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Hürkan Şahin1 , Van Huyen Dang1 , Erdal Kayacan 1

Abstract— We propose an end-to-end thermal navigation
framework for UAVs operating in GPS-denied and visually
degraded environments. By coupling monocular thermal-to-
depth estimation with depth-based safe navigation, the frame-
work allows predicted depth from non-radiometric thermal
images to be used directly for policy learning and control.
In addition, a depth-driven reward formulation is designed
to encourage safer navigation behavior. Results on a custom
dataset demonstrate substantially improved depth estimation
accuracy, supporting the promise of the proposed approach for
thermal UAV navigation in challenging environments.

Index Terms— Thermal imaging, Thermal-to-depth estima-
tion, Recurrent neural networks, UAV, SLAM, Reinforcement
learning, Reward engineering

I. INTRODUCTION

Maritime transport carries around 90–95% of global trade
due to its cost efficiency, making it a critical backbone of
international logistics [1]. The global merchant fleet consists
of about 90,000 ships, with roughly 1–2% reaching end-of-
life each year [2]. Shipbreaking involves dismantling these
vessels and separating materials into waste and reusable
components. However, ships contain hazardous materials
such as asbestos, PCBs, oil residues, and heavy metals,
which, if not properly managed, pose significant risks to both
human health and the environment [3].

Unmanned aerial vehicle (UAV) provide an effective so-
lution for operating in such hazardous and confined environ-
ments, reducing risks for human operators while leveraging
onboard sensors for monitoring and localization, thereby
improving situational awareness and mission success [4].

Thermal-infrared cameras offer important advantages in
degraded environments [5], as they detect infrared radiation
without requiring visible light, enabling operation through
smoke, dust, or haze. Despite these benefits, thermal cameras
introduce several challenges for reliable simultaneous local-
ization and mapping (SLAM) integration [6]. Their 14/16-
bit high dynamic range is incompatible with standard 8-
bit vision algorithms, while automatic gain control (AGC)
leads to temporal inconsistencies, non-uniformity correction
(NUC) interrupts data streams, and low texture reduces
feature detectability. These limitations necessitate tailored
adaptations of thermal imagery for robust SLAM.
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To address these challenges, prior work has explored a
range of thermal-based SLAM and visual odometry ap-
proaches to improve robustness in degraded environments. A
feature-based monocular SLAM framework is introduced in
[7], integrating thermal image denoising, semantic segmenta-
tion, and hybrid point-line tracking to enhance performance
in dynamic and visually degraded scenarios. A fully self-
supervised approach for estimating depth and ego-motion
from monocular thermal video is presented in [8], incorpo-
rating temporally consistent mapping to improve contrast and
structural information.

Furthermore, a semi-direct visual odometry system com-
bining raw thermal and depth data is proposed in [9], in-
cluding a dedicated NUC handling module to mitigate sensor
interruptions. Learning-based navigation is also explored in
[10], where long-wave infrared (LWIR) imagery is used
together with the TrajNet model within a model predictive
control framework to enable reliable nighttime navigation.
Finally, a monocular thermal visual odometry approach for
outdoor environments is presented in [11], addressing scale
ambiguity through road segmentation and reducing pose
estimation failures caused by NUC via a predictive triggering
mechanism.

Building on these developments, recent work aims to unify
navigation modules into a single end-to-end framework to
reduce latency. A common approach separates perception and
control, where perception maps visual inputs to waypoints or
latent representations [12], which are then used for trajectory
tracking [13] or policy learning via reinforcement learning
and related methods [14]–[16]. While this modular design
facilitates sim-to-real transfer, it may introduce information
loss due to representation compression.

Alternatively, end-to-end approaches directly map im-
ages to motion commands using deep reinforcement learn-
ing (DRL), enabling the generation of motion primitives,
collision-free trajectories, or velocity commands [17]–[20].
However, such approaches still struggle in degraded visual
conditions due to the limitations of raw image representa-
tions.

To address these limitations, this work integrates thermal-
to-depth estimation [21] with the VDS-Nav framework [22]
and jointly optimizes the perception and control pipeline,
with a particular focus on challenging environments such as
ship recycling yards, where lighting conditions are highly
variable, spaces are confined, and hazardous materials are
present. The key contributions of this paper are as follows:

• We propose a unified framework that combines monoc-
ular thermal-to-depth estimation with volumetric depth-
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Fig. 1. Overview of the proposed thermal-to-depth navigation pipeline. A
sequence of raw 16-bit long-wave infrared (LWIR) images is first processed
by the T-RefNet module to enhance structural information and normalize
the input. The refined thermal sequence is then fed into a depth estimation
network composed of an encoder, recurrent blocks, and a decoder, producing
temporally consistent dense depth maps. The predicted depth images are
subsequently used as input to the policy network, which consists of a
lightweight convolutional feature extractor followed by an MLP to generate
control commands.

based safe navigation, aiming to enable direct policy
learning from predicted depth sequences without relying
on latent space representations, and to facilitate obstacle
avoidance in complex and hazardous environments.

• We introduce a depth-driven reward formulation that
leverages explicit sensor information and volumetric
inputs to strengthen the correlation between observa-
tions and actions, improving generalization and en-
abling effective sim-to-real transfer within the VDS-Nav
framework.

• We develop a lightweight thermal-to-depth network tai-
lored for non-radiometric thermal imagery and validate,
through simulation and real-world UAV experiments,
the effectiveness of both thermal depth estimation and
depth-based navigation independently, demonstrating
improved depth accuracy and robust navigation perfor-
mance under low-light and degraded conditions.

The remainder of this paper is organized as follows.
Section II provides a brief overview of our methodology. Sec-
tion III details the experimental setup, dataset, and real-time
results. Finally, conclusions are presented in Section IV.

II. METHODOLOGY

A unified perception and control pipeline is proposed to
enable depth-based navigation from thermal imagery in a
mapless setting using model-free DRL. The overall frame-
work is composed of two main stages: thermal-to-depth

estimation and depth-based policy learning.
Non-radiometric thermal imagery is known to present sig-

nificant challenges for depth estimation and SLAM, includ-
ing low contrast, high dynamic range, and weak structural
cues that hinder reliable feature extraction. To mitigate these
limitations, a lightweight thermal refinement network, T-
RefNet, is introduced to enhance structural visibility and
normalize raw 16-bit thermal inputs. The refined thermal
sequence is subsequently processed by a depth estimation
network consisting of an encoder, recurrent blocks, and a su-
pervised decoder. Temporal consistency is enforced through
the recurrent module, allowing stable and geometrically
coherent depth predictions to be obtained from thermal-
only inputs. In this way, meaningful spatial structure can be
recovered despite the inherent limitations of thermal data,
and dense depth maps are generated as an intermediate
representation for navigation.

Building upon the predicted depth representation, a depth-
based navigation policy is learned following the VDS-
Nav paradigm. A model-free proximal policy optimization
(PPO) [23] algorithm is adopted due to its stability and
practical deployment advantages. Instead of compressing
observations into a latent space, the policy operates directly
on a sequence of predicted depth images, preserving spatial
information and reducing representation loss. Each depth
image has a resolution of 224×224 and is updated at 50Hz,
while a memory queue is maintained to provide temporal
context across consecutive observations.

The policy network is implemented using a lightweight
convolutional feature extractor followed by a compact MLP.
The feature extractor consists of three convolutional layers
with increasing channel dimensions, each followed by ReLU
activation, while the MLP comprises two fully connected
layers with ELU activations and a linear output layer that
predicts control commands.

For training, a depth-driven reward design is employed that
relies directly on observation space information rather than
privileged states. In contrast to conventional approaches that
depend on ground-truth positions or predefined waypoints,
the proposed reward formulation utilizes raw depth inputs
to strengthen the correlation between state-action pairs and
rewards. This formulation can be interpreted from a con-
strained optimization perspective, where navigation objec-
tives are encoded as reward terms and safety requirements
are imposed as constraints. As a result, the agent is guided to
move toward open space while avoiding obstacles using only
depth perception, improving learning efficiency and reducing
the sim-to-real gap.

Overall, the proposed framework tightly integrates thermal
perception and control by mapping thermal image sequences
to control actions through an intermediate depth represen-
tation, eliminating the need for latent space encoding and
enabling robust navigation in degraded environments.
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III. EXPERIMENTS

In this section, we present experimental results for
thermal-to-depth estimation and real-time VDS-Nav perfor-
mance using depth inputs from a Intel RealSense D455,
highlighting robust UAV navigation. The integration of these
two components is left for future work.

A. Thermal-to-depth estimation results

To comprehensively evaluate the proposed approach,
we conducted experiments on two different thermal–depth
datasets: (i) the indoor-dark subset of VIVID++ [25], which
is recorded with a radiometric thermal camera, and (ii) a
custom dataset collected with a non-radiometric thermal sen-
sor and a depth camera. This dual evaluation setup enables
us to assess performance under both radiometric and non-
radiometric conditions. The thermal data were captured with
a Flir Boson+1 non-radiometric shuttered camera (640×512).
The dataset comprises approximately 65,000 samples, cov-
ering diverse lighting conditions—bright, dark, and semi-
lit—and including scenes with both hot and cold objects to
improve robustness across thermal distributions.

For comparison, we include both RGB-trained depth es-
timation networks (ZoeDepth [26], DepthAnything-V2 [24])
and thermal-specific approach from the literature [8]. Since
ZoeDepth and DepthAnything-V2 were trained on RGB
images, we pre-processed our thermal inputs by mapping
them to RGB format before inference. Regarding [8], we
retrained and evaluated the model on our non-radiometric
dataset using the sequences we collected. We use key
metrics to quantitatively evaluate our methods against the
baselines, such as mean absolute relative error (AbsRel), root

TABLE I
EVALUATION RESULTS OF THERMAL-TO-DEPTH NETWORKS ON A

CUSTOM INDOOR DATASET ACQUIRED WITH NONRADIOMETRIC

THERMAL AND DEPTH SENSORS. BEST VALUES ARE SHOWN IN BOLD.

Model AbsRel RMSE a1 a2 a3

Shin (Max.) [8] 0.262 1.273 0.589 0.890 0.960
ZoeDepth [26] 0.243 1.110 0.605 0.885 0.954
DepthAnything-V2 [24] 0.267 1.043 0.571 0.863 0.931

ResNet8+GRU (ours) 0.109 0.516 0.886 0.943 0.969
MobileNet+GRU (ours) 0.085 0.453 0.911 0.951 0.971
Eff-B0+GRU (ours) 0.079 0.424 0.920 0.955 0.971
Eff-B0+RC (ours) 0.076 0.439 0.929 0.965 0.981

Eff-B0: EfficientNet-B0 backbone; GRU: ConvGRU;

mean squared error (RMSE), and accuracy under thresholds
1.25, 1.252, 1.253 (a1, a2, a3).

Table I presents the evaluation on the proposed non-
radiometric dataset, which is considerably more challenging
due to fluctuating pixel intensities caused by auto-scaling and
internal heating. The models trained purely on RGB inputs
(ZoeDepth, DepthAnything-V2) perform poorly, with higher
AbsRel and lower accuracies. Regarding [8], as illustrated
in Fig. 2d, the method employs radiometric-specific prepro-
cessing and performs reasonably on the VIVID++ dataset,
but on non-radiometric data its consistency degrades when
hot or cold objects enter or leave the scene. In contrast, our
models remain robust, with RC combined with EfficientNet-
B0 giving slightly better results on the non-radiometric
dataset (AbsRel = 0.076, a1 = 0.929), as also shown in
Fig. 2. Although the difference compared to the GRU-based
model is not large, it is notable that the RC variant, with
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Fig. 2. Qualitative comparison across two datasets. Top: VIVID++; bottom: our dataset. Each row shows two temporally adjacent frames. Columns: (a)
RGB, (b) thermal, (c) thermal-aligned ground-truth depth, (d) Shin et al. [8], (e) DepthAnything-V2 [24] (RGB-only), (f) Our representative proposed
model with RC.



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

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

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

a lighter architecture, performs better in the more variable
non-radiometric conditions. These findings underscore the
importance of radiometric invariance and demonstrate that
our approach generalizes well across both radiometric and
non-radiometric settings.

B. VDS-Nav Sim-to-Real Transfer

Policies are trained in simulation using NVIDIA Isaa-
cLab [27] and the RL-Games framework [28]. A corridor-
like environment with randomized obstacle placements is
used to promote robustness and generalization. Training is
performed with PPO [23] over 2000 episodes using parallel
environments, resulting in approximately 2.0× 106 training
steps.

To assess the effectiveness of VDS-Nav, comparisons
are made against a state-of-the-art baseline based on depth
collision encoder (DCE) [14], where depth observations are
compressed into a latent space. This enables a direct com-
parison between policies learned from raw depth sequences
and those relying on a perception-control modularization.

For real-world validation, the trained policies are deployed
on a drone equipped with an Intel RealSense D455 and an
onboard NVIDIA Orin NX. Control commands predicted by
the policy are executed via the PX4 flight stack. Evaluation
is conducted in both static and dynamic environments, as
illustrated in Fig. 3, by varying the number of depth images
(1, 3, and 5) used in the observation space.

The results in Fig. 3 and Table II demonstrate that lever-
aging a sequence of depth images significantly improves
navigation performance. Policies using multiple depth frames
achieve higher success rates, shorter traversal times, and
smoother trajectories compared to single-frame policies. In
particular, the policy with five depth images achieves a 100%
success rate in both static and dynamic scenarios, while the
single-image policy shows reduced robustness, especially in
dynamic environments.

These findings highlight the importance of temporal depth
information and confirm the effectiveness of VDS-Nav for
sim-to-real transfer in challenging navigation tasks.

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

REAL TIME WITH VARYING NUMBERS OF DEPTH IMAGES.

# images
Static obstacles Dynamic obstacles

SR [%] ↑ ALT [s] ↓ ARMSJ ↓ MaxJ ↓ SR [%] ALT [s] ARMSJ MaxJ

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

SR: success rate; ALT: average lap time; MaxJ: maximum jerk.
ARMSJ: average root mean square jerk;

IV. CONCLUSIONS AND FUTURE WORK

This paper presents a unified perspective on thermal-based
perception and depth-driven navigation for UAVs operating
in GPS-denied and visually degraded environments. We first
demonstrate that reliable depth estimation can be achieved
from non-radiometric thermal imagery using a lightweight
recurrent architecture, maintaining robustness under low tex-
ture, noise, and fluctuating thermal conditions. In parallel, we
show that the proposed VDS-Nav framework enables end-to-
end navigation by directly inferring control commands from
depth observations, where volumetric depth inputs improve
performance and depth-based reward design enhances safety
and sim-to-real transfer.

Although both components are validated independently
through simulation and real-world experiments, their inte-
gration has not yet been realized. The presented results
indicate that combining thermal-to-depth estimation with
depth-based policy learning has strong potential for enabling
robust navigation in challenging environments such as low-
light, confined, and hazardous industrial settings.

Future work will focus on tightly integrating the thermal-
to-depth pipeline with VDS-Nav to enable fully end-to-
end thermal-driven navigation. This includes evaluating the
system in complex real-world scenarios, such as ship re-
cycling environments, where lighting variability, confined
spaces, and environmental hazards pose significant chal-
lenges. Furthermore, we aim to extend the approach to
outdoor applications, including forest exploration and infras-
tructure inspection, to further assess scalability, robustness,
and generalization capabilities.
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