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Abstract— Depth estimation is a crucial task in computer
vision, applicable to various domains such as 3D reconstruction,
robotics, and autonomous driving. In particular, thermal-based
depth estimation has unique advantages, including night-time
vision. However, the existing depth estimation method remains
challenging in robust generalization due to limited data re-
sources and spectral differences between thermal and RGB
images. In this paper, we present a self-supervised approach
to enhance thermal-based depth estimation by leveraging pre-
trained visual models initially designed for RGB data. In detail,
we design a novel two-stage training strategy, incorporating
Low-rank Adapters and Convolutional Adapters, which not
only significantly improves accuracy and robustness but also
enables impressive zero-shot generalization capabilities. Our
method outperforms existing thermal-based depth estimation
models, opening new possibilities for cross-modal applications
in computer vision and robotics research.

I. INTRODUCTION

Depth Estimation is a fundamental task in computer vision
with a wide array of applications ranging from 3D recon-
struction and robotics to autonomous driving [1]-[4]. Over
the years, researchers have explored various depth estimation
methods leveraging various sensors, including RGB cameras,
depth cameras, LiDAR, etc. Among these, thermal image-
based methods have garnered increased attention due to their
unique capabilities, such as nighttime vision and relatively
dense resolution. With these advantages of thermal images,
we can realize all-day depth estimation for outdoor scenes,
showing considerable application potential in the future.

Consequently, researchers gradually focus on thermal-
based depth estimation. MTN [7] designed a depth estimation
network trained with monocular thermal and stereo RGB
images through RGB-thermal spectral transfer. By leveraging
the geometric constraints of depth and camera relative pose,
Shin et al. [8] recently introduced self-supervised depth-
pose learning into thermal-based depth estimation, easing
the need for costly calibrated LiDAR points as groundtruth.
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Fig. 1: Visualized Features from RGB and Thermal Images.
We train a depth estimation network using Dinov2 [5] features on
a thermal dataset and assess its generalizability the zero-shot dataset
MS?2 [6]. The scatterplots at the bottom visually depict the features
of paired and unpaired RGB-thermal image pairs. The cos(6)
denotes cosine similarity. Notably, paired images sharing the same
scene semantic information exhibit more relevant distributions.

Following this line of research, Shin et al. [6] constructed the
thermal-depth dataset and trained networks to predict depth
from a single thermal image. More work [9]-[11] improved
the performance through advanced network architectures,
additional training regularizers, etc.

Despite the huge progress made in thermal-based depth
estimation, few studies have addressed the challenge of
generalizable thermal-based depth estimation. On the one
hand, this is essential for real-world thermal perception but
is non-trivial due to inherent data challenges in thermal
images, including substantial noise, limited visual texture,
and varying spectral capture frequencies. On the other hand,
compared to RGB images, which contain rich appearance
and semantic cues, predicting depth from monocular thermal
images necessitates learning robust data priors. Unfortu-
nately, most existing thermal datasets consist of fewer than
100,000 thermal images and are captured by various Long
Wave Infrared (LWIR) sensors. As a result, it poses a
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significant hurdle for training a generalizable thermal-based
depth estimation network, as models trained on one dataset
struggle to generalize to others and the open world. To
address this challenge, our approach centers on harness-
ing the extensive knowledge encoded in a large-scale pre-
trained visual foundation model to enhance its estimation
and generalization capabilities. Specifically, we leverage a
large-scale pre-trained model as an addtional source of data
priors to enhance generalization capabilities and effectively
fine-tune it in a cross-spectral manner, without sacrificing
generalization. Our inspiration draws from recent break-
throughs in visual foundation models, such as [12]-[14], and
their demonstrated effectiveness in diverse downstream tasks.
Through our experiments, we unveil an intriguing finding:
the large-scale pre-trained RGB encoders can also extract
meaningful visual features even from distinct spectral do-
mains, including thermal imagery (as shown in Fig. 1). This
observation underscores the uptapped potential of utilizing
RGB foundation models, pre-trained on billion-scale images,
to assist cross-spectral tasks.

In particular, we develop a self-supervised thermal-based
depth estimation system based on the RGB foundation model
backbones, and propose an two-stage strategy to fine-tune it.
The first stage focuses on training the depth output head
and pose estimation network while maintaining the pre-
trained backbone in a frozen state. This first stage enhances
generalization by leveraging zero-shot features from the
backbone. During the second stage, we proceed to fine-tune
the backbone utilizing advanced techniques such as the Low-
rank Adapter [15] (LoRA) and convolutional adapter. This
refinement process enhances depth estimation without com-
promising generalization. The combined effect of this two-
stage strategy culminates in the development of a precise,
resilient, and adaptable monocular depth estimation system
based on thermal imaging. Extensive experiments on several
thermal-based depth benchmarks validate the state-of-the-art
performance of our method and its significantly improved
generalization abilities compared to baseline approaches.

We summarize our contributions as follows:

1) We present a novel insight into the cross-spectral gen-
eralization potential of pre-trained visual RGB foun-
dation models, which we then leverage in the domain
of self-supervised thermal-based depth estimation.

2) We introduce an effective two-stage training strategy
with self-supervised guidance to adapt RGB founda-
tion models for thermal-based depth estimation.

3) Our system demonstrates state-of-the-art performance
on the training dataset ViViD [16], and showcases
superior zero-shot generalization capabilities on the
ViVid++ [17] and MS2 [6] datasets. Real-world exper-
iments with captured data further validate the practical
utility of our proposed system.

II. RELATED WORK

A. Depth Estimation with Thermal Images

Previous methods primarily explore depth estimation with
thermal images in adverse weather and lighting conditions.

MTN [7] proposed a multi-task learning architecture for
thermal image depth estimation, demanding stereo RGB
image and monocular thermal image during training. Lu et
al. [9] followed this setting and exploited a cross-spectral
translation network to train a single-view depth network.
Shin et al. [8] proposed multi-spectral temporal consistency
loss to train a monocular depth estimation network with the
supervision of visual image reconstruction loss. Recently,
Shin et al. [18] pointed out the challenge of thermal-based
depth estimation and proposed an image-enhancing method
that outperforms other thermal-only depth estimation meth-
ods.

Nevertheless, a common limitation among these methods
is their heavy reliance on limited data resources, leading
to potential overfitting issues that constrain their ability to
generalize beyond their training datasets. To address this
limitation, we introduce the incorporation of generalizable
visual prior knowledge, offering a potential solution to
enhance the model’s extending capability.

B. Self-supervised Depth Estimation

Self-supervised learning for depth and ego-motion is to
estimate geometric metrics without expensive ground-truth
labels. SfM-learner [19] trains the depth and pose estimation
networks with the temporal image reconstruction loss. This
method suffers from brightness inconsistency, non-Labertain
surface, and moving objects. Therefore, various pixel mask-
ing techniques have been proposed for the robustness of
reconstruction loss, such as explainability mask [20], depth
inconsistency mask [21], [22] and flow mask [23], [24].
Monodepth2 [25] proposed minimum reprojection loss and
auto-masking loss, which handle the occlusions and pixels
keeping relatively stationary with the camera. In line with
the self-supervised depth estimation paradigm, we adopt a
similar approach, leveraging a pre-trained backbone to tackle
the depth estimation task using thermal images.

C. Adapter-based Tuning

Adapter-based tuning has applications in various domains.
In NLP, Houlsby [26] introduced a bottleneck structure
adapter module, adding a minimal number of trainable pa-
rameters to a pre-trained fixed model, achieving results com-
parable to fine-tuning the entire network. This concept has
been extended to introduce fewer trainable parameters [27],
reduce inference time [15], [28], and enhance performance
[29], [30]. In computer vision, adapters have been proposed
for image classification tasks [31], [32], and well-designed
adapters have been applied in dense prediction tasks [33]-
[35]. This paper leverage LoRA [15] as a key component of
our adapters, underscoring the adaptability and versatility of
this technique for optimizing and fine-tuning models.

III. METHOD

In Sec. III-A, we introduce the model architecture, includ-
ing the pre-trained backbone, output head, and pose network,
which forms the foundation of our system in stage one. Then,
in Sec. III-B, we describe the adapter-based tuning strategy
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Fig. 2: Our Approach. Left: The complete pipeline of our method integrates a pre-trained visual backbone with an output module for
monocular thermal-based depth estimation. The predicted depth, along with the estimated relative pose, drives reconstruction loss for
network training. Right: Our two-stage training scheme starts with freezing the entire backbone and training the output head in stage one.

Adapters refine transformer weights in stage two.

and its impact on our method, enhancing depth estimation
in stage two. Finally, in Sec. III-C, we present detailed loss
functions and masking strategies employed in our approach.

A. Stage One: Building a Foundation

To build a strong and efficient foundation model, we
introduce the RGB-pretrained visual model Dinov2 [5],
which is originally developed for processing visual RGB
data. As illustrated in Sec. I, the Dinov2 has the capabil-
ity to effectively extract meaningful features from thermal
images. Through adaption and transfer training, we leverage
this transformer-based architecture to capture the inherent
patterns and structures in thermal data. This pre-trained
architecture not only accelerates the converging speed but
enhances the comprehensive ability of the depth network.

To further elaborate on the network architecture, we extend
the capabilities of the transformer backbone for thermal-
based depth estimation by incorporating an output head
inspired by the Dense Prediction Vision Transformer (DPT)
[36]. This output head is specifically trained to comprehend
the features extracted from different blocks within the pre-
trained transformer backbone and efficiently translate them
into depth maps using transpose convolutional layers. In
addition, we construct a pose network using CNN to estimate
the relative pose between two adjacent thermal images.

Stage One. To preserve the prior knowledge embedded in
the pre-trained model for representing thermal images, we
freeze the transformer backbone while training the output
head from scratch for depth estimation. Simultaneously, the
pose network is trained to predict the 6-DoF relative pose,
crucial for computing the reconstruction loss within the self-
supervised training paradigm.

The initial stage imparts the depth network (pre-trained
backbone + output head) with a foundational understanding
of thermal images. Through transfer learning, the model
acquires a fundamental generalization capability in thermal
image depth estimation tasks. It predicts reasonable depth
maps even in the absence of specific thermal dataset knowl-
edge, showing its proficiency in zero-shot transfer scenarios.

B. Stage Two: Enhancing Thermal Adaptability

In the second stage of our method, we take a step towards
enhancing our model’s feature extraction capabilities for
thermal images, by jointly fine-tuning the pre-trained visual
backbone in the training. However, traditional fine-tuning
of large backbone is very costful and may decrease the
generalization ability of the backbone due to the limited
training data. Furthermore, due to the substantial noise and
low-texture regions often present in thermal images, the self-
supervised training is potentially ill-posed and may affect the
integrity of the original pre-trained backbone weights.

To address these challenges and maintain our model’s
robustness, we opt for an adapter-based tuning approach.
Specifically, inspired by the discovery that adapter-based
tuning consistently outperforms traditional fine-tuning in
low-resource and cross-lingual tasks [37], [38]. We explore
the use of adapters in the second stage, reinforced by experi-
mental results that highlight their effectiveness in enhancing
the model’s adaptability to thermal data.

More precisely, we integrate both LoRA [15] and con-
volutional adapters into our tuning pipeline. Specifically,
we apply LoRA to W, and W, in the attention module of
each block in the vision transformer [39]. Our convolutional
adapter consists of three layers: a 3x3 convolution layer
that reduces the channel dimension from C to the hidden
dimension A, a GeLU layer [40] for activation, and a final
3x3 convolution layer that restores the original number
of channels. Importantly, we reshape the flattened image
features (excluding the [cls] token) from a size of f;—‘g/ x C to
C x % X % before passing them through these layers. This
reorganization process transforms the image tokens into a 2D
format, allowing us to incorporate convolutional inductive
bias into the vision transformer architecture. The processed
features are then flattened and added as a residual to the
input. By positioning the convolutional adapters at the end
of each block, we emphasize their crucial role in enhancing
the model’s ability to comprehend thermal images.

Stage Two. We train these adapters, in conjunction with
the output head and pose estimation network trained, while
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the pre-trained weights of the backbone remain frozen. This
process enhances the model’s depth estimation capabilities
on the training dataset. Compared to training the model
for its generalizable ability in stage one, this step tailors
the model to the specific characteristics of the dataset at
hand, while preserving its generalization prowess for thermal
images. Overall, the two-stage approach strikes a balance,
empowering the model with adaptability to diverse thermal
scenarios without compromising its overall thermal-based
depth estimation performance.

C. Self-supervised Losses

Our self-supervised training approach follows a method-
ology similar to other monocular depth estimation methods
and consists of the following components:

1) Image Reconstruction Loss: With the depth map D,
estimated by depth network and relative pose 7;_,; estimated
by pose network from the input thermal images I;,[, the
warped image I, is synthesized in the projective geometry
manner [19]. The thermal image reconstruction 1oss Ly, is
calculated by measuring the L1 difference and the Structural
Similarity Index Map (SSIM) [41] between /; and I:

- a

LreclB) = 51

1=SSIM(L, i)+ (1 — )|l —F|l;, (D)

where o indicates the factor scale. The reconstruction loss
plays the main role in the model optimization.

2) Smoothness Loss: The smoothness loss Ly, [25] pro-
motes edge-aware smoothness by comparing the input image
to the output depth, which effectively refines the depth
predictions in low-texture regions.

Ly = Z(|ath| _eBXI; + ‘&yDt| .eaylt). )

3) Geometry Consistency Loss: The geometry consis-
tency loss Lg. [21] minimizes the relative difference of
warped depth D; and D, to have the same scale-consistency
geometry structure. It is defined as:

1
Lge = Vi Y Daigs(p), Daisy =
pev

Dy — D |
D,+D,’
where D, is computed by warping D, with the estimated D;
and T;_,,, V indicates the set of valid pixels projected from
Dy to Dy, |V| denotes the number of pixels in V.

With the scale factors Agy,, /'Lgc, the overall training loss for

depth and pose estimation networks in two stages is defined
as follows:

Liotai = Lyec + )LsmLsm + Achgo 3)

4) Masks and Image Enhancement: Besides the above
losses, we utilize several methods to improve training. An
auto-mask mechanism [25] is integrated to exclude stationary
pixels in vehicle movement scenarios. A geometrically in-
consistent pixel mask [21] is introduced to disregard moving
objects and occluded regions. Temporal Mapping [18] is
applied to equalize and rearrange pixel values in thermal
image sequences as a superior self-supervised signal in
stage two. Overall, the combination of these self-supervised

training components ensures that our model acquires a robust
depth estimation capability for thermal images despite the
inherent challenges presented by such data.

IV. EXPERIMENTS

A. Implentation Details

To validate our proposed method, we trained our networks
on the ViViD [16] outdoor dataset, with 2 sequences as
a training set (2225 images) and 2 sequences as a testing
set (2023 images). For the experiment of zero-shot dataset
transfer, we used MS2 [6] and ViViD++ [17] to evaluate the
generalizing ability of our method.

We used Dinov2 [5] with pre-trained ViT-Base/14 ar-
chitecture as our fixed feature extractor. The networks are
trained on a single A100 GPU with 80 GB memory for 400
epochs on stage one and 400 epochs on stage two using
the Adam optimizer [42], which takes about 24 hours to
train our networks in total. The learning rate is set to le™*.
Our code is implemented using PyTorch Library [43]. We
utilize random crop and horizontal flip augmentations for
input thermal images. The resolution of input thermal images
is set to 256 x 320. The rank of LoRA is set to 4. The reduced
dimension of the convolutional adapter h is set to 4. The
scale factors A, and A4 are set to 0.1 and 0.5 seperately.
The parameter « is set to 0.85.

B. Self-supervised Estimation Results

In our experimental evaluation, we benchmark our model
against state-of-the-art unsupervised depth estimation meth-
ods using outdoor ViViD thermal image sequences. The
models are trained on day-time sequences and tested on
night-time low-light sequences with different inputs and
supervising signals. Specifically, we compared our method
to three state-of-the-art approaches: Bian et al. [21], which
is designed for RGB sequences, and two other methods
specifically tailored for thermal sequences [8], [18]. The
comparison results are presented in Table I. The compre-
hensive results provide a quantitative assessment, showing
the superior performance of our methods. Additionally, we
offer qualitative comparison results in Fig. 3.

These results emphasize the enhanced accuracy of our
thermal-based depth estimation method compared to state-
of-the-art methods, demonstrating the effectiveness of lever-
aging prior knowledge from pre-trained visual models. Our
method consistently improves from stage one to stage two,
underscoring the continuous refinement of thermal-based
depth estimation in our two-stage strategy.

C. Pose Estimation Results

As a side product of our method, the pose network
estimates relative pose to track thermal image sequences. We
evaluate the proposed pose network against ORB-SLAM?2
[45] (designed for RGB) and Shin [18] on two night-time test
sequences with Absolute Trajectory Error (ATE) and Relative
Error (RE) using thermal images, as shown in Table III. Our
method shows a comparable result to Shin et al. [18].
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(a) RGB (b) Thermal (¢) Groundtruth (d) Shin et al. [8] (e) Shin et al. [18] (f) Ours - Stage 1&2

Fig. 3: Qualitative Results. These figures compare our method with state-of-the-art (SOTA) approaches. The top three rows depict
experiments on ViViD, while the bottom two rows display zero-shot depth evaluation results on ViViD++ and MS2, respectively. Our
method consistently achieves higher accuracy, producing fine-grained depth maps during self-supervised training.

TABLE I: Self-Supervised Depth Estimation Results on ViViD. Our method surpasses state-of-the-art thermal-based estimation methods.

Input Supervision Error| Accuracy?
P pervis RMSE RMSE log AbsRel SqRel | §<125 §<125% §<125
SfM-Learner [21] RGB RGB 12.000 0.595 0.617 9.971 0.400 0.587 0.720
Shin ez al. [8] (MS) | Thermal Thermal 4.697 0.184 0.146 0.873 0.801 0.973 0.993
Shin et al. [18] Thermal R&T 4.132 0.150 0.109 0.703 0.887 0.980 0.994
Ours - Stage 1 Thermal Thermal 4.407 0.165 0.121 0.863 0.872 0.976 0.992
Ours - Stage 1&2 Thermal Thermal 3.944 0.144 0.099 0.741 0.906 0.981 0.994

TABLE II: Zero-Shot Cross-Dataset Estimation Results: Evaluation of models using raw thermal images with proper preprocessing.
The brackets after the datasets denote the camera model for thermal images. The upper section of the table showcases methods trained
on extensive RGB-Depth datasets, while the lower section presents models trained exclusively on ViViD data.

Training Dataset ViViD++ (A65) | MS2(A65C) |

Input Supervision | RMSE RMSE log Abs Rel Sq Rel | RMSE RMSE log  Abs Rel  Sq Rel

MiDaS-v21 [44] RGB Depth 10.588 0.403 0.289 3.651 9.449 0.326 0.237 2.641
DPT-Hybrid [36] RGB Depth 11.686 0.398 0.337 7.615 8.422 0.250 0.202 2.768
DPT-Large [36] RGB Depth 10.299 0.369 0.281 4.611 8.362 0.270 0.203 2.274
Shin et al. [8] Thermal R&T 10.979 0.420 0.377 5.751 15.031 0.614 0.577 11.598

Shin et al. [18] Thermal Thermal 10.245 0.412 0.330 4267 | 13.342 0.529 0.521 9.039

Ours - Stage 1 Thermal Thermal 10.499 0.395 0.273 3.032 8.356 0.299 0.230 2.292

Ours - Stage 1&2 | Thermal Thermal 9.653 0.387 0.303 3.464 8.251 0.295 0.228 2.234

D. Ablation Study quences and summarized the results in Table IV. Notably,

omitting the pre-trained backbone rendered the model unable

To assess the individual contributions of our proposed . . o
prop to generate reasonable depth estimates, which highlights the

components, we conduct an ablation study on ViViD se-
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TABLE III: Pose Estimation Results on ViViD. Our method
demonstrates comparable results to the state-of-the-art methods.

\ ATE | RE |
ORB-SLAM? [45] | 0.1851-£0.1234  0.0292+0.0138
Shin ef al. [18] | 0.0527+0.0274  0.027940.0132
Ours 0.0655£0.0333  0.0276 4 0.0131

TABLE IV: Ablation Study. Fine-tuning indicates training all the
weights in the backbone during stage two. Our method achieves
superior performance across these settings.

| RMSE | RMSElog | AbsRel | SqRel|
w/o pre-training 9.279 0.473 0.465 5.455
w/o stage two 4.407 0.165 0.121 0.863
w/o adapters 4.023 0.147 0.103 0.849
fine-tuning 4.980 0.199 0.153 1.041
Ours 3.944 0.144 0.099 0.741

foundational role played by the pre-trained backbone. Addi-
tionally, our two-stage training scheme and the adapter-based
tuning significantly enhance the network’s performance. As
discussed in Sec.III-B, fine-tuning, due to the limited dataset
scale and self-supervised paradigm, yielded suboptimal re-
sults. It’s worth noting that the image reconstruction loss in
self-supervised paradigm indirectly optimizes the weights for
depth estimation, which may affect the pre-trained weights
and their ability to represent thermal images.

E. Zero-shot Estimation Across Datasets

We extensively evaluate the generalization capabilities of
our depth estimation network by subjecting it to rigorous
testing on two challenging datasets: ViViD++ (8 sequences)
and MS2 (20 sequences). These datasets capture data using
diverse sensors, requiring our model to infer depth maps
from raw LWIR imaging values with varying distributions.
To assess the generalizable performance of our method, it
is compared to two different types of methods: I. Networks
designed for generalized depth estimation, trained on large-
scale RGB-Depth datasets [29], [36], and II. Networks
exclusively trained on thermal datasets [8], [18], shown in
Table II. The qualitative results are shown in 3.

Our experiments reveal several key findings. Firstly, our
experiments demonstrate the superior performance of our
method in zero-shot cross-dataset transfer compared to cat-
egory II, while achieving results comparable to category
I. Moreover, when appropriate preprocessing is applied
to thermal images, generalized RGB-Depth models exhibit
reasonable performance in thermal-based depth estimation.
However, due to the inherent spectral differences, RGB-
based methods sometimes struggle to interpret thermal im-
ages effectively, as shown in Fig. 4.

In constrast, networks exclusively trained on thermal
datasets perform less effectively in zero-shot evaluations,
particularly in the case of the MS2 dataset. This disparity
highlights the strength of our model, which is rooted in
image representations derived from visual foundation models
rather than specific image textures and patterns, allowing
it to overcome challenges faced by other thermal models.

(a) MS2-Thermal (b) MiDaS-v21 [44] (¢) Ours - Stage 1&2

Fig. 4: A failure case of MiDaS-v21 [44] for the generablized RGB-
Depth model to interpret thermal images.

S N

Fig. 5: Experimental Setup in the Real World: Includes a pan-tilt
system, an RGB camera, and a thermal camera.

Furthermore, as discussed in Sec.III-C, during the initial
stage, our model gains a general capability for thermal-based
depth estimation by leveraging prior knowledge from visual
images and a thermal-trained output head. The second stage,
focused on refinement, underscores the robustness achieved
in stage one, with minimal improvement in zero-shot tasks.

FE. Real-world Thermal-based Depth Estimation

In addition to utilizing online datasets for experimentation,
we applied our method to real-world depth estimation tasks
using infrared thermal imaging, as illustrated in Fig. 5.
The camera model we used is the DS-2TD2037T-10. We
conducted capture sessions for all-day driving sequences in
a campus setting, and the outcomes of these experiments are
presented in our accompanying demo video.

V. CONCLUSION

In this paper, we have addressed the challenge of gen-
eralization in thermal-based depth estimation by introduc-
ing a pioneering approach. Leveraging the capabilities of
pre-trained visual models, we demonstrate the potential to
transfer knowledge from the visual to the thermal domain,
bridging the spectral gap between these modalities. Our
two-stage training strategy, augmented by the adapter mod-
ules, enhances the model’s performance, particularly on the
training dataset, while enabling zero-shot dataset transfer
for thermal images. Notably, our method surpasses state-
of-the-art thermal networks in terms of generalization and
performance. This work represents a step forward in har-
nessing pre-trained models for thermal-based depth estima-
tion, contributing to broader cross-modal applications and
advancements in computer vision.
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