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Recurrent Networks for Monocular ORB-SLLAM3
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Abstract— Autonomous navigation in GPS-denied and visu-
ally degraded environments remains challenging for unmanned
aerial vehicles (UAVs). To this end, we investigate the use of
a monocular thermal camera as a standalone sensor on a
UAYV platform for real-time depth estimation and simultaneous
localization and mapping (SLAM). To extract depth information
from thermal images, we propose a novel pipeline employ-
ing a lightweight supervised network with recurrent blocks
(RBs) integrated to capture temporal dependencies, enabling
more robust predictions. The network combines lightweight
convolutional backbones with a thermal refinement network
(T-RefNet) to refine raw thermal inputs and enhance feature
visibility. The refined thermal images and predicted depth
maps are integrated into ORB-SLAM3, enabling thermal-
only localization. Unlike previous methods, the network is
trained on a custom non-radiometric dataset, obviating the
need for high-cost radiometric thermal cameras. Experimental
results on datasets and UAV flights demonstrate competitive
depth accuracy and robust SLAM performance under low-
light conditions. On the radiometric VIVID++ (indoor—dark)
dataset, our method achieves an absolute relative error of
approximately 0.06, compared to baselines exceeding 0.11. In
our non-radiometric indoor set, baseline errors remain above
0.24, whereas our approach remains below 0.10. Thermal-only
ORB-SLAMS3 maintains a mean trajectory error under 0.4 m.

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

I. INTRODUCTION

In recent decades, research on autonomous UAVs has
accelerated, broadening their range of applications, including
environmental monitoring [1], [2], infrastructure inspection
[3], [4], and disaster response [5]. In search and res-
cue missions, rescue robots and UAVs can rapidly access
hazardous or confined spaces, reduce risks to responders,
and use advanced sensors for monitoring and localization,
thereby enhancing situational awareness and mission success
[6]. Recent advances in autonomous aerial navigation favor
lightweight, low-cost cameras over LiDAR, yet maintaining
robustness in degraded or dark conditions remains a chal-
lenge. Thermal-infrared cameras thus provide key advantages
under degraded conditions [7], as their working principle
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Fig. 1.  Overview of the proposed thermal depth estimation pipeline.
A raw 16-bit long-wave infrared (LWIR) image is first enhanced by the
T-RefNet module, producing both an enhanced input for depth prediction
and a color-mapped image for robust ORB-SLAM3 feature extraction.
The encoder backbone extracts multi-scale features, which are processed
by RBs (ConvGRU [9] or reservoir computing (RC) [10]) to enforce
temporal consistency. Finally, the decoder outputs dense depth maps and
enhanced thermal images integrated into ORB-SLAM3 [11] for robust
feature extraction and metric-scale, temporally consistent tracking.

allows detecting infrared radiation without requiring light
exposure, enabling penetration through smoke, dust, or haze.
Although beneficial under degraded conditions, thermal
cameras pose distinct challenges for reliable SLAM inte-
gration [8]. The 14/16-bit high dynamic range of thermal
camera conflicts with 8-bit vision algorithms, automatic
gain control (AGC) causes temporal inconsistencies, non-
uniformity correction (NUC) interrupts streams, and low
texture hampers feature detection. These factors necessitate
specialized adaptation of thermal imagery for robust SLAM.
To handle these challenges, we propose a novel framework
(Fig. 1) that leverages recurrent thermal-to-depth modeling
for monocular depth estimation from thermal imagery. The
enhanced thermal images and reconstructed depth maps
provide metric scale and temporally consistent priors that
can be directly integrated into ORB-SLAM3, improving
initialization, mapping accuracy, and real-time tracking for
autonomous UAV navigation under extreme conditions.
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The key contributions of this paper are as follows:

e We propose a lightweight framework, T-RefNet, that
leverages a recurrent unit to enhance thermal-to-depth
conversion. Our framework can use ResNet [17], Effi-
cientNet [18], and MobileNet [19] to serve as a back-
bone, combined with recurrent architectures: ConvGRU
[20] and reservoir computing (RC) [10] to improve
feature visibility and enforce temporal consistency in
low-contrast and non-radiometric thermal imagery.

We propose a non-radiometric thermal-depth UAV
dataset to evaluate our framework, alongside existing
radiometric public datasets such as VIVID++ [21].

A comprehensive experimental study, including real-
world experiments, is conducted to illustrate reliable
performance in a thermal-only robot localization task
across diverse trajectories and illumination settings,
including fully dark environments where RGB-based
SLAM typically fails.

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

II. RELATED WORK

The literature presents a wide range of thermal-based
SLAM and visual odometry methods. As illustrated in Fig. 2,
these approaches adopt diverse strategies to overcome the
inherent challenges of thermal imaging, thereby enabling
robust navigation in GPS-denied and visually degraded en-
vironments.

A feature-based monocular SLAM framework is proposed
in [12] to address challenges in dynamic and visually de-
graded environments, combining thermal image denoising,
semantic segmentation, and hybrid point-line tracking to
improve robustness and accuracy. A fully self-supervised
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Fig. 2.

Recent thermal navigation frameworks found in the literature span ground, handheld, and indoor platforms, across datasets from urban driving

to parking-lot and outdoor road scenes. Representative approaches include feature/semantics-aware tracking and point-line SLAM [11], self-supervised
depth—ego-motion [12], NUC handling [11,13,15], LWIR-based trajectory prediction with MPC [14], and road-segmentation—based scale recovery [15].
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learning approach for estimating depth and ego-motion from
monocular thermal video is proposed in [13], introducing a
temporally consistent mapping technique to enhance contrast
and structural information. A semi-direct VO system that
fuses raw thermal and depth images with a dedicated NUC
handling module for sensor disruption recovery is proposed
in [14]. An end-to-end navigation pipeline using LWIR
imagery and the deep learning model TrajNet for trajectory
prediction under model predictive control is proposed in [15],
enabling reliable nighttime operation. Finally, a monocular
thermal visual odometry method for outdoor environments
is proposed in [16], addressing scale ambiguity through road
segmentation and mitigating NUC-induced pose estimation
failures via a predictive trigger strategy.

The mentioned works highlight diverse strategies for ad-
dressing key challenges in thermal imaging, including low
texture, NUC interruptions, and dynamic object interfer-
ence, while extending navigation capabilities to low-light
and GPS-denied environments. Our contribution diverges
from these prior works in two ways. First, our approach
simultaneously generates dense depth maps and enhances
thermal images, enabling metric scale recovery and allow-
ing for direct integration into existing SLAM frameworks
without modification. Second, we present a non-radiometric
thermal-depth UAV dataset, demonstrating robustness in
fully dark indoor environments where conventional RGB-
based methods fail. By incorporating recurrent modeling for
temporal consistency and ensuring real-time deployment on
embedded hardware, our framework emphasizes both the
practical applicability and generalizability of thermal-based
navigation.

III. METHODOLOGY

Non-radiometric thermal imagery presents unique chal-
lenges for depth estimation and SLAM, including low con-
trast, high dynamic range, and weak structural cues that hin-
der reliable feature extraction. To overcome these limitations,
we propose a lightweight preprocessing network, T-RefNet,
that refines thermal inputs and enhances their structural visi-
bility. Integrated with a RB and a supervised depth decoder,
the proposed pipeline enables temporally consistent and
geometrically accurate depth predictions from thermal-only
sequences, thereby facilitating robust SLAM performance.
As illustrated in Fig. 1, the proposed system takes as input a
raw 16-bit thermal image captured by an LWIR camera. To
compensate for the inherently low contrast and high dynamic
range of thermal data, a lightweight convolutional module,
T-RefNet, is introduced to refine and normalize the input
data. This module produces two complementary outputs:
i) a normalized thermal image that serves as input to the
supervised depth estimation backbone, and ii) an 8-bit color-
mapped representation suitable for reliable ORB feature
extraction within ORB-SLAM3. By providing both depth
priors and texture-rich images, the system overcomes the
limitations of raw thermal imagery, enabling robust SLAM
operation with metric scale recovery.
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Fig. 3.  Comparison of the thermal image preprocessing methods. (a)
Radiometric vs. non-radiometric thermal cameras at different TBB values.
Solid lines represent radiometric outputs, while dashed lines indicate non-
radiometric behavior.! (b) Thermal image enhancement techniques: i) Raw
input suffers from noise that disrupts gradients; ii) Gaussian smoothing re-
duces noise but blurs edges; iii) CLAHE boosts local contrast but introduces
spurious keypoints; iv) T-RefNet preserves edges while denoising, yielding
stable features for SLAM.

A. Radiometric and non-radiometric thermal camera

Thermal imaging systems are either radiometric, deliver-
ing calibrated per-pixel temperatures for quantitative anal-
ysis, or non-radiometric, providing only relative contrast.
Non-radiometric outputs are auto-scaled by frame content
and internal temperature, so pixel values lack consistent
physical meaning [22]. On the other hand, non-radiometric
thermal cameras are low-cost, more accessible, and do not
require continuous thermal calibration, while still providing
sufficient relative contrast for navigation-focused tasks.

Figure 3a compares pixel responses of radiometric and
non-radiometric cameras across varying target blackbody
(TBB) temperatures. Radiometric thermal cameras produce
consistent, near-linear outputs, enabling temperature-aware
preprocessing such as contrast limited adaptive histogram
equalization (CLAHE) or adaptive thresholds. By contrast,
non-radiometric cameras re-map intensities frame by frame,
causing histogram shifts, abrupt jumps with hot/cold regions,
and unstable normalization.

To enhance thermal imagery for downstream vision tasks,
different methods are compared in Fig. 3b. Raw 8-bit frames
contain high-frequency noise, Gaussian smoothing reduces
noise but blurs salient edges, and CLAHE improves contrast
while amplifying spurious features. In contrast, the CNN-
based T-RefNet produces denoised yet structurally consistent
outputs, preserving contours and enabling stable feature
extraction for SLAM.

B. Training flow of the depth estimation

The training procedure for the proposed T-RefNet-based se-
quence depth estimation model is described in Algorithm 1.
At each timestep, the input thermal frame is first refined
by the T-RefNet module and then encoded into multi-scale
features. These features are passed through the RB to capture
temporal context and finally decoded into a depth map.

'FLIR Boson: https://oem.flir.com/products/boson
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Algorithm 1: Training flow of the refinement—
sequence depth estimation.

Input: Thermal sequences {x;}. ;, and the
ground-truth depths {z9*}7_,
1. Initialize parameters: 6 (T-RefNet), ¢ (Enc—Dec),
¥ (RB), Ir n
for t < 1 to T do
Ye < fo(we);
{his }&_ < Encodery(yy);
hzvsn <~ Flatent.S(hfzc);
A W (hin, W)
h;nLC < Freadout(hﬁB);
2 < Decoderg({h§"s o)
2. Calculate loss function
Lol = A1 Lsnog + A2Lssim + AzLord + AaLsm;
3. Update the weights:
0 < 0 — Vg Liowr;
¢ < ¢ — VLot
l/f < 7/} - nvw‘ctotal;

The model parameters are updated end-to-end with a
composite loss designed to enforce both geometric consis-
tency and perceptual accuracy. Building on the concept of
combined loss formulations from prior work [13], we extend
this idea by integrating multiple complementary objectives
into a single framework. Specifically, the loss includes: i) a
scale-invariant term Lgpog [23], assigned the largest weight
(0.9) to capture the global depth structure; ii) a perceptual
similarity term Lgspv [24], weighted 0.4 to preserve local
structures and textures; iii) a depth-ordering term Lyq [25],
weighted 0.1 to enforce correct relative ordering between
pixels; and iv) an edge-aware smoothness term L, [26], also
weighted 0.1, to regularize depth predictions while respecting
image boundaries. This formulation improves stability and
accuracy in thermal depth estimation.

To maintain efficiency and real-time capability, the en-
coder backbone is instantiated with lightweight architectures
such as EfficientNet-BO, MobileNet, or ResNet-8, offering
a favorable trade-off between accuracy and computational
cost. For temporal modeling, the refined thermal sequence
is further processed by either a ConvGRU bottleneck or
a reservoir computing based network, both integrated into
the depth estimation network. These recurrent architectures
capture frame-to-frame dependencies and enforce temporal
consistency across predictions, which is essential for stable
SLAM operation in dynamic or texture-poor thermal envi-
ronments. As a result, SLAM initialization becomes more
reliable, mapping accuracy improves, and real-time tracking
performance is enhanced.

C. Reservoir computing

RC constitutes a recurrent neural network paradigm that
represents and processes temporal and sequential data [10].
Fundamentally, RC operates by embedding input signals into
a high-dimensional state space via a randomly connected

recurrent network of non-linear neurons. This state space
inherently captures the temporal dependencies of the input,
while the readout layer maps the reservoir dynamics onto the
desired output.

Let u(t) € R¥ be the input at time ¢ with K input
neurons. The internal state of the reservoir, x(t) € RY, is
expressed as

x(t+1)=f(Wiu(t+ 1)+ Wx(t)), ()

where f is a sigmoidal function, W;,, € RV>*X represents
the input matrix, W € RN*Y the weight matrix of the
reservoir, and y € RY is the output signal. Then the output
is computed as

y(t+1) = foU (Woux(t +1)), (2)

with W ;s € RE*N. We base our reservoir implementation
on [27], which uses a biologically realistic representation
of neurons, namely the leaky-integrate and fire (LIF) neu-
ron. The reservoir layer consists of a vector of membrane
potentials of N of excitatory and inhibitory LIF neurons
v(t) € RYN. A differential equation describes the LIF neuron
as [28]:

dv(t)

dt

where V(t) is the membrane potential at time ¢, 7, is the
membrane time constant R, is the membrane resistance and
I(t) is the input current at time ¢.

— V(t) + R I(8), 3)

Tm

IV. EXPERIMENTS

In this section, we present the thermal-to-depth estimation
results of the proposed model, followed by an evaluation of
its integration into ORB-SLAM3 across various trajectories
and scenes, using both UAV and handheld devices to high-
light the advantages for robust localization.

A. Evaluation and baselines

To comprehensively evaluate the proposed approach,
we conducted experiments on two different thermal—depth
datasets: (i) the indoor-dark subset of VIVID++ [21], 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+! non-radiometric shuttered camera (640x512).
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 esti-
mation networks (ZoeDepth [29], DepthAnything-V2 [30])
and thermal-specific approaches from the literature [13],
[31]-[33]. 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
[13], we retrained and evaluated the model on our non-
radiometric dataset using the sequences we collected. We use

1237



TABLE I
QUANTITATIVE COMPARISON OF DEPTH ESTIMATION ACCURACY
ACROSS DIFFERENT ARCHITECTURES ON THE INDOOR-DARK SUBSET OF
THE VIVID++ [21] DATASET. BEST VALUES ARE SHOWN IN BOLD.

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 al a2 a3 Model AbsRel RMSE al a2 a3

Shin (T) [31] 0.232 0.740 0.618 0907 0.987 Shin (Max.) [13] 0.262 1.273 0.589  0.890  0.960

Shin (MS) [31] 0.166 0.566 0.768 0967 0.994 ZoeDepth [29] 0.243 1.110 0.605 0.885 0.954

Shin (Max.) [13] 0.149 0.517 0.813 0969 0.994 DepthAnything-V2 [30] 0.267 1.043 0.571 0.863  0.931

ZoeDepth [29] 0.165  0.533  0.788 0.944 0.991

DepthAnything-V2 [30] 0.112 0378 0902 0970 0.990 ResNet8+GRU (ours) 0.109 0516 0.886 0.943  0.969

Ye et al. [33] 0.145 0.499 0.827 0969 0.994 MobileNet+GRU (ours) 0.085 0.453 0911 0.951 0.971

MSDFNet [32] 0.139 0470 0.847 0980 0.996 Eff-B0+GRU (ours) 0.079 0424 0920 0955 0971
Eff-BO+RC (ours) 0.076 0.439 0.929 0965 0.981

Eff-BO noRB (ours) 0.139 0.497 0.839 0945 0.984

Eff-BO+GRU noTRN (ours) ~ 0.079 0325 0929 0.980  0.995

ResNet8+GRU (ours) 0.079 0.345 0913 0970  0.990

MobileNet+GRU (ours) 0072 0318 0928 0977 0.993

Eff-B0+GRU (ours) 0.063 0.298 0.940 0980 0.993 : : : :

Ef BOARC (ours) 0000 0313 0931 0976 0993 though it preserves sharpness in some static scenes, during

Eff-BO: EfficientNet-BO backbone; noRB: without recurrent block;
GRU: ConvGRU; noTRN: without T-RefNet.

key metrics to quantitatively evaluate our methods against the
baselines, such as mean absolute relative error (AbsRel), root
mean squared error (RMSE), and accuracy under thresholds
1.25,1.252,1.253 (al, a2, a3).

B. Thermal-to-depth estimation results

Table I shows the quantitative results on the VIVID++
indoor-dark subset. The methods demonstrate competitive
performance, with MSDFNet [32] achieving the best a2
(0.980) and a3 accuracy (0.996). Among general-purpose
RGB models, DepthAnything-V2 [30] yields strong results
(AbsRel = 0.112, RMSE = 0.378). However, as illustrated
in Fig. 4e, its predictions are not entirely consistent: Al-

VIVID++

Our Dataset

(a) RGB (b) Thermal (c) Ground Truth

motion it often blurs structures, removes objects, and hinders
accurate depth analysis. In contrast, our architectures signifi-
cantly outperform all baselines on most metrics. In particular,
our model with the EfficientNet-BO encoder achieves the
best results with AbsRel = 0.063, RMSE = 0.298, and
al = 0.940, highlighting the effectiveness of the combined
ConvGRU and T-RefNet modules. In addition, the RC variant
delivers results close to the best model in the radiometric data
set, while using only about 50k parameters (including its
latency space block and readout) with 32 reservoir neurons
compared to over 800k parameters required for ConvGRU
and its corresponding components, making it a lightweight
yet competitive alternative.

Table II 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

(d) Shin et al. [13]

(e) DepthAnything [30] (f) Ours (RC+Eff-B0)

Fig. 4. 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. [13], (e) DepthAnything-V2 [30] (RGB-only), (f) Our representative proposed

model with RC.
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(ZoeDepth, DepthAnything-V?2) perform poorly, with higher
AbsRel and lower accuracies. Regarding [13], as illustrated
in Fig. 4d, 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-
BO giving slightly better results on the non-radiometric
dataset (AbsRel = 0.076, al = 0.929), as also shown in
Fig. 4. Although the difference compared to the GRU-based
model is not large, it is notable that the RC variant, with
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.

C. Localization results

To evaluate the practical applicability of our thermal-based
preprocessing and depth estimation pipeline within a visual
SLAM framework, we integrated the outputs of both the
T-RefNet and the depth prediction network into the ORB-
SLAM3 framework. The goal is to evaluate how well these
outputs support localization and mapping under thermal-only
input conditions.

All experiments are conducted offline using ROS bag files.
Thermal and RGB-D images were captured and stored in
real time, and the synchronized data streams were recorded
into ‘.bag* files. The stored bags were then played back for
evaluation to ensure consistent and reproducible conditions.

In low-light indoor scenarios, the quality of input images
directly affects the ability of ORB-SLAM3 to maintain
reliable tracking. As illustrated in Fig. 5, directly converting
raw 16-bit thermal images into an 8-bit format results in
frequent loss of structural features due to low contrast and

t=35.0s t=353s t=356s

| RGB

Thermal

T-RefNet

Fig. 5. Feature tracking results of ORB-SLAMS3 using different image
inputs: RGB images (top row), raw 8-bit thermal images (middle row),
and T-RefNet enhanced thermal images (bottom row). While RGB features
degrade under low-light indoor conditions, raw thermal inputs suffer from
noise and low contrast. In contrast, T-RefNet outputs provide more stable
and repeatable features, leading to improved tracking robustness.

high noise levels. The detected features are too sparse and
unstable to support consistent tracking, making it impossible
for ORB-SLAM3 to generate a meaningful trajectory. In dark
illumination conditions, RGB images also fail to provide
sufficient structure for reliable feature extraction, as shown
in the top row of Fig. 5. In contrast, T-RefNet thermal
frames maintain edge consistency and enhance feature visi-
bility, facilitating stable keypoint detection and accurate pose
estimation. Consequently, except for evaluations in bright
environments, only the T-RefNet image was used in dark
scenarios, while raw 8-bit thermal and RGB inputs were
excluded from quantitative analysis.

Three evaluation scenarios are designed to assess the pro-
posed pipeline under varying conditions: i) a bright environ-
ment with abundant features and linear motion, comparing
RGB-D and estimated thermal depth; ii) a dark environment
with circular motion and fewer features, evaluating thermal
depth performance; and iii) a UAV-based test across corri-
dors with varying illumination, where each corridor presents
different lighting conditions.

In the bright environment scenario with linear back-and-
forth motion (Fig. 6), RGB-D naturally achieves higher accu-
racy than thermal depth due to the abundance of detectable
features. Nevertheless, since the motion is simple and the
scene provides rich structural cues, both methods produce
stable trajectories. The handheld setup further reduces mo-
tion jitter, resulting in consistent tracking across all axes.
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Fig. 6. Experimental results in a bright indoor scene with a handheld
device. (a) Test setup with RGB-D and thermal cameras, (b) sample scene
view, and (c) ground-truth trajectory. (d—f) Estimated trajectories along the
X, Y, and Z axes from ORB-SLAM3 with RGB-D and T-RefNet refined
thermal input are compared against ground truth. (g—i) Absolute position
errors along each axis are shown, with mean error (ME) values highlighted
for both RGB-D and T-RefNet inputs.

1239



Y [m]

X [m]

(a) Test setup

(b) Scene (c) Trajectory
z 2 —Est. -GT 9 —Est. ~GT 2 —Est. ~GT
= 4 A ARy VWA A
20 \ ‘A‘_ _ o= L a1 - \
é / \/ W= VoV \
Ay J v \
-2 -2 ()_J Ay
0 15 30 15 0 15 30 45 0 15 30 45
Time [s] Time [s] Time [s]
(d) X position (e) Y position (f) Z position
7 08 IE = 0.201 m 0.8 ME = 0.118 m 0.6 S —|
2 06 0.6 04
g 04 0.4
5 02 0.2 02
=)
< 0 0 0

0 15 30 15 0 15 30 45 0 15 30 15

Time [s] Time [s] Time [s]

(g) X abs. error (h) Y abs. error (i) Z abs. error

Fig. 7. Experimental results in a dark indoor scene with a handheld device
performing circular motion. (a) Handheld device, (b) sample scene view,
and (c) ground-truth trajectory. (d—f) Estimated trajectories along the X, Y,
and Z axes from ORB-SLAM3 with T-RefNet are compared against ground
truth. (g-i) Absolute position errors are shown for each axis, with ME values
highlighted.

Quantitatively, the Euclidean mean error is about 0.11 m
for thermal depth and about 0.08 m for RGB-D indicating
that while RGB-D has an advantage, the T-RefNet—enhanced
thermal input with estimated depth still provides sufficiently
accurate estimates for reliable localization.

In the dark circular motion scenario in Fig. 7, features
cluster on one side of the scene, causing uneven keypoint
coverage and degraded tracking. The X-axis shows the most
significant deviations, with a mean error of approximately
0.20 m and frequent peaks of up to 0.70 m. Y and Z are
more stable than X overall, with mean errors of about 0.12 m
and 0.11 m; however, Y exhibits rare spikes up to 0.80 m,
whereas Z’s transients remain within about 0.50 m. These
peaks are less frequent than in X, where fluctuations occur
more consistently. Aggregated over all axes, the Euclidean
mean error is about 0.26 m, highlighting the accuracy loss
in circular motion under low light. Figure 5 further shows
that ORB-SLAM3 with RGB input alone fails to maintain
tracking in this scenario.

In the corridor experiment (Fig. 8), the UAV flies through
three different corridors: two in complete darkness and one
with mixed illumination, where certain regions were lit
while others remained in shadow. Within and at the end of
each corridor, distinctive structures were placed to ensure
the presence of detectable features. Additionally, aluminium
foil strips were attached to selected surfaces to create low-
emissivity targets, which appear as cold objects in thermal
images even when they are at room temperature.
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Fig. 8. Experimental results in a dark indoor scene with UAV. (a) UAV
with thermal cameras, (b) sample scene view, and (c) ground-truth trajectory.
(d—f) Estimated trajectories along the X, Y, and Z axes from ORB-SLAM3
with T-RefNet are compared against ground truth. (g—i) Absolute position
errors are shown for each axis, with ME values highlighted.

ORB-SLAM3 with T-RefNet enhanced thermal input suc-
cessfully tracked the UAV’s trajectory, achieving a Euclidean
mean error of approximately 0.39 m across the three axes.
This error reflects the increased difficulty posed by un-
even lighting, cold-object distractors, and narrow passages.
Nonetheless, the system maintained a continuous trajectory
estimate, demonstrating robustness under mixed illumination
and in the presence of thermally deceptive objects.

In summary, the three evaluation scenarios demonstrate
that the proposed pipeline delivers stable localization across
diverse conditions. In the bright feature-rich environments,
thermal depth achieves accuracy comparable to RGB-D. In
the dark circular motion, it sustains tracking with moderate
accuracy loss where RGB completely fails. In UAV corridor
flights with mixed illumination and distractors, it maintains
continuous trajectories within sub-0.4 m error. These results
validate the robustness of the method under both handheld
and UAV setups in challenging environments.

V. CONCLUSIONS AND FUTURE WORK

This paper presents a thermal-based depth estimation and
SLAM framework for navigation in GPS-denied, low-light
environments. A lightweight thermal-to-depth network with
recurrent blocks, including RC, was trained on radiometric
VIVID++ and custom non-radiometric datasets, achieving
state-of-the-art accuracy across both. Unlike prior methods
that degrade on non-radiometric data, our recurrent design
maintains temporal consistency under noise and low tex-
ture, requiring only ~50k parameters versus ~800k for
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ConvGRU. For localization, ORB-SLAM3 with T-RefNet
enhanced thermal inputs yielded robust trajectories in both
the handheld and the UAV experiments. In contrast, raw
thermal or RGB inputs failed in darkness, demonstrating that
the proposed pipeline extends SLAM to conditions where
conventional vision breaks down.

Despite its robustness, the framework can encounter chal-
lenges when the number of detected features is low, resulting
in occasional tracking loss. Furthermore, artifacts inherent
to thermal cameras, such as NUC, may cause temporary
intensity changes, disrupting feature stability and tracking.
While real-time operation is feasible on embedded hardware
for short sequences and moderate motion, prolonged or more
dynamic scenarios still pose difficulties. As future work, we
aim to mitigate these limitations by improving robustness
against NUC artifacts, optimizing the pipeline for embedded
platforms, and integrating depth estimation with obstacle
avoidance modules to enable autonomous drone navigation
and full trajectory estimation.
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