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Abstract

LiDAR sensors provide reliable physical distance measurements using laser signals, en-
abling accurate acquisition of 3D information for various optical systems. However, they
are costly, require significant weight and space, and their reliability and accuracy degrade
under adverse environmental and weather conditions. In contrast, thermal cameras oper-
ating in the infrared spectrum can capture stable visual information even in challenging
scenarios such as nighttime, low-light, and rain. However, they cannot directly provide
the physical 3D depth information that LiDAR offers. To design efficient optical systems,
there is a growing need for techniques that transform thermal image data into LiDAR-like
depth information. While deep learning models can theoretically learn direct mappings
between thermal and LiDAR modalities, the scarcity of acquiring paired thermal–LiDAR
datasets and the difficulty of acquiring them make this task challenging. In this paper,
we propose a thermal image-to-LiDAR depth transformation framework. Our method
leverages large-scale pretrained visual models for depth estimation to generate initial depth
predictions from thermal inputs. Since pretrained RGB-based models face a modality gap
when applied to thermal data, we introduce a two-stage depth refinement. Stage 1 corrects
global scale inconsistencies, and Stage 2 refines local structural details. Experiments on the
MS2 dataset demonstrate that the proposed framework consistently improves the initial
DepthPro outputs across day, night, and rainy conditions. Both quantitative metrics and
qualitative comparisons show that RGB-pretrained depth predictions can provide useful
structural cues for thermal depth estimation when their global scale and local structural
errors are explicitly refined.

Keywords: depth refinement; monocular depth estimation; thermal depth estimation;
thermal imaging

1. Introduction
Thermal images are relatively less sensitive to illumination changes and can provide

stable visual information even in conditions where visible-light-based perception systems
are vulnerable, such as night-time, low-light, and rainy environments. Owing to these
properties, thermal sensors have been widely utilized in various applications, including
autonomous driving, robotics, and surveillance, where reliable depth estimation is particu-
larly important for 3D perception tasks such as scene understanding, obstacle avoidance,
and distance estimation. Recently, with the introduction of datasets and learning-based
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methods for thermal depth estimation, the feasibility of estimating depth using only ther-
mal images has gradually been demonstrated [1]. Nevertheless, thermal depth estimation
remains more challenging than its RGB-based counterpart [1].

These challenges mainly arise from the inherent characteristics of the thermal domain.
Since thermal images differ fundamentally from RGB images in both imaging principles
and signal distributions, representations learned from visible-light images are not easily
transferable to thermal data. In addition, thermal images provide limited texture and
appearance cues, which restrict the reliable recovery of structural information required for
depth estimation. To alleviate these limitations, thermal-specific self-supervised learning
methods have been proposed [2], and multimodal approaches leveraging multi-spectral
information as auxiliary input have also been reported [3]. However, such methods tend to
rely on additional modalities, sensor alignment, or thermal-specific training procedures.

Meanwhile, in the field of RGB-based monocular depth estimation (MDE), founda-
tion models trained on large-scale data have advanced rapidly in recent years. Recent
RGB-based monocular depth estimation models, including DepthAnythingV2, have demon-
strated strong generalization ability and fine-grained depth reconstruction performance [4].
Among these models, DepthPro has been reported as a representative MDE model that
simultaneously achieves high resolution, sharp boundaries, and fast inference [5]. These
advances suggest that RGB-based depth foundation models can provide useful initial
predictions even for thermal inputs.

However, directly applying RGB-based monocular depth estimation (MDE) models to
thermal images presents clear limitations. While the initial predictions preserve relative
depth relationships to some extent, they still suffer from global scale inconsistency and local
structural errors. Moreover, such models cannot accurately provide physical LiDAR depth
information when applied to thermal imagery. Although learning-based models can be
trained using paired thermal–LiDAR data, acquiring such paired data remains challenging,
and the modality gap between thermal imagery and depth supervision still makes accurate
thermal depth estimation difficult.

To address these challenges, this paper focuses on the analysis and refinement of
RGB-pretrained DepthPro outputs for thermal inputs. Rather than aiming to replace fully
supervised thermal-specific MDE models, this study investigates how the systematic errors
of an RGB-pretrained depth model can be interpreted and reduced in the thermal domain.
As illustrated in Figure 1, we propose a two-stage refinement framework built on top of the
initial DepthPro predictions. In Stage 1, global scale correction is performed on the initial
DepthPro predictions, followed by Stage 2, which refines the remaining local structural
errors. This coarse-to-fine correction strategy enables thermal-domain-adaptive depth
refinement while preserving the relative depth structure contained in the initial predictions.
Experimental results show that the proposed framework consistently improves the initial
DepthPro predictions across day, night, and rainy conditions.

 

Figure 1. Overview of the proposed 2-stage thermal depth refinement framework. The dashed box
indicates the main components in the proposed framework.
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The main contributions of this paper are as follows:

1. We analyze the error characteristics of the initial predictions produced by directly
applying DepthPro to the thermal domain and interpret them from the perspectives
of global scale inconsistency and local structural errors.

2. We propose a two-stage refinement framework for RGB-pretrained DepthPro outputs,
combining percentile-clipped thermal input normalization, global scale prediction,
and local structural refinement.

3. We experimentally demonstrate that the proposed framework consistently improves
the initial DepthPro predictions across day, night, and rainy conditions.

2. Related Work
2.1. Thermal Depth Estimation

Research on thermal depth estimation has generally evolved along two main direc-
tions. The first direction estimates depth using only thermal images. For example, the
MS2 benchmark has been used to investigate depth estimation from monocular and stereo
thermal images [6], providing benchmark results for representative thermal depth estima-
tion models. In addition, a self-supervised method incorporating thermal image mapping
was proposed to alleviate the difficulty of self-supervision caused by the low contrast
and ambiguous boundaries of thermal images [2]. These studies demonstrate that mean-
ingful depth estimation is possible using thermal images alone, even without additional
auxiliary modalities.

The second direction leverages additional modalities such as RGB images. In this
category, prior work trained a monocular thermal depth estimation network using disparity
information obtained from RGB cameras together with RGB-to-thermal image translation
results [7]. Other studies have proposed methods that reduce the feature-level domain
gap between RGB and thermal images through unpaired RGB–thermal data and adver-
sarial multi-spectral adaptation [8]. Although these approaches can compensate for the
limitations of thermal-only input, they also increase dependence on additional sensors
and modalities.

2.2. RGB-Based Monocular Depth Estimation Models

Recent studies on RGB-based monocular depth estimation have significantly improved
generalization performance beyond specific scenes or sensors through large-scale training.
Early work mainly focused on metric depth estimation tailored to individual datasets.
Subsequently, MiDaS suggested a different direction by jointly training on multiple datasets
with diverse characteristics, thereby achieving strong zero-shot cross-dataset generalization
performance [8]. Building on this trend, later studies such as Metric3D, UniDepth, and
DepthAnything further advanced toward stronger generalization performance or zero-shot
metric depth estimation capability [9–11].

Within this line of research, DepthPro was proposed as a foundation model for zero-
shot metric monocular depth estimation [5]. DepthPro can estimate a metric depth map
with absolute scale even when metadata such as camera intrinsics are not provided, and
it was designed to generate high-resolution depth maps with short inference times while
preserving high-frequency structural details and sharp boundaries [5]. To this end, Depth-
Pro employs a multi-scale ViT-based architecture, a training strategy combining real and
synthetic data, and a focal length estimation module [5]. However, when such large-scale
pretrained models are directly applied to domains with different imaging characteristics,
such as thermal images, performance degradation may occur.
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2.3. Domain Gap and Adaptation

Monocular depth estimation is sensitive to domain discrepancies between training
and inference data, and distribution shifts such as synthetic-to-real transfer or day-to-night
environmental changes can be major causes of performance degradation. To mitigate this
problem, prior studies have proposed synthetic-to-real adaptation using image style trans-
fer [12], geometry-aware symmetric domain adaptation [13], adversarial feature adaptation
for nighttime images [14], and domain-separation-based self-supervised depth estimation
for all-day environments [15]. These studies mainly focus on adapting the model to a new
domain during training or reducing representational discrepancies across domains through
feature alignment.

In contrast, this study focuses on refining the initial predictions obtained by applying
an RGB-based pretrained monocular depth estimation model to thermal images without
performing explicit domain adaptation. To this end, we design a two-stage refinement
framework that progressively corrects the errors contained in the initial predictions.

3. Proposed Method
The goal of this study is to correct the errors that arise when DepthPro is directly

applied to thermal inputs. To this end, we propose a 2-stage refinement framework. Stage 1
performs scene-level global scale correction on the initial predictions, and Stage 2 further
refines the remaining local structural errors in a pixel-wise manner.

We adopt the model DepthPro as the initial depth generator because its output char-
acteristics match the requirements of the proposed framework. Our framework requires
an initial predictor to satisfy two conditions. First, since Stage 1 applies a single global
multiplicative correction, the initial prediction should provide continuous depth values
in metric form. Second, since Stage 2 corrects local structural errors, the initial prediction
should preserve object boundaries and thin-structure cues to a reasonable degree. DepthPro
performs zero-shot metric depth prediction and, through its multi-scale ViT-based archi-
tecture, produces high-resolution outputs with sharp boundary preservation, satisfying
both conditions.

Figure 2 presents the overall architecture of the proposed framework, and the details
of each stage are described below.

Figure 2. Overall architecture of the proposed 2-stage thermal depth refinement network.
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3.1. Stage 1: Global Scale Correction

The objective of Stage 1 is to correct the scene-level global scale inconsistency in the
initial prediction D0 produced by DepthPro. To achieve this, Stage 1 estimates a global
log-scale factor s from the thermal image and the initial prediction. The predicted log-scale
factor is applied to the initial prediction as follows to generate the corrected depth map D1:

D1 = exp(s)·D0 (1)

This global correction allows the subsequent local refinement in Stage 2 to be per-
formed on a more stable input. The multiplicative log-scale formulation was adopted
because it adjusts the overall depth scale while preserving the relative depth structure
of the initial prediction. In addition, applying the exponential function to the predicted
log-scale factor guarantees a positive scale factor, thereby maintaining physically valid
positive depth values.

First, the input thermal image is normalized to the range of [0, 1] using percentile
normalization based on the 1st and 99th percentiles of the pixel-value distribution in each
frame and is then fed into the thermal encoder. The encoder consists of four convolutional
blocks followed by global average pooling and produces a 64-dimensional feature vector
et. The initial prediction D0 is first clipped at 80 m according to the evaluation range of
the MS2 benchmark and then converted to the log domain. It is subsequently fed into
the Depth Encoder, which has the same architecture as the Thermal Encoder, to produce
another 64-dimensional feature vector ed. The two encoders are designed as lightweight
convolutional encoders because Stage 1 aims to estimate only the scene-level scale factor
rather than dense pixel-wise corrections. The 64-dimensional embeddings provide compact
image-level and depth-level representations while keeping the Scale Regression module
simple. Local structural correction is therefore left to Stage 2, which performs pixel-wise
refinement using multi-scale and high-resolution features.

Finally, the two embedding vectors et and ed are concatenated and passed to the Scale
Regression module, implemented as an MLP with two hidden layers, to predict the global
scale s. In this way, Stage 1 estimates the scene-level global scale inconsistency in the initial
prediction and generates the corrected prediction D1 for the subsequent refinement stage.

3.2. Stage 2: Pixel-Wise Refinement

The objective of Stage 2 is to refine the remaining local structural errors using the
globally corrected prediction D1 obtained from Stage 1. The inputs to Stage 2 consist of
the thermal image, the corrected prediction D1, the embedding vectors et and ed extracted
in Stage 1, and the global log-scale factor s. The thermal image is replicated into three
channels, and D1 is transformed into a normalized log-depth map. These are concatenated
to form a four-channel input composed of a three-channel thermal image and a one-channel
log-depth map.

This four-channel input is fed into the MS encoder, whose backbone is ConvNeXtV2-
Tiny [16]. ConvNeXtV2-Tiny is adopted as a compact hierarchical backbone that provides
multi-scale features for contextual reasoning without substantially increasing the complex-
ity of the Stage 2 refiner. The encoder extracts a set of multi-resolution features FMS at 1/4,
1/8, 1/16, and 1/32 resolution from this four-channel input. In parallel, the thermal image
is also processed by a separate HR encoder, which produces skip features S1 and S1/2 at the
original and half resolutions, respectively, to preserve fine structural information. This dual-
encoder design is motivated by the characteristics of thermal images, which often provide
weak texture cues but still contain useful boundary information, requiring both multi-scale
contextual reasoning and high-resolution structural preservation for effective refinement.
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The multi-resolution features FMS are then processed by the aggregation block, which
consists of three steps shown in Figure 2: 1⃝ feature aggregation, 2⃝ feature-wise linear
modulation (FiLM), and 3⃝ multi-scale fusion. First, in step 1⃝, features in FMS are aggre-
gated in a top-down manner to construct a 256-channel pyramid feature Fagg, where each
scale component satisfies Fagg

k ∈ R256×Hk×Wk . The channels are unified to 256 across all
scales so that the features can be integrated by element-wise summation in the fusion step.
Next, in step 2⃝, the condition vector c = [s, et, ed] is formed by concatenating the global
log-scale factor and the Stage 1 embedding vectors and is injected into the aggregated
features through FiLM to produce the conditioned features Ff ilm. This conditioning allows
the global scale information estimated in Stage 1 to guide the local refinement process in
Stage 2. Finally, in step 3⃝, each conditioned feature is upsampled to 1/4 resolution as
Fup

k = Up1/4

(
F f ilm

k

)
, where Up1/4(·) denotes resizing to the 1/4-resolution feature size.

The upsampled features are integrated by element-wise summation followed by a convo-
lutional block, producing the fused feature Ff use = Conv

(
∑ kFup

k

)
with 256 channels at

1/4 resolution.
The HR decoder uses the fused feature Ff use obtained above together with the skip

features S1 and S1/2, respectively, through skip connections. In this process, Ff use is pro-
gressively upsampled and combined with the corresponding skip features, and a residual
map r is finally predicted at the original resolution. Through this design, Stage 2 preserves
the global consistency established in Stage 1 while more precisely correcting local structural
errors using boundary and fine-grained cues contained in the thermal image.

The predicted residual map is incorporated not through direct additive correction but
through multiplicative residual correction. First, for each input image, the median value of
the predicted residual map is subtracted to obtain a zero-centered residual map rcenter. The
prediction D2 is then expressed as follows:

rcenter = r − median(r) (2)

D2 = D1·exp(αtanh(rcenter)) (3)

where α is a constant that controls the correction magnitude. In our experiments, α is set to 0.5
so that the multiplicative correction factor is bounded within [exp(−α), exp(α)] ≈ [0.61, 1.65 ],
preventing Stage 2 from excessively altering the global scale established in Stage 1. The tanh(·)
function suppresses excessively large correction values, while median subtraction reduces the
global bias of the correction, thereby encouraging Stage 2 to focus on local refinement.

Although Equations (1) and (3) share a multiplicative correction form, they operate
at different levels. Equation (1) applies a single image-level scale factor to correct scene-
level global scale inconsistency, whereas Equation (3) applies bounded pixel-wise residual
correction factors to refine the remaining local structural errors.

3.3. Loss Function

For the supervision of Stage 1, a ground-truth-based global log-scale target s∗ was
generated for each scene from the LiDAR ground-truth depth G and the initial prediction
D0. First, the set of valid pixels Ω in G is defined as follows:

Ω =
{

i
∣∣∣Gi > 10−3, Gi < 80

}
(4)

Here, Ω denotes the set of valid pixels used for depth supervision, and i denotes an
individual pixel index in Ω. Then, the median of the log-depth difference between the
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ground-truth depth and the initial prediction over the valid pixel region is used as the
scene-level global log-scale target:

s* = mediani∈Ω(log Gi − log max(D0i, 10−3)) (5)

Here, max
(

D0i, 10−3) is introduced to ensure numerical stability in the logarithmic
operation by imposing a minimum depth value. This target represents the scene-level
global scale difference in the log domain, and the use of the median operator reduces the
influence of outliers.

Stage 1 is trained to minimize the difference between the predicted global log-scale
factor s and the ground-truth-based global log-scale target s∗. To this end, the following
Smooth L1 loss is used:

Lstage1 = SmoothL1(s, s∗) (6)

During the training of Stage 2, a Smooth L1 loss is applied to the log-depth difference
so that the final predicted depth D2 matches the ground truth G:

Ldepth =
1
|Ω| ∑

i∈Ω
SmoothL1(log D2i, log Gi) (7)

In addition, to prevent unnecessary oscillation in the predicted correction map, edge-
aware total variation regularization and edge-aware Laplacian regularization are applied
to the correction map used in Stage 2, defined as m = αtanh(rcenter). Each term is defined
as follows:

Ltv =
1
|Ω| ∑

i∈Ω
ωi

(
|∂xmi|+

∣∣∂ymi
∣∣ ) (8)

Llap =
1
|Ω| ∑

i∈Ω
ωi|∆mi| (9)

Here, ∂x and ∂y denote first-order spatial derivatives along the horizontal and vertical
directions in the image plane, respectively, and ∆ denotes the discrete Laplacian operator
applied to the correction map. In addition, ωi denotes an edge-aware weight determined
from the gradient magnitude of the thermal image. This design suppresses excessive
smoothing around strong thermal boundaries while discouraging unnecessary oscillation
of the correction map in relatively textureless regions.

Finally, the loss for Stage 2 is defined as follows:

Lstage2 = Ldepth + λtvLtv + λlapLlap (10)

In our experiments, λtv and λlap were set to 0.005 and 0.1, respectively. These parame-
ters were used as fixed auxiliary regularization weights to suppress unnecessary spatial
fluctuations and local oscillations in the correction map, while keeping the log-depth re-
construction loss as the dominant training objective. In addition, the correction magnitude
parameter α in Equation (3) was fixed at 0.5 to limit the pixel-wise correction magnitude.
The same parameter values were used for all experiments.

4. Experiments and Results
4.1. Experimental Settings
4.1.1. MS2 Dataset

The MS2 dataset used in this study is a large-scale multi-sensor driving dataset that
provides stereo RGB, stereo NIR, and stereo thermal images, together with LiDAR-based
depth maps projected onto the image coordinate system of each modality. Following the
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official benchmark protocol, we used the predefined train/validation/test split, consisting
of 26K images for training and 4K images for validation. The test split is further divided
into three subsets: 2.3K images for the day subset, 2.3K images for the night subset, and
2.5K images for the rain subset. For monocular depth estimation, the left camera image
from each stereo pair was used. The thermal images and the projected depth maps have a
resolution of 640 × 256.

4.1.2. Implementation Details

Stage 1 was trained for 20 epochs using the AdamW optimizer, with a batch size of 32,
a learning rate of 2 × 10−4, and a weight decay of 10−4. The training was conducted on an
NVIDIA RTX 2070 Super GPU, and the total training time was approximately 20 min.

Stage 2 was trained for 30 epochs using the AdamW optimizer, with a batch size of
16, an initial learning rate of 10−4, and a weight decay of 10−4. The learning rate was
scheduled using a cosine annealing scheduler with a minimum learning rate of 10−6. In
addition, automatic mixed precision (AMP) training was adopted to improve computational
efficiency and reduce GPU memory usage. Stage 2 training was performed on a single
NVIDIA RTX 4090 GPU, and the total training time was approximately 22.5 h.

4.1.3. Evaluation Metrics

To evaluate depth estimation performance, we used five error metrics, namely mean
absolute error (MAE), absolute relative error (AbsRel), squared relative error (SqRel), root
mean square error (RMSE), and root mean square logarithmic error (RMSElog), together
with three threshold-based accuracy metrics, δ1, δ2 and δ3. For all error metrics, lower
values indicate better performance, whereas for the accuracy metrics, higher values indicate
better performance. The threshold accuracy δk is defined as follows:

δk =
1
N

∣∣∣∣∣
{

i

∣∣∣∣∣max

{
d̂i
di

,
di

d̂i

}
< 1.25k

}∣∣∣∣∣, k ∈ {1, 2, 3} (11)

where N denotes the number of valid ground-truth pixels, and di and d̂i represent the
ground-truth depth and the predicted depth at pixel i, respectively. In addition, δk indicates
the proportion of pixels whose predicted depth lies within a factor of 1.25k of the ground-
truth depth, and the allowable error range becomes wider as k increases.

All experiments followed the MS2 benchmark protocol. Only pixels with ground-truth
depth values satisfying 10−3 < di < 80 m were regarded as valid. The predicted depth
values d̂i were clipped to the same range before evaluation.

4.2. Analysis of Thermal Input and Depth Pro Output Characteristics
4.2.1. Performance Comparison According to Input Normalization Method

To feed thermal images into DepthPro, two input normalization methods were com-
pared. The first was the RAW method, in which the full range (0–16,383) of the 14-bit
thermal images provided by the MS2 dataset was linearly normalized to the range of 0–1,
then converted again to the 8-bit range of 0–255, replicated into three channels, and used as
input. The second was the percentile-clipped normalization method, denoted as PCTL. In
this method, only the 1st–99th percentile range of the intensity values in each image was
used instead of the full range. The selected range was then normalized to 0–1, converted to
the 8-bit range, replicated into three channels, and fed into DepthPro. Table 1 presents the
evaluation results obtained when the test split of the dataset was used as input to DepthPro
using these two methods.
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Table 1. Comparison of two input normalization methods.

MAE AbsRel SqRel RMSE RMSElog δ1 δ2 δ3

RAW 7.303 0.365 4.132 10.126 0.530 0.349 0.618 0.766
PCTL 4.833 0.251 2.382 7.293 0.307 0.573 0.873 0.953

The experimental results show that the PCTL method achieved overall better depth
estimation performance than the RAW method. Since the RAW method applies the same
fixed range to all images, it is directly affected by scene-dependent differences in thermal
distributions and extreme values. In contrast, the PCTL method readjusts the effective
range according to the distribution of each image and reduces the influence of outliers. As
a result, the contrast of structurally informative regions within the image can be empha-
sized more stably, allowing DepthPro to utilize relative depth patterns more effectively.
Therefore, the PCTL method was used as the input normalization strategy for DepthPro in
all subsequent experiments.

4.2.2. Analysis of Relative Depth Preservation in Depth Pro Outputs

To examine whether the outputs of DepthPro preserve the relative depth structure of
a scene even when the absolute depth values themselves are not accurate, a rank-based
evaluation was conducted using Spearman’s rank correlation coefficient, Kendall’s tau, and
PDA, as shown in Table 2. For each frame, up to 20,000 valid pixels were sampled, and
30,000 pixel pairs were then randomly drawn from these samples to compute Kendall’s
tau and PDA. For PDA, the margin was set to 0.1, so that only pixel pairs with a depth
difference greater than 10% in the ground truth were regarded as valid comparison pairs.

Table 2. Rank-based evaluation of relative depth preservation in DepthPro outputs.

Spearman Kendall Tau PDA

PCTL 0.936 0.827 0.898

Spearman’s rank correlation coefficient measures the overall agreement in rank or-
dering between the ground-truth and predicted depth values, where a value closer to
1 indicates that the two depth maps share a similar global ranking structure. Kendall’s tau
evaluates how consistently the relative front–back ordering between arbitrary pixel pairs is
preserved, thereby more directly reflecting pairwise rank consistency. PDA denotes the
proportion of pixel pairs with sufficiently large depth differences in the ground truth for
which the prediction correctly identifies the relative ordering, and a higher value indicates
more accurate preservation of structural depth relationships.

As shown in Table 2, the average results were 0.936 for Spearman’s rank correlation,
0.827 for Kendall’s tau, and 0.898 for PDA. These results indicate that although the outputs
of Depth Pro differ from the ground truth in terms of absolute scale, they preserve a
substantial portion of the relative depth ordering and structural relationships within a
scene. In particular, the high values of both Spearman’s rank correlation and Kendall’s tau
suggest that not only the global ranking structure but also the pairwise relative ordering
is preserved with reasonable stability. In addition, the high PDA value indicates that the
model maintains the relative ordering well in regions with meaningful depth differences.
These findings support the feasibility of the subsequent Stage 1 global scale correction and
Stage 2 pixel-wise refinement.
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4.2.3. Analysis of the Effect of Image-Wise Global Scale Alignment

To examine whether global scale inconsistency is one of the major causes of perfor-
mance degradation in the outputs of DepthPro, a preliminary analysis was conducted by
computing the image-wise optimal scale between the ground-truth depth and the initial
prediction and then applying it to the initial prediction. The scale was computed in the same
manner as the ground-truth-based global log-scale target s∗, which is used only for Stage 1
supervision during training, as defined in Equation (5). As a result, most test metrics were
substantially improved even with simple global alignment alone. This suggests that global
scale inconsistency is one of the major sources of error in the initial outputs of DepthPro.

However, even after such alignment, the evaluation metrics were still not sufficiently
high, indicating that global correction alone is not enough to fully resolve the remaining
errors. Table 3 quantitatively compares the original DepthPro output with the result of this
GT-based image-wise scale alignment. In Table 3, “Scale” denotes the result obtained by
applying this GT-based image-wise optimal scale to the initial DepthPro prediction, and it
is used only for preliminary analysis rather than as the inference output of Stage 1. Based
on these observations, we designed a 2-stage refinement framework that combines Stage 1
for global scale correction and Stage 2 for refining the remaining local structural errors.

Table 3. Effect of image-wise global scale alignment.

MAE AbsRel SqRel RMSE RMSElog δ1 δ2 δ3

PCTL 4.833 0.251 2.382 7.293 0.307 0.573 0.873 0.953
Scale 3.190 0.143 1.314 5.776 0.207 0.808 0.945 0.980

4.3. Ablation Study of the Proposed Framework

This section analyzes the role of the proposed two-stage refinement strategy in the
proposed framework. Specifically, we compare four settings: the original DepthPro output
with percentile-based post-processing, the result obtained by applying only Stage 1 global
scale alignment, the result obtained by applying only Stage 2 pixel-wise refinement, and
the full framework using both Stage 1 and Stage 2. This ablation is designed to evaluate
the individual effects of global scale alignment and pixel-wise residual refinement and to
examine whether the explicit Stage 1 correction is necessary before applying Stage 2. The
results are reported for the day, night, and rain splits, and “Avg” denotes the average over
the three splits. The best value for each metric is highlighted in bold.

Table 4 presents the quantitative results of the ablation study. Compared with the
original DepthPro output, applying Stage 1 alone substantially improves depth accuracy.
In terms of average performance, AbsRel is reduced from 0.251 to 0.157, RMSE decreases
from 7.293 to 6.052, and δ1 improves from 0.573 to 0.774. These results indicate that
the initial DepthPro predictions contain a significant global metric scale mismatch when
directly applied to thermal images, and that Stage 1 effectively alleviates this error through
image-wise global scale alignment.

The Stage 2-only setting also improves the original DepthPro output. Its average
AbsRel decreases from 0.251 to 0.167, RMSE decreases from 7.293 to 5.178, and δ1 increases
from 0.573 to 0.765. This demonstrates that pixel-wise residual refinement is effective for
correcting local depth errors. However, compared with Stage 1 alone, the Stage 2-only
setting shows slightly worse AbsRel and δ1, although it achieves a lower RMSE. This
suggests that Stage 2 can reduce large local errors, but it does not fully replace the explicit
global scale correction performed by Stage 1.
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Table 4. Ablation study of the proposed two-stage refinement framework.

Split MAE AbsRel SqRel RMSE RMSElog δ1 δ2 δ3

Depth Pro
(PCTL)

Day 4.172 0.222 1.869 6.663 0.253 0.627 0.920 0.982
Night 4.758 0.268 2.567 7.211 0.309 0.556 0.862 0.951
Rain 5.518 0.263 2.690 7.955 0.356 0.538 0.838 0.927
Avg 4.833 0.251 2.382 7.293 0.307 0.573 0.873 0.953

Ours
(Stage 1)

Day 2.929 0.129 1.150 5.525 0.188 0.834 0.960 0.988
Night 3.400 0.168 1.493 5.901 0.220 0.760 0.936 0.982
Rain 4.114 0.173 1.643 6.680 0.254 0.732 0.911 0.964
Avg 3.497 0.157 1.433 6.052 0.222 0.774 0.935 0.977

Ours
(Stage 2)

Day 2.626 0.139 0.849 4.547 0.179 0.814 0.968 0.994
Night 3.037 0.169 1.196 4.870 0.215 0.768 0.938 0.976
Rain 3.972 0.190 1.662 6.047 0.266 0.715 0.911 0.960
Avg 3.231 0.167 1.246 5.178 0.221 0.765 0.938 0.976

Ours
(Stage 1 + 2)

Day 2.085 0.099 0.547 3.756 0.139 0.891 0.982 0.997
Night 2.310 0.119 0.662 3.864 0.156 0.860 0.974 0.995
Rain 3.249 0.144 1.034 5.114 0.199 0.793 0.950 0.985
Avg 2.566 0.121 0.755 4.268 0.166 0.847 0.968 0.992

The full Stage 1 + 2 framework achieves the best overall performance among the
proposed variants. In terms of average performance, AbsRel is further reduced to 0.121,
RMSE decreases to 4.268, and δ1 increases to 0.847. Compared with Stage 1 alone, adding
Stage 2 reduces AbsRel from 0.157 to 0.121 and RMSE from 6.052 to 4.268. Compared with
Stage 2 alone, applying Stage 1 before Stage 2 further improves AbsRel from 0.167 to 0.121,
RMSE from 5.178 to 4.268, and δ1 from 0.765 to 0.847. These results show that Stage 1 and
Stage 2 play complementary roles: Stage 1 first corrects sample-dependent global scale
mismatch, while Stage 2 further refines the remaining pixel-wise residual errors and local
structural inconsistencies.

To further clarify the role of Stage 1, we analyze the distribution of the image-wise
multiplicative scale factors predicted by Stage 1. The scale factors reported in Table 5 are
not log-scale values but the actual multiplicative factors applied to the initial DepthPro
depth map in meters before Stage 2 refinement.

Table 5. Distribution of scale factors predicted by Stage 1.

Split Mean Median P5 P95

Day 0.955 0.910 0.738 1.305
Night 1.036 0.918 0.721 1.440
Rain 1.141 0.932 0.757 1.579
Avg 1.047 0.918 0.733 1.425

As shown in Table 5, although the overall mean scale factor is 1.047, this value alone
does not fully represent the image-wise variation in the required scale correction. The
median scale factor over all test images is 0.918, and the P5–P95 range is 0.733–1.425.
Similar trends are observed in each split, with P5–P95 ranges of 0.738–1.305, 0.721–1.440,
and 0.757–1.579 for the day, night, and rain splits, respectively. These results indicate
that the scale mismatch is not a single constant bias, but varies depending on the input
image and imaging condition. Therefore, Stage 1 does not simply apply a nearly con-
stant 1.047 correction; rather, it predicts an image-wise global scale factor before the local
refinement stage.
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Overall, the ablation results demonstrate that both stages are necessary for progres-
sively adapting DepthPro predictions to thermal imagery. Stage 1 improves global met-
ric consistency by correcting image-dependent scale mismatch, whereas Stage 2 further
enhances the predictions by refining local depth structures. The full two-stage frame-
work achieves the most stable and accurate results, supporting the effectiveness of ex-
plicitly decomposing the refinement process into global scale alignment and pixel-wise
residual refinement.

4.4. Performance Comparison with Existing Methods

In this section, we compare the proposed method with four MDE models reported in
the MS2 benchmark [6], namely DORN [17], AdaBins [18], BTS [19], and NeWCRFs [20],
through both quantitative and qualitative evaluation. Table 6 presents the test metrics of
the four models and the results obtained by applying both Stage 1 and Stage 2. For each
split, the best value for each metric is highlighted in bold.

Table 6. Quantitative comparison with existing methods.

Split MAE AbsRel SqRel RMSE RMSElog δ1 δ2 δ3

DORN

Day 1.929 0.101 0.443 3.388 0.135 0.909 0.987 0.998
Night 1.887 0.099 0.401 3.152 0.129 0.914 0.989 0.998
Rain 2.688 0.127 0.757 4.377 0.167 0.842 0.971 0.994
Avg 2.182 0.109 0.540 3.660 0.144 0.887 0.982 0.996

AdaBins

Day 1.638 0.079 0.327 3.003 0.111 0.937 0.992 0.999
Night 1.577 0.079 0.273 2.679 0.105 0.947 0.995 0.999
Rain 2.254 0.104 0.518 3.726 0.139 0.891 0.983 0.997
Avg 1.834 0.088 0.377 3.153 0.119 0.924 0.990 0.998

BTS

Day 1.599 0.075 0.314 2.945 0.107 0.943 0.992 0.998
Night 1.604 0.079 0.282 2.755 0.106 0.943 0.995 0.999
Rain 2.254 0.101 0.531 3.740 0.137 0.896 0.983 0.997
Avg 1.831 0.086 0.380 3.163 0.117 0.927 0.990 0.998

NeWCRFs

Day 1.497 0.071 0.271 2.717 0.099 0.951 0.994 0.999
Night 1.494 0.074 0.248 2.544 0.099 0.952 0.996 1.000
Rain 2.111 0.095 0.464 3.503 0.127 0.909 0.988 0.998
Avg 1.712 0.081 0.331 2.937 0.109 0.937 0.992 0.999

Ours
(Stage 1 + 2)

Day 2.085 0.099 0.547 3.756 0.139 0.891 0.982 0.997
Night 2.310 0.119 0.662 3.864 0.156 0.860 0.974 0.995
Rain 3.249 0.144 1.034 5.114 0.199 0.793 0.950 0.985
Avg 2.566 0.121 0.755 4.268 0.166 0.847 0.968 0.992

According to the quantitative results, NeWCRFs achieves the best overall performance
among the compared methods, and the proposed method does not outperform the thermal-
specific baselines in terms of overall accuracy. For example, NeWCRFs achieves the best
average AbsRel of 0.081, whereas the proposed method achieves an average AbsRel of
0.121. However, the baseline results were obtained from state-of-the-art models that were
directly trained on thermal–LiDAR data pairs. In contrast, the results of the proposed
method are obtained using a completely different approach: post-processing the outputs
of an RGB-based pretrained model. The fact that our approach achieves comparable
objective performance to direct training methods, even without retraining DepthPro, is
highly encouraging and demonstrates the potential of the proposed technique.

Here, it is important to note certain considerations when evaluating the results. When
computing the metrics in Table 6, the ground-truth LiDAR depth data are inherently
sparse and contains missing regions. In these areas, metrics such as AbsRel cannot be
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reliably calculated, and thus the results in Table 6 were obtained using the masking strategy
adopted in prior state-of-the-art methods. Consequently, the reported results do not
represent evaluations across all pixels of the thermal-derived depth maps, highlighting
the need for complementary approaches. Since arbitrarily modifying the ground truth of
standard datasets lies beyond the scope of this study, incorporating visual evaluation or
qualitative comparison is essential for a more comprehensive assessment.

Figures 3 and 4 present qualitative comparisons between the proposed method and
the baseline methods. In both figures, (a) shows the input thermal image, and (b) shows
the ground truth. (c)–(f) correspond to the results of the compared methods, (g) shows the
output of DepthPro, (h) shows the result after applying Stage 1, (i) shows the result after
applying only Stage 2, and (j) shows the result after applying both Stage 1 and Stage 2. For
clearer qualitative comparison, all depth maps in the experimental figures are visualized
using a shared color-mapped log-depth scale over 1–80 m, so that the same color represents
the same depth value across all figures.

In Figure 3, the red-box region contains a human object. The baseline methods roughly
capture the presence of the object, but fail to preserve the human shape clearly. In contrast,
the final output of the proposed framework in (j) produces a more distinct human structure.
A similar trend is observed in the blue-box region containing a motorcycle, where the
baseline methods yield blurred or mixed representations, whereas the proposed method
provides a clearer structural representation. In the yellow-box region, the baseline methods
exhibit abnormally near depth responses, while the proposed method mitigates such
artifacts. Comparing (g) and (h), Stage 1 adjusts the overall depth scale of the scene
by correcting the global scale mismatch in the initial DepthPro prediction. The Stage
2-only result in (i) indicates that pixel-wise refinement alone is insufficient when the
initial prediction still contains global scale inconsistency, often leading to less stable local
structures. In contrast, the full Stage 1 + 2 result in (j) combines global scale alignment with
local residual refinement, producing a more consistent depth prediction.

Figure 4 more clearly illustrates the effect of applying Stage 2 after Stage 1. In the
red-box region corresponding to a traffic sign, the baseline methods generally capture the
circular upper part, but fail to preserve the thin pole structure accurately. In particular,
(d) fails to represent the sign structure, while (c), (e), and (f) produce results where thin
structures such as the pole are either thickened or exhibit discontinuities, failing to preserve
their precise shape and continuity. The result after Stage 1 in (h) maintains the upper part
of the sign, but the pole remains unclear and appears closer than in the ground truth. The
Stage 2-only result in (i) shows an abnormal depth response in the background region
containing trees, indicating that pixel-wise refinement alone can be unstable when global
scale alignment is not performed beforehand. In contrast, the result in (j), after applying
Stage 2, shows that the depth structure in this region is corrected toward the ground
truth, and the pole is more clearly represented. Furthermore, in the yellow-box region, the
baseline methods exhibit abnormal depth patterns in far regions, whereas the proposed
method alleviates such errors. This observation suggests that applying Stage 2 after global
scale correction contributes to further correcting the local structural errors that remain after
Stage 1.
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Figure 3. Qualitative comparison of existing methods and the proposed method (Example 1).

Figure 4. Qualitative comparison of existing methods and the proposed method (Example 2).

5. Conclusions
This study analyzed the limitations of directly applying an RGB-based monocular

depth estimation model DepthPro to thermal inputs and proposed a 2-stage depth refine-
ment framework to address these issues. Through empirical analysis, we found that the
initial predictions of DepthPro do not provide accurate absolute depth values but preserve
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the relative depth structure of the scene to a certain extent. We further identified that the
major errors can be categorized into global scale inconsistency and local structural errors.
Based on this observation, we designed a framework that combines global scale correction
in Stage 1 with pixel-wise refinement in Stage 2. Experimental results on the MS2 dataset
show that the proposed method consistently improves upon the original DepthPro outputs
across all conditions. In terms of average performance, AbsRel was reduced from 0.251 to
0.157 after Stage 1 and further to 0.121 after Stage 2. RMSE was also reduced from 7.293
to 6.052 and further to 4.268, while the accuracy metric δ1 improved from 0.573 to 0.774
and then to 0.847. Qualitative results also showed that the proposed method produces
clearer object boundaries and more structurally consistent depth maps while alleviating
abnormal depth responses in distant regions and boundary distortions observed in the
initial predictions.

Nevertheless, the proposed method does not outperform existing thermal-specific
monocular depth estimation models across all evaluation metrics, and its contribution
should not be interpreted as achieving state-of-the-art thermal depth estimation perfor-
mance. Rather, this study focuses on analyzing the behavior of an RGB-pretrained metric
depth model in the thermal domain and demonstrating that its outputs can be improved
through explicit global scale alignment and pixel-wise refinement. Therefore, the proposed
framework should be understood as a refinement-based adaptation approach built on
top of DepthPro rather than as a replacement for fully supervised thermal-specific MDE
models. In addition, the experiments were conducted only on the MS2 dataset, and other
pretrained depth models were not evaluated in this study. Future work will therefore
evaluate the proposed framework on additional thermal depth datasets and compare it
with other pretrained depth models such as DepthAnythingV2, Metric3D, and UniDepth.
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