstract—End-to-end navigation via deep reinforcement learn-
ing has become a key approach for vision-based tasks. However,
the sim-to-real gap remains a challenge, especially for aerial
robots, where policies trained in simulation often fail in real-
world environments. In this work, we propose a novel navigation
paradigm – volumetric depth-based safe navigation (VDS-Nav),
which trains a policy to infer linear velocities and yaw rate
directly from a sequence of depth images, bypassing the need
for a pre-trained latent space encoder. We enhance safety with a
depth-based reward design, enabling the seamless incorporation
of system constraints via logarithmic barrier function methods.
Most importantly, using explicit sensor information in our reward
design leads to seamless sim-to-real transfer by strengthening the
correlation between state-action pairs and received rewards. To
evaluate the effectiveness of VDS-Nav, we compare it to a baseline
that first trains a variational autoencoder to encode depth images
into a latent space for policy training. The simulation results
show that VDS-Nav outperforms the baseline in terms of success
rate. Furthermore, real-world experiments validate the policy,
with real-time performance closely matching simulation results,
suggesting an effective sim-to-real transfer.

Index Terms—Aerial robots, Vision-based navigation, Rein-
forcement learning, Reward engineering, Sim-to-Real transfer.

I. INTRODUCTION

V ISION-ONLY navigation methods have dominated re-
cent applications of unmanned aerial vehicles (UAVs)

due to their lightweight design and energy efficiency [1], [2],
[3]. However, a major challenge of vision-only navigation
frameworks is to develop robust and safe navigation algorithms
with limited resources, such as relying only on a depth camera,
to operate in unstructured and cluttered environments (Fig. 1).
Early research on vision-based navigation has employed a
modular approach, decomposing the navigation system into
perception, planning, and control. Therein, the perception
module estimates the states of robots by combining data from
various sensors, such as cameras and inertial measurement
units. Estimated states are then used as input to the planner and
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Fig. 1. Key elements of the VDS-Nav training paradigm. The top part shows
how a VDS-Nav agent perceives the world during simulation and its policy
architecture, which outputs linear velocities and yaw rates from a sequence
of depth images. The bottom part highlights the zero-shot deployment of the
trained architecture and successful navigation with a noisy depth camera.

controller [4], [5]. Although this approach offers transparency
into the interaction between these distinct modules, it often
leads to suboptimal performance, as it introduces latency in
processing and transferring information between modules [6].

Recent studies aim to unify navigation modules into a
single, end-to-end module to reduce latency. A perception-
control modularization is introduced in [7] in which perception
is trained separately to transform visual input into waypoints
or a latent representation vector. The waypoints are then
processed with a model-based trajectory tracking control [8].
The latent vector is used in conjunction with privileged data,
such as estimated states, for training navigation policies using
reinforcement learning [9], teacher-student learning [10], or
contrastive reinforcement learning [11]. This approach has
demonstrated effectiveness in transferring policies trained in
simulation environments to the real world, yet it poses the
risk of information loss due to image compression, which
may result in degraded performance. Alternatively, policies
can instead be learned end-to-end, combining perception and
planning, with deep reinforcement learning (DRL) to translate
directly an image into motion primitives [12], collision-free
trajectories [13], or velocity commands [14], [15]. Despite its
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advantages, the sim-to-real gap issue remains a challenge for
end-to-end approaches [14], [16], [17], [18], [19].

To address this challenge while retaining the benefits of
such approaches, we propose VDS-Nav, a method for training
a navigation policy that infers control actions directly from a
sequence of depth images without relying on a latent space
encoder. Our primary contributions are:

• A novel depth-based reward design to improve general-
ization of safe vision-based navigation by strengthening
the correlation between vision-action pairs and rewards
through a depth-based reward design, utilizing raw sen-
sor inputs, as well as privileged state information. This
enables effective sim-to-real policy transfer.

• Enhanced learning effectiveness of navigation policies
using volumetric vision inputs (i.e., a sequence of depth
images to provide spatial information about obstacle
locations and temporal cues about motion during training)
verified in ablation studies.

• Detailed simulation studies and real-time experiments in
comparison to baselines that use a latent space encoding
and traditional penalty-based reward design [9], which
show that VDS-Nav achieves state-of-the-art navigation
performance for static and dynamic obstacles.

The remaining parts of this manuscript are organized as
follows. Related works on learning-based methods for vision-
based navigation and reward engineering methods are summa-
rized in Section II. We briefly describe the problem formula-
tion in Section III. In Section IV, we explain our proposed
method. Section V describes our experimental setups, simula-
tion results, and sim-to-real transfer. Finally, the conclusions
are provided in Section VI.

II. RELATED WORK

Navigation problems are either solved with map-based or
mapless solutions. A map-based approach relies on a given
map to plan collision-free paths [20], [21]. A mapless approach
exploits onboard sensing data to select navigation actions.
For the latter, perception-control modularization [7], [8], [9],
[22] and end-to-end methods [14], [12], [13] are commonly
used to train navigation policies that can choose collision-
free trajectories, velocity, acceleration, or thrust commands,
using imitation learning [6], [14], [23], DRL [9], [12], [13],
or combined reinforcement and imitation learning [10], [24].
In addition, for mapless navigation, it is common for the sys-
tem/agent to perceive the environment using onboard sensors,
such as a camera, so that navigation policies must infer actions
from RGB images [14] or depth images [9].

Perception-control modularization starts training a feature
extractor that either generates collision-free trajectories using
model-based trajectory tracking control [8] or encodes a
depth image into a latent representation. The feature extractor
is then used in conjunction with privileged information to
train collision-free navigation policies through reinforcement
learning [9]. This approach helps to reduce the sim-to-real gap
because i) policies rely on latent representation, which contains
the essential, task-relevant information while disregarding low-
level visual details, and ii) randomization techniques [16] are

often applied to generate synthetic simulated RGB images [8],
[14] for training feature extractors, or simulated depth im-
age data [9] for training variational autoencoders. However,
compressing a single-depth image into a lower-dimensional
representation can result in information loss, which often leads
to performance degradation.

In contrast, end-to-end approaches unify perception, plan-
ning, and control modules into one architecture that is usually
trained using reinforcement learning algorithms such as deep
Q-Networks (DQN) [25] or proximal policy optimization
(PPO) [26] to maps raw depth images and relative positions to
motion primitives [12], or a collision-free path [13]. Although
end-to-end navigation policies are robust [8], they struggle
with high sample complexity and poor generalization to cir-
cumstances not encountered during training. Additionally, the
sim-to-real gap remains a challenge for learning-based policies
trained in simulation due to the mismatch between simulation
and the real world. To overcome high sample complexity, [10],
[24] utilize a privileged learning-by-cheating framework, in
which DRL is used to train the teacher policy with privileged
information, which is then distilled through imitation learn-
ing to obtain the student policy. To improve generalization
and reduce the sim-to-real gap, [14], [16] employ domain
randomization techniques to diversify training environments,
while [27] develops a simulation environment that resembles
the real-world environment with realistic depth sensor noises.

Despite numerous contributions in vision-based policy net-
work design and learning algorithms for both perception-
control modularization and end-to-end approaches, there is a
lack of structured reward design based on the actual sensor
perception of a system equipped with a depth camera. Typical
reward functions are designed based on global ground-truth
information or binary feedback, excluding the explicit use
of depth information. Consequently, such rewards can have
a significantly more complex (often more delayed) relation to
a vision-based state space, which can lead to a low correlation
between state-action and short-term rewards. For instance, [12]
designs a navigation reward function involving the distance to
a goal, sparse binary penalties for collisions, and penalties
for excessive deviations from a preplanned path to the goal.
[9] proposes a reward function composed of four terms that
reward the agent if it approaches the goal and stays there.
Additionally, eight terms penalize the agent for ensuring that
the commanded velocity vector lies within the field of view
of the depth sensors, thereby preventing a sideways collision
with the environment. The final term is a binary penalty if
the agent collides with an obstacle. Similarly, [24] introduces
a reward to reinforce the current yaw angle of the camera to
align with the next flight direction.

In contrast, our volume depth-based navigation policy is
trained end-to-end using a novel reward design, which includes
a term that uses the dot product between the system’s velocity
vector and the coordinate vector of every depth camera pixel.
With this, safe agent behavior can be reinforced continu-
ously and immediately, without the need to encode individual
obstacles. Most importantly, this leads to immediate strong
correlation between state-action pairs and rewards, and in our
experiments, to highly effective sim-to-real transfer.
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III. PROBLEM FORMULATION

In this work, we tackle vision-based UAV navigation prob-
lems that require autonomous exploration, such as search and
rescue operations or inspections in confined facilities. Thus,
we assume a mapless navigation problem, where the system
perceives its environment using an onboard depth camera. It
must navigate towards the open end of confined environments
using a policy in the presence of static and/or dynamic
obstacles. In other words, there is no explicit goal position.
The overall architecture of the policy network is described in
Fig. 2. We formalize the navigation problem as a discounted
cost Markov decision process (MDP) [28], represented by
a 5-tuple (S,A,R, p, γ). In this formulation, S = {O,P}
denotes the state space that contains a set of depth images
(O) and privileged information (P), e.g., the agent’s states
and collision binary signals. A represents the action space
for which a control vector a ∈ A including linear velocities
vx, vy, vz along x-, y-, and z-axes, respectively, and yaw rate
ψ̇ in the agent’s body coordinate system. This control vector is
then handled by geometric tracking control [29]. The reward
function R : S×A −→ R assigns a reward r(o,p,a) to the
agent based on the action a ∈ A taken while observing state
o ∈ O and privileged information p ∈ P. Additionally, p is
the conditional probability kernel that describes the probability
of state transitions given the current state and the action
executed. Finally, the discount factor γ ∈ (0, 1) is applied to
evaluate the long-term rewards of the decision-making process.

To solve this MDP, we employ DRL to train a policy πθ :
O → p(A) that maps states without privileged information
to a probability distribution over actions. Herein, the policy
is represented by a deep neural network parameterized by θ,
and πθ(a|o) represents the probability of selecting the action
a in state o. At each step of interaction with the MDP, the
agent samples and executes an action from this distribution.
Afterward, it receives a reward, and the next sensor state in
the environment. The policy πθ is updated sequentially using
finite trajectories from the interaction data to maximize the
discounted cumulative reward:

Jπθ
:= Eτ∼πθ,s0

[∑∞
t=0 γ

tr(st,at, st+1)
]
. (1)
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Fig. 2. The policy network takes only a sequence of depth images as input,
and it includes a feature extractor, an MLP, and an output layer.

IV. METHODOLOGY

This work focuses on solving depth-based navigation prob-
lems in a mapless manner using a model-free DRL method.
Various model-free algorithms for continuous action spaces
exist – such as PPO [26], deep deterministic policy gradi-
ent [30], or soft actor-critic [31]. In this work, we employ PPO
due to its balance of practicality, ease of implementation, and
deployment efficiency. We propose two major contributions
for our custom PPO implementation: i) the use of a sequence
of depth images in the state space and ii) a reward design that
uses explicit depth camera data to strengthen the correlation
between state-action pairs and rewards, and in turn to enable
effective sim-to-real transfer.

A. Volumetric depth-based policy network

This section details the policy network architecture when
using VDS-Nav, in which a sequence of several consecutive
depth images is used instead of a single depth image in the
state space. Each depth image has a resolution of 224× 224.
The update frequency of the depth camera is set at 50Hz.
We use a memory queue to store a sequence of the latest
consecutive depth images, and this queue is renewed at each
training reset. The sequence length is empirically chosen, and
the impact of its variation will be discussed in Section V.

Unlike [9], in which a variational autoencoder architec-
ture [32] has been employed to compress a high-dimensional
depth image into a very low-dimensional latent space vector
that is propagated to the policy network, including three
fully connected layers, 512, 256, 64 neurons, followed by
an ELU activation function, [8] has modified the DroNet
architecture [33] to obtain a lightweight convolutional neural
network (CNN) that allows on-board execution. [14] has built
both Q-function and perception-based policy based on the
VGG16 [34].

In this work, we simplify the VGG16 to obtain a lightweight
CNN for feature extraction. The feature extractor contains
three 2-dimensional convolution layers: conv1: filters 32, ker-
nel 8 × 8, strike 4, and padding 0; conv2: filters 64, kernel
4× 4, strike 2, and padding 0; conv3: filters 64, kernel 3× 3,
strike 1, and padding 0. Each convolution layer is followed
by a ReLU non-linearity function. We then add an Multi-
layer perceptron (MLP) containing two fully connected layers,
where each layer comprises 32 hidden neurons, with the ELU
activation function, and a linear output layer.

B. Depth-based reward design

Before going into details, it is worth noting that a piecewise
reward function is often established to train navigation policies
using DRL. The reward function typically comprises several
reward and penalty terms that vary according to specific
conditions. For most problems, one can easily write a sparse
reward function based on the task description, then apply
reward shaping techniques [35], [36] to overcome the temporal
credit assignment problem by utilizing privileged information,
such as ground truth agent’s states, predefined waypoints, and
goal position [9], [12], [24]. The privileged information can
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be easily obtained within the simulation environment, but may
be noisy or not be available in the real world. This discrep-
ancy may contribute to the sim-to-real gap, which can be
alleviated by applying domain randomization techniques [14],
[16], [27]. Additionally, if the privileged information used
in reward design is not given to the policy network, it will
usually lower the correlation between state-action pairs and
rewards; consequently, it may lead to learning inefficiency.
Naturally, using minimal privileged information while utilizing
observation states in reward design is intended to reduce the
sim-to-real gap, which in turn helps to perform the sim-to-real
transfer more effectively.

To achieve this, we propose VDS-Nav, a depth-based nav-
igation policy that maps a sequence of raw depth images to
control actions, which is trained end-to-end using a general
continuous reward design that uses raw depth images to
enhance the correlation between state-action pairs and rewards
for effective navigation and collision avoidance. In addition to
enhancing correlation, designing such reward functions also
necessitates a principled and interpretable approach, because
despite numerous successful works in reward design for nav-
igation tasks, there is a lack of intuition on how to construct
them strategically. To address this, we draw on a constrained
optimization problem, also known as nonlinear programming
problem (NLP), which has long been developed and widely
used in control theory and system optimization, providing a
principled framework that parallels reward design: the reward
corresponds to the objective, while task requirements can
be expressed as constraints. Inspired by this perspective, we
consider reward design as a task to define an NLP, allowing
us to adopt standard optimization terminologies and handle
task requirements through established methods, e.g., barrier
function methods [37], resulting in a clearer and more inter-
pretable formulation. This reward design is used to train a
policy that infers actions from raw pixels, guiding the agent
equipped only with a depth camera to fly ahead toward the
open end of confined environments while avoiding obstacles.

We denote the total operational space as C, which includes
the free space Cfree, the space occupied by static and dynamic
obstacles Cobs, and the unknown space which is considered in
a conservative planning manner. The objective is to keep the
agent flying forward (vBx > 0) within a certain height range
(zmin < z < zmax), while avoiding collision with obstacles
(x ∈ C \ Cobs). Hence, a constrained NLP can be written as

NLP: min
a

(∣∣∣ψ̇B∣∣∣)
Moving forwards: vBx > 0

s.t. Height limits: zmin < z < zmax
Collision avoidance: x ∈ C \ Cobs

,

(2)
in which a =

[
vBx , v

B
y , v

B
z , ψ̇

B
]T

is a vector of control actions
including linear velocity and yaw-rate commands in the agent’s
body coordinate, x =

[
x, y, z

]T
is a vector of translational

position of the agent along x-, y-, and z-axes in the inertial
frame, zmin and zmax are the lower and upper limits of the
agent’s altitude. Since the agent is encouraged to pass through
the open end of the confined environment, it is necessary to
minimize the absolute value of the yaw rate. Thanks to the

nature of the confined environment, e.g., open-ended hallway,
it discourages the agent with a low yaw rate from turning
sharply. We also add a small red cube at the end of the hallway
to indicate the finish.

The collision-avoidance constraint can be seen as ensuring
that the minimum Euclidean distance min(dobs,i) from the
agent to the nearest point on the facets of bounding volumes
that approximate the geometry of each obstacle is greater than
a safe threshold dsafe:

min(dobs,i) > dsafe ∀i = 1, 2, . . . N. (3)

Generally, we can obtain information about obstacles, such
as their states, shapes, and sizes, when training a DRL agent in
simulation. However, we often randomize scenes to attain gen-
eralization by varying these attributes. Consequently, gathering
information on these entities results in longer training times.
Instead, we usually get a binary signal (true or false) that
indicates whether a collision happens between the agent and
obstacles. The lack of detailed information makes it infeasible
to define the constraint described in (3). Additionally, once
the agent has passed an obstacle, its information is no longer
needed. Thus, we use depth data from the front-facing camera
to establish a depth-based constraint that facilitates effective
collision avoidance. Intuitively, the agent can comprehend
collision avoidance through its movement in relation to its
surroundings. As the agent moves straight toward an obstacle,
the angles between its velocity (also the commanded velocity)
and the unit vectors from the camera to the obstacle’s pixels
in the depth image stay small. Thus, we can use an inner
product between the commanded velocity and the unit vectors
pointing to obstacle pixels to indicate the level of safety or risk
of collision, illustrated in Fig. 3. The inner product between
the commanded velocity and the unit vector is defined as

Ii,j = v · ui,j i = 1, 2, . . . ,H; j = 1, 2, . . . ,W, (4)

where H ×W represents the resolution of the depth image,
Ii,j is the inner product between the agent’s velocity v in its
body coordinates, and ui,j is a unit vector that points from
the camera to the < i, j >th pixel. The unit vector ui,j is
determined based on intrinsic camera parameters,

ui,j =

[
i·f
W , j·fH , f

]∥∥[ i·f
W , j·fH , f

]∥∥ , (5)

Camera

Raw depth image (H ×W )

ROIi

h× w

vBx

v

vBy

vBz

uROI
i

Fig. 3. The inner product (v ·uROI
i ) indicates whether the agent is likely to

move toward an obstacle or away from it.
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in which the camera is described with a pinhole model,
and f is the focal length. To account for the computational
complexity that grows with the image size, we split the image
into M regions of interest (region of interests (ROIs)) to
concentrate on these key areas instead of calculating unit
vectors for every pixel. Each ROI gets an average value of
the surrounding pixels defined by

dROI
i =

1

h× w

h×w∑
j=1

dj i = 1, 2, . . . ,M, (6)

where dj represents the relative distance between the camera
and obstacles on the jth pixel. Herein, we focus on the ROI
that represents the shortest distance from obstacles when the
agent is moving towards them, ensuring it falls within an
effective distance range

(
dmin, dmax

)
.

Hence, the NLP in (2) can be reformulated as

min
a

(∣∣∣ψ̇B∣∣∣)
vBx > 0

s.t. zmin < z < zmax

dmin < dROI
min < dmax

, (7)

in which the shortest distance, dROI
min , is computed as

dROI
min = min

(
dROI
i ×max(IROI

i , ξ)

)
, (8)

where IROI
i = (v · uROI

i ); ∀i = 1, 2, . . . ,M . Here, IROI
i

is the inner product between the agent’s velocity and the
unit vector with respect to ith ROI, denoted by uROI

i . We
maximize the magnitude of the inner product and a small
positive number ξ to ensure that if the agent moves away
from obstacles, it follows speed and height restrictions instead
of being penalized by collision constraints. We then use the
logarithmic barrier function method [37] to merge constraints
into the cost function, resulting in an unconstrained NLP,
whose negation can be used as a reward function expressed as

r(st, at) =− αψ̇

∣∣∣ψ̇B∣∣∣
+ αz [log (znorm + ϵ) + log (1− znorm + ϵ)]

+ αd [log (dnorm + ϵ) + log (1− dnorm + ϵ)]

+ αv log
(
vBx + ϵ

)
,

(9)

where the parameters αψ̇ , αz , αv , and αd are empirically
selected weight factors that balance the contributions of the
respective terms in the reward function. We normalize the
height (znorm) and the minimum relative distance of the ROI
(dnorm) and introduce ϵ = 10−6 to ensure the validity of the
logarithmic function:

znorm =
z − zmin

zmax − zmin
,

dnorm =
dROI
min − dmin

dmax − dmin

(10)

This reward function encourages the DRL agent to learn a
policy that maximizes the cumulative reward while satisfying
safety and performance constraints. For training purposes, we
utilize only the global position in the x direction to terminate
the training episode when the agent reaches the open-ended

hallway. Additionally, we use the binary contact force signals
to terminate the training if a collision occurs.

V. EXPERIMENTS

A. Training and evaluation setups

We design a training scenario with three cube obstacles
placed in an open-ended narrow hallway, as shown in Fig. 4a.
The training environment is 6m × 2m × 2.5m in terms of
length, width, and height. During training, obstacle locations
are randomized in each episode of reset. We establish 16
parallel training environments using NVIDIA IsaacLab [38]
with a GPU Nvidia RTX A6000 Ada Generation and utilize a
high-performance framework for reinforcement learning [39]
to train our vision-based policy with PPO [26]. We train each
policy for 2000 episodes, using a minibatch size of 1024.
Consequently, the policy is trained for 2048000 steps with
a wall-clock time of 4.12 hours. For evaluation, we generate
100 scenes for each of the following settings: i) A medium-
scale scene (18m× 3m× 2.5m) with 7 or 11 static obstacles
(see Fig. 4b). ii) A large-scale scene (20m× 10m× 5m) with
30 or 50 static obstacles (see Fig. 4c). iii) Setting i) and ii)
with dynamic obstacles.

B. Baselines

To evaluate the performance of vision-based policies trained
with our suggested method, described in Section IV, we
compare them against the state-of-the-art baseline: collision-
free navigation policies using a pre-trained depth collision
encoder (DCE) [9], in which a DCE is trained to encode depth
images into a latent space vector. This comparison achieves
our goal of comparing our end-to-end navigation policies
learned directly from depth pixels with those derived from a
perception-control modularization approach. To illustrate the
effectiveness of VDS-Nav, we include three ablation studies
on: i) volumetric depth state space effect, ii) scalability, and
iii) depth-based reward design effect. We use metrics such
as success rate (SR), collision rate (CR), timeout rate (TO),
and average lap time (ALT) to evaluate the performance of all

(a) Training scenario (b) Medium-scale evaluation scenario

(c) Large-scale evaluation scenario

Fig. 4. Training and evaluating scenarios used in the simulation studies to
validate the scalability of our proposed method.
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policies in simulation, and we measure additionally average
mean absolute jerk (AMAJ) and average maximum jerk (AMJ)
to evaluate the smoothness and responsiveness of the policies.

C. Simulation results

Policies trained with VDS-Nav exhibit better learning
curves, and show superior training stability, presented in Fig. 5,
compared to the baselines using DCE in terms of episodic
cumulative reward mean under variation of the number of
depth images used in the observation space after approximately
2 million training steps.

1) Volumetric effect: We compare navigation policies
trained with VDS-Nav and DCE with variation in the number
of depth images and using the same depth-based reward
function, discussed in Section IV-B. The results, shown in
Fig. 6, indicate that increasing the number of depth images
in the observation space improves the success rate for DCE-
and VDS-Nav-based policies under the presence of static
and dynamic obstacles. Especially, navigation policies trained
with VDS-Nav outperform the baselines. For a small-scale
evaluation scene with three static obstacles, policies trained
with our proposed method acquire success rates of 85%, 92%,
and 93% corresponding to observation spaces including 1,
3, and 5 depth images, respectively. We observe that the
collision rate decreases from 8% with a single depth to 4% for
three depth images, and no collision with five depth images.
These success rates decrease to 65%, 76%, and 83% when
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Fig. 5. Episodic cumulative reward mean according to policies trained with
VDS-Nav and DCE under 1, 3, and 5 depth images used in the observation.
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Fig. 6. Policies trained with VDS-Nav outperform the baselines using DCE
across different numbers of depth images in terms of SR, CR, TO for static
obstacles (top) and dynamic obstacles (bottom).

dynamic obstacles evolve, as dynamic movements of obstacles
form movement-infeasible gaps and create sideways collisions
reflected by an increase in timeout and collision rates. The
average time taken to navigate the hallway successfully for
policies trained with VDS-Nav is approximately 5.707± 0.03
seconds, whereas it is about 6.13± 0.22 seconds for policies
trained with DCE. The average time taken for the baselines
is higher, which can be attributed to the compression from
a high-dimensional input to a very low-dimensional latent
vector, causing information loss; therefore, the agent cannot
find a feasible path. When dynamic obstacles are present, the
average lap time taken is approximately 5.74 ± 0.056 and
6.15± 0.095 seconds for policies trained with VDS-Nav and
DCE, respectively.

2) Scalability: We validate the scalability of our vision-
based navigation policies in a medium-scale hallway (18m×
3m × 2.5m) with two levels of obstacle density: 7 and
11 obstacles. We maintain a fixed height for the drone
when testing in the large-scale environment since there is
no hallway/corridor effect. The results presented in Table I
demonstrate that policies trained with VDS-Nav scale well in
larger environments, achieving high success rates with static
and dynamic obstacles. Notably, using depth images of 3
and 5 layers, the success rates for navigating around static
obstacles are as follows: 88% and 91% with 7 obstacles, and
66% and 82% with 11 obstacles. When dynamic obstacles
are introduced, the success rates decrease to 81% and 86%
with 7 obstacles, and further drop to 54% and 60% with
11 obstacles. Additionally, we validate the policies trained
with VDS-Nav in a larger environment measuring, where the
number of obstacles is significantly increased to 30 and 50.
The statistics details for these tasks are given in Table I.

3) Effect of depth-based reward design: To demonstrate the
effectiveness of our proposed depth-based reward design, we
use the penalty-based reward function from [9] as a baseline
and simplify its goal-oriented term to better align with our
defined task. In our scenario, the agent does not have a specific
destination; instead, it needs to reach the open end of the
hallway. We focus on training policies with a single depth
and then test them in a training-like environment. The results,
shown in Table II, indicate that the policy trained with the
depth-based reward achieves an 86% success rate and a lower
10% timeout rate. In contrast, the policy trained using the
penalty-based method only achieves a 56% success rate and a
20% timeout rate. This suggests that our proposed depth-based
reward function more effectively guides the learning process
than the baseline approach. Additionally, the average lap time
for a policy trained with our depth-based reward design, along
with the barrier function, is faster at 5.14 seconds, compared to
6.83 seconds for the penalty-based method. We also conducted
real-time tests for both policies. We observed that the success
rate for the policy trained with our proposed depth-based
reward function is 80%, which is a slight decrease compared
to earlier results. However, the policy trained with the penalty-
based reward, using privileged information, achieved success
only 20% (1 out of 5 trials). We do not consider the average
lap time taken for this test due to only one successful flight.
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TABLE I
SCALABILITY EVALUATION OF VDS-NAV POLICIES IN MEDIUM-SCALE (18m× 3m× 2.5m) AND LARGE-SCALE (20m× 10m× 5m) ENVIRONMENTS

SUBJECT TO VARIATION OF THE DENSITY OF STATIC AND DYNAMIC OBSTACLES. METRICS MARKED WITH ↑ INDICATE THAT HIGHER VALUES ARE
BETTER, WHILE METRICS MARKED WITH ↓ INDICATE THAT LOWER VALUES ARE BETTER.

1 depth image 3 depth images 5 depth images
# obstacles SR [%] ↑ CR [%] ↓ TO [%] ↓ ALT [s] ↓ SR [%] ↑ CR [%] ↓ TO [%] ↓ ALT [s] ↓ SR [%] ↑ CR [%] ↓ TO [%] ↓ ALT [s] ↓
7 Static (medium-scale) 49 42 9 17.01 88 4 8 16.03 91 8 1 16.55
11 Static (medium-scale) 48 46 6 16.93 66 25 9 16.94 82 11 8 16.98
7 Dynamic (medium-scale) 37 58 5 16.69 81 13 6 17.11 86 1 13 16.81
11 Dynamic (medium-scale) 24 71 5 16.9 54 40 6 16.35 60 33 7 16.3
30 Static (large-scale) 87 12 1 17.62 89 10 1 17.16 91 7 2 17.13
50 Static (large-scale) 70 28 2 18.06 79 17 4 19.56 82 15 3 17.78
30 Dynamic (large-scale) 82 16 2 18.89 87 12 1 19.16 89 9 2 19.42
50 Dynamic (large-scale) 67 31 2 19.57 70 27 3 19.31 78 20 2 18.77

TABLE II
THE PERFORMANCE OF POLICIES TRAINED WITH THE PENALTY-BASED

AND THE LOGARITHMIC BARRIER-BASED REWARD FUNCTIONS.

Methods SR [%]
↑

CR [%]
↓

TO [%]
↓

ALT [s]
↓

SR [%]
(Real) ↑

ALT [s]
(Real) ↓

Penalty-based [9] 56 24 20 6.83 20 -

Barrier-based (ours) 86 4 10 5.14 80 10.1

D. Sim2real transfer

We deployed policies trained with the VDS-Nav on a drone
equipped with a Realsense D455 camera and an onboard
computer (NVIDIA Orin NX). The Realsense D455 provides
depth images as the observation space, and all computations
are executed on the GPU of the onboard computer to output
velocity and yaw rate commands in the drone’s body coordi-
nate. These commands are handled by using PX4 Autopilot
and its flight stack. We validate our trained policies within
settings that include static and dynamic obstacles, as shown
in Fig. 7. We adjusted the number of depth images (1, 3, and
5) used in the observation space to investigate how effective
a sequence of depth images is, as shown in Figs. 7a–7c. A
person approaches and prevents the autonomous agent from
flying along a path, showcasing the trained policy’s ability to
avoid dynamic obstacles, as depicted in Fig. 7d.

We conducted five trials per setting, and the results in
Table III show that policies trained with VDS-Nav achieve
higher SR, shorter ALT, and smoother trajectories than the
policy with one depth image, as reflected in the lower AMAJ

(a) 01 depth image (b) 03 depth images (c) 05 depth images

(d) Dynamic scene (e) Depth (f) Trajectory

Fig. 7. We established static and dynamic scenes, illustrated in 7a–7c, to
evaluate VDS-Nav with 1, 3, and 5 depth images. We challenge the drone by
involving a human (see Fig. 7d) where the depth image is shown in Fig. 7e
and the complete trajectory is depicted in Fig. 7f.

TABLE III
EVALUATION OF POLICIES TRAINED WITH OUR PROPOSED VDS-NAV IN

REAL-TIME WITH A VARYING NUMBER OF DEPTH IMAGES.

# images
Static obstacles Dynamic obstacles

SR [%] ↑ ALT [s] ↓ AMAJ ↓ AMJ ↓ SR [%] ↑ ALT [s] ↓ AMAJ AMJ

01 80 10.1 3.75 14.14 60 12.23 3.87 14.68

03 100 8.5 3.67 13.0 - - - -

05 100 7.3 3.3 12.18 100 8.2 3.98 15.83

and AMJ values. In particular, the policies with 3 and 5 images
achieve 100% success, completing the track in 8.5 and 7.3
seconds, respectively, while the one with 1 image achieves
80% success rate in 10.1 seconds. Given the comparable per-
formance of policies with 3 and 5 images in static scenarios,
dynamic tests were conducted for those with a single image
and a sequence of five images. The policy with five images
outperforms the policy with one image, achieving a 100%
success rate with a shorter average lap time of 8.2 seconds,
compared to 60% success and 12.23 seconds. Slightly higher
AMAJ and AMJ values (3.98 m/s3 & 15.83 m/s3) compared
to (3.86 m/s3 & 14.68 m/s3) for the policy with 5 images,
can be understood as it is more responsive to a sudden obstacle
in dynamic settings.

VI. CONCLUSION AND FUTURE WORK

This manuscript presents a method for training vision-based
navigation policies in an end-to-end fashion applied to UAVs
with a depth camera. The trained policy infers velocity and
yaw rate commands directly from a series of depth images
without relying on any intermediary representation. Through-
out simulation analysis and real-time experiments, we show
that a single-depth image may not adequately reflect how fast
the agent approaches obstacles. Hence, using volumetric depth
data enhances the policy’s performance. Additionally, using
depth images to define constraints, seamlessly integrated into
the cost function using logarithmic barrier functions, improves
safety and minimizes the sim-to-real gap, as it strengthens the
correlation between sensor state-action pairs and rewards.

Since VDS-Nav relies on depth-based observations, it can
be generalized beyond indoor tasks to outdoor navigation,
such as forest exploration or critical infrastructure inspection.
Future work will evaluate the VDS-Nav in diverse outdoor
scenarios to validate its efficiency, robustness, and effective-
ness.
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