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Abstract

Thermal infrared (TIR) imaging provides a unique capability to reveal surface heat-transfer patterns of buildings and supports
applications such as energy leakage detection, insulation inspection, and building energy monitoring. However, large-scale TIR
image analysis by deep learning is still constrained by the lack of reliable annotations, as TIR images often exhibit blurred textures
and weak boundaries, which makes manual labeling inconsistent and time-consuming. To address this challenge, we propose
ThermalAssist, a geometry-aware and gradient-enhanced framework designed to assist thermal anomaly labeling in UAV-based
TIR images. By combining sparse labeling, dense correspondence, and label propagation, the framework efficiently transfers
labels across overlapping views while maintaining geometric and semantic consistency. Experiments on the TBBR (Thermal
Bridges on Building Rooftops) dataset demonstrate that ThermalAssist achieves an Fl-score of up to 0.87 and a mean IoU of
0.69, effectively helping reduce missing annotations and inconsistent boundaries. Compared with the tracking-based SAMURAI
method, our approach shows greater robustness under low-texture and low-overlap conditions. This work establishes a foundation
for a broader thermal annotation system and validates an important step toward scalable, reliable, and more intelligent labeling of
thermal anomaly imagery.

1. Introduction

Buildings account for nearly 40% of global energy consumption
and approximately one-third of greenhouse gas emissions (Del-
mastro et al., 2022). As nations pursue carbon neutrality, im-
proving the energy efficiency of buildings has become an ur-
gent goal. Thermal Infrared (TIR) images capture the surface
temperature of objects by sensing long-wavelength radiation,
thereby revealing heat-transfer patterns that are invisible to the
human eye. This unique capability makes TIR imaging indis-
pensable for a range of applications, including energy leakage
detection, insulation defect identification, environmental condi-
tion assessment, and cultural heritage preservation.

Despite its great potential, analyzing TIR images at scale re-
mains highly challenging. Unlike visible-spectrum images that
resemble human visual perception, TIR images are typically
single-channel with blurred and low-texture features, making
them inherently difficult to interpret. Effective analysis often
requires professional knowledge and a familiarity of the tar-
get environment. Moreover, due to the limited field of view
of thermal cameras, large-area analysis demands processing a
substantial number of images, further increasing the complex-
ity and cost.

Figure 1. Problem of manual label thermal anomalies in TIR
images with missing label and inconsistent boundaries.

remain limited in both task and quality, especially for thermal-
or energy-related applications.

Annotating TIR images poses challenges compared to RGB im-

With the rapid advancement of deep learning, automated in-
terpretation of image data has achieved remarkable success in
tasks such as object detection, semantic segmentation, and ob-
ject tracking within the visual domain. However, the perform-
ance of such models critically depends on the availability of
large, well-annotated datasets. Creating such datasets, partic-
ularly for TIR images, is labor-intensive and time-consuming.
Existing datasets primarily focus on autonomous driving un-
der low-light conditions, where TIR data are used jointly with
RGB imagery. Consequently, publicly available TIR datasets

ages. Thermal anomalies like thermal bridges usually lack clear
geometric boundaries or distinct textures, and accurate labeling
requires a thorough understanding of both thermal context and
material properties. As shown in Figure 1, the difficulty is amp-
lified in TIR pairs, where annotations must remain temporally
consistent across consecutive frames, ensuring that (1) identical
objects are labeled consistently to avoid missing labels and (2)
boundaries remain spatially coherent. Due to subjective judg-
ments and human errors, maintaining such consistency manu-
ally is both tedious and unreliable.
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To address these challenges, this study proposes a novel
annotation-assistance approach, ThermalAssist, for TIR images
based on image-processing label propagation. We develop a
prototype system that enables (1) automatic detection and track-
ing of identical objects across frames, and (2) rapid label trans-
fer between temporally adjacent TIR images. The proposed
approach can accelerate manual labeling, enhance inter-frame
consistency, and support post-annotation quality control. In
this work, we validate the feasibility of using flow-based la-
bel propagation to transfer sparse labels across overlapping TIR
images for thermal annotation generation, facilitating future re-
search in energy diagnostics and thermal anomaly detection.

The main contributions of this work are:

e We propose ThermalAssist, a geometry-aware and
gradient-enhanced framework for UAV-based thermal an-
omaly annotation, which utilizes gradient-guided inputs to
overcome the inherent challenges of weak boundaries in
TIR imagery.

e We introduce an adaptive, overlap-aware label propagation
strategy that evaluates inter-frame similarity via gradient-
based matching, robustly handling varying overlap condi-
tions and mitigating label drift.

e We validate our approach on the TBBR dataset, demon-
strating that ThermalAssist achieves superior spatial con-
sistency (F1-score up to 0.87) compared to state-of-the-art
tracking methods (e.g., SAMURALI) under low-texture and
low-overlap conditions.

While individual components such as RAFT (Teed and Deng,
2020) and LightGlue (Lindenberger et al., 2023) are existing
tools, their integration into a unified thermal annotation frame-
work with thermal-specific adaptations constitutes the novelty
of this work.

2. Related Work

The availability of annotated TIR images has historically been
far more limited than that of RGB images. Since TIR images
record the long-wavelength radiation emitted from objects, it
enables the detection of phenomena invisible to the human eye,
such as heat leakage, wild animal activity, and wildfire out-
breaks (Bondi et al., 2020, Barrios et al., 2024, Zhang et al.,
2025). Early datasets and models therefore focused primarily
on natural scenes, where the single heat source and distinct tem-
perature gradients make TIR data particularly useful for envir-
onmental monitoring.

In urban environments, however, the situation becomes more
complex. Semantic understanding of diverse urban objects such
as buildings, pedestrians, and vehicles requires fine-grained an-
notation and temporal consistency. Visible imagery is widely
used for semantic segmentation, yet it struggles under low illu-
mination or night-time conditions. TIR imagery compensates
for these limitations and has been increasingly adopted for
autonomous driving and UAV-based perception tasks. For ex-
ample, the HIT-UAV dataset (Suo et al., 2023) provides 2,898
thermal images extracted from 43,470 UAV frames across mul-
tiple scenarios, and (Riz et al., 2023) introduced the MONET
dataset containing annotated UAV-based thermal images of ped-
estrians and vehicles in rural areas. Despite their usefulness,

these datasets rely heavily on fully manual annotation, which is
time-consuming.

To reduce the effort of thermal labeling, recent studies have ex-
plored cross-domain and semi-supervised learning strategies.
A common idea is to exploit spatially aligned external data
to transfer labels to thermal images. For instance, (Kibe et
al., 2025) aligned satellite-based thermal images with land-use
maps using georeferenced positioning to automatically generate
type annotations for the land. Similarly, (Ji et al., 2024) intro-
duced the MVUAV benchmark, a multispectral UAV-view video
dataset containing synchronized RGB-Thermal sequences with
over thirty semantic categories. In their semi-supervised frame-
work, manual labels are provided only for RGB key frames,
and the corresponding thermal frames are co-registered to share
the same labels. Through cross-modal consistency regular-
ization and pseudo-label propagation over time, each manu-
ally labeled frame can expand to approximately twenty-five ad-
ditional labeled RGB-Thermal pairs, achieving an impressive
1:25 manual-to-pseudo label ratio. The RGB images play a
vital role in labeling to achieve semantic segmentation. Con-
sistency regularization and pseudo-labeling techniques (Chen
et al., 2020, Zhuang et al., 2022) demonstrate the potential
of leveraging unlabeled data for large-scale thermal video an-
notation. However, these methods mainly target general se-
mantic segmentation or object detection tasks, rather than
thermal anomaly diagnosis or temperature-related interpreta-
tion with irregular shape under unpredictable circumstances,
where frame-to-frame coherence and radiometric accuracy are
critical. Moreover, low frame rates and scene-dependent tem-
perature variation further complicate annotation propagation
in TIR images. As a result, most domain-specific datasets
for building energy inspection or thermal anomaly detection
(Mayer et al., 2023, Vollmer et al., 2025) still rely on manual la-
beling and expert interpretation, making the process costly and
inconsistent.

3. Method

The core idea behind ThermalAssist is to exploit correspond-
ences and shared thermal anomalies between overlapping TIR
images so that sparse manual labels can be transferred to un-
labeled frames. As illustrated in Figure 1, the system takes
a collection of overlapping or partially aligned TIR images,
where only a small subset is manually labeled. The method
estimates pixel-wise correspondences between labeled and un-
labeled images using dense matching, and then propagates label
information accordingly to produce dense or multi-label masks.

Given a small set of selected images and a larger collection
of target ones, ThermalAssist performs three major steps (Fig-
ure 2): (1) defining the sparse-labeled image setting and la-
beling; (2) estimating dense correspondences using RAFT; and
(3) propagating and filtering the labels according to the estim-
ated flow fields. Each component is detailed in the following
subsections.

3.1 Sparse Label image

Let D = (I, Li)ﬁil denote a set of TIR images. Only a sub-
set D;, C D is provided with manual annotations L;, while
the majority remain unlabeled (L; = (). These images are not
necessarily sequential video frames but are captured with par-
tial overlap from neighboring viewpoints or adjacent time steps.
The goal is to estimate pseudo-labels L; for each unlabeled I;.
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Figure 2. Core workflow for Thermal Assist

III. Label Propagation ‘ /

Labeling thermal bridges differs from conventional semantic
segmentation. A thermal bridge refers to a localized area where
heat transfer is intensified due to discontinuities in insulation or
variations in material conductivity (ISO 10211:2017 — Thermal
bridges in building construction — Heat flows and surface tem-
peratures — Detailed calculations, 2017, Balaras and Argiriou,
2002). Unlike semantic objects in RGB images whose boundar-
ies are visually explicit and defined by color or texture, thermal
bridges manifest as subtle temperature gradients or anomalous
heat patterns in TIR images. Their identification relies on rel-
ative temperature contrasts and structural continuity within the
building envelope, requiring annotators to possess a basic un-
derstanding of thermography and heat diffusion principles to
correctly delineate these regions.

To ensure annotation reliability, each image in Dy, should be
labeled by at least two trained annotators and subsequently
cross-reviewed by a domain expert to resolve ambiguities and
maintain consistency, following a quality-control process sim-
ilar to that adopted in the Monet dataset (Riz et al., 2023). This
protocol minimizes subjectivity and enforces consistent inter-
pretation of thermal patterns across the dataset.

3.2 Dense Correspondence Estimation

We employ the RAFT (Recurrent All-Pairs Field Transforms)
model (Teed and Deng, 2020) to estimate pixel-wise corres-
pondences between overlapping TIR images. The RAFT model
is employed with weights pretrained on RGB data due to the
lack of large-scale TIR datasets with ground-truth optical flow.
Our gradient-enhanced input effectively narrows the domain
gap by providing structural priors familiar to the model. Dense
correspondence aims to compute a dense flow field that aligns
two images at the pixel level, denoted as Fy_iyr(z,y) =
(Az, Ay), where each pixel in I; is assigned a displacement
vector pointing to its corresponding location in /¢ ;. Compared
with sparse feature matching, dense correspondence explicitly
models geometric deformation for every pixel, which is crucial
for low-texture and viewpoint-varied TIR images.

Unlike previous optical flow networks which predict flow in
a single forward pass based on local correlations, RAFT in-
troduces a global all-pairs correlation volume and a recurrent
refinement mechanism that iteratively updates the flow with
context-aware feedback. Given two feature maps ¢ and ;4
extracted by a shared CNN encoder, RAFT first constructs a 4D

correlation volume:
C(x1,%2) = Pi(x1) ' Pyan(x2), (D

where x; € I and x3 € I;4. This volume encodes the match-
ing similarity between all pixel pairs, enabling long-range mo-
tion reasoning beyond local neighborhoods.

Then, a recurrent update operator R iteratively refines the flow
estimate through a gated recurrent unit (GRU)-based architec-
ture:
F = P+ AF™, AF™ = R(G(C,F™),0M),
@)
where G(C, F(”)) samples local correlation features guided by
the current flow estimate, and (™ is the hidden state of the re-
current unit. This iterative refinement allows consistent updates

and subpixel accuracy while maintaining robustness to illumin-
ation changes or low texture-conditions typical in TIR images.

RAFT is originally trained under a supervised regime using the
endpoint error (EPE) between predicted and ground-truth flow
fields. Given ground-truth flow F}",,, ,, the EPE loss is defined
as:

1 *
LepE = ~ Z | Fisttr () — Fioypr(%)||2, 3)

where N is the number of valid pixels. During training, RAFT
produces multiple intermediate flow estimates, and the total
flow loss aggregates the endpoint errors with exponential de-
cay:

Niter

L:flow = Z ’YNHET?n L:(E’R;E, (4)
n=1

where v € (0, 1) emphasizes later, more accurate iterations. To
encourage spatial coherence, a first-order smoothness regular-
ization is applied:

['smooth = Z ||szt—>t+k(X)”1 + Hvat—>t+k(X)H17 (5)

penalizing abrupt flow variations while preserving motion
boundaries. The overall objective combines both terms:

£total = Eflow + )\sﬁsmoothy (6)

where A\s controls the trade-off between flow accuracy and
smoothness.

Since TIR images are single-channel images with weak texture
and blurry edges, we construct a gradient-enhanced pseudo-
RGB input for RAFT instead of directly replicating the intens-
ity channel. Given a thermal image I, we first normalize it to
[0, 1] to obtain I, and compute its spatial gradient magnitude G
using Sobel filters in the = and y directions. We then form a
three-channel input as:

X = [szGyvj]a (7)

where the first and second channel emphasizes structural and
boundary cues, and the remaining channels preserve radiomet-
ric information.

This design injects edge and contrast information into the cor-
relation lookup of RAFT, improving correspondence estimation
in low-texture thermal regions while remaining compatible with
pretrained weights originally trained on RGB datasets.
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3.3 Label Propagation and filtering

Figure 3. Problem of directly using RAFT for label transfer in
(a) high overlap and (b) Low overlap. Green: GT, Red:
transferred label.

Due to the varying frame rate and partial overlap among thermal
image pairs, not all frames can be directly aligned via a flow-
based method. Figure 3 shows an example of using RAFT
only in both high overlap and low overlap situations. The mis-
alignment becomes severe when images share low overlap. We
therefore first evaluate the frame similarity between a labeled
image [; and an unlabeled image ;1. Since direct registra-
tion on TIR images is often unreliable due to weak texture and
blurry boundaries, we compute the gradient maps G; = VI
and Gi4r = Vi, and use the LightGlue (Lindenberger et
al., 2023) matcher to establish keypoint correspondences. The
similarity between two frames is quantified by the pixel-wise
overlap ratio:

M, N M,
S(It, Iy y,) = W 8)

where M; and M;,; denote the valid matched pixel sets after
outlier filtering.

If S(It,It+k) < ds, a coarse-to-fine alignment is first per-
formed to roughly register the two images based on matched
keypoints before estimating the dense correspondence field;
otherwise, we directly apply the RAFT model. In our exper-
iments, the overlap threshold is set to 6, = 0.7 based on empir-
ical analysis of the TBBR dataset, where image pairs below this
value exhibit insufficient geometric correspondence for reliable
direct flow estimation.

Once the dense flow F;_,+y is obtained, label propagation be-
comes a deterministic process. Given a labeled image I; with
its annotation mask L., and an unlabeled image I+ , each label
is transferred as:

Liti(@'y') = Li(@,y).
©)

(33/’ yl) = (:Cv y)+Ftﬂt+k($7 y)v

Confidence Weighting Each propagated pixel is assigned a
confidence weight w(x,y) according to the correlation mag-
nitude or the internal convergence stability of RAFT:

w(m,y) :O'(”C([hItJrk)(xvy)H)v (10)

where o(-) denotes a min-max normalization that maps the
correlation magnitude to [0,1], defined as o(z) = (z —
Zmin)/(Zmax — Tmin) computed over all pixels in the target im-
age. These confidence maps are later used to weight multiple
propagated masks or suppress uncertain regions.

Algorithm 1 ThermalAssist Label Propagation Workflow

Require: Labeled TIR images Dy, = {I;, L;}, Unlabeled im-
ages I;, Overlap threshold §

Ensure: Pseudo-labels L; for unlabeled frames
1: Step 1: Gradient Enhancement
2: For each I, compute Sobel gradients G, G, and construct

pseudo-RGB input X = [G, Gy, I].
3: Step 2: Overlap-aware Alignment
4: Calculate similarity S(I, I++x) using LightGlue keypoint
matching.
5. if S(It7 It+k) < 53 then
6:  Apply coarse-to-fine registration based on matched key-
points.
7: else
8:  Estimate dense flow Fi_ ¢4 using RAFT with input X.
9: end if
0
1

: Step 3: Label Propagation & Fusion

: Warp L; to I;4, via flow field F' and assign confidence
weights w(zx, y).

12: Step 4: Post-processing

13: Refine L;1; using morphological

bounding-box alignment.

14: return Final pseudo-labels L,

smoothing and

Post-Processing To enhance spatial coherence and geometric
consistency, we refine the propagated labels through bounding-
box based adjustment and morphological smoothing. Small
isolated components are removed, and object boundaries are
aligned with existing bounding boxes or semantic segments.
The final pseudo-label ﬁt+k thus preserves both geometric in-
tegrity and semantic continuity with the source annotation. In
cases where a target image receives labels from multiple source
frames, conflicts are resolved by selecting the label with the
highest confidence weight w(zx,y), ensuring radiometric and
geometric consistency.

This hierarchical pipeline from gradient-based similarity estim-
ation to flow-guided label propagation, enables robust pseudo-
label generation under heterogeneous thermal imaging condi-
tions, forming a core element of the proposed ThermalAssist
framework.

4. Experiments and Result

We evaluated our proposed method on the Thermal Bridges
on Building Rooftops (TBBR) dataset (Mayer et al., 2023).
It is a multi-channel UAV dataset acquired over the city cen-
ter of Karlsruhe, Germany, during multiple flight campaigns.
Each image is co-registered across RGB, TIR, and height map
channels, forming a comprehensive multi-modal benchmark for
building-level heat-loss analysis. '

In this study, we exclusively used the thermal infrared chan-
nel to evaluate the robustness of our label propagation frame-
work under realistic single-modality conditions. We conduc-
ted experiments on two subsets of TBBR images that were
roughly divided according to spatial coverage and image con-
tinuity. Site 1 contains eight overlapping TIR images represent-
ing a compact area with high inter-frame overlap, while Site 2
includes twenty-nine images covering a larger and more hetero-
geneous region. Neither site forms a fully continuous video se-
quence; instead, the images were selected based on spatial adja-
cency to ensure meaningful correspondence for label propaga-
tion.

' The implementation of the proposed ThermalAssist framework, along
with the experimental scripts and pretrained models, will be made pub-
licly available at: https://github.com/Ano/ThermalAssist.
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Following the labeling protocol of the TBBR dataset, each
thermal bridge or heat-loss region was manually delineated by
expert annotators using polygonal masks provided by the data-
set. To ensure annotation reliability, all masks were cross-
validated by multiple experts and refined to correct boundary
ambiguities inherent to low-texture thermal data. For object de-
tection evaluation, bounding boxes were derived from the poly-
gonal annotations to maintain consistency with standard met-
rics.

To comprehensively assess propagation behavior, we construc-
ted pairwise experiments between adjacent images to estim-
ate the similarities between pairs. For each pair (I, I;), the
earlier image served as the source and the subsequent image
as the target. This pairwise design enables direct evaluation
of label transfer accuracy between overlapping views without
relying on temporal continuity. Three representative configur-
ations were considered: (i) C-P1, corresponding to two con-
secutive and highly overlapping images; (ii) D-P2, represent-
ing a direct propagation between nonadjacent images with step
of 2; and (iii)) CC-P2, a cross-continuous case that shares the
same source and target as D-P2 but includes an intermediate
overlapping image as a transitional step. For each target image,
the propagated label was compared with its manual annotation,
which served as the ground truth (GT). This design allows us
to analyze how spatial continuity and frame overlap influence
label transfer quality across different site configurations.

To quantify performance, we adopted standard object detec-
tion and segmentation metrics, including Precision, Recall, F1-
score, and the mean Intersection over Union (mIoU) between
predicted and ground-truth bounding boxes or masks. These
metrics jointly evaluate the completeness and geometric accur-
acy of the transferred annotations, providing a comprehensive
assessment of label propagation quality under varying overlap
conditions.

Figure 4 illustrates representative examples of the proposed
label propagation results under different frame-overlap condi-
tions on TIR images. Manual annotations (GT) are shown in
green, and automatically transferred labels are indicated in red
for visual comparison. Across both sites, most thermal anomaly
labels are successfully transferred to adjacent views, exhibit-
ing strong spatial and semantic correspondence with the ground
truth. The visual results confirm that the majority of thermal an-
omaly labels can be reliably transferred across different view-
points, maintaining strong spatial correlation with the manually
annotated ground truth.

When two TIR images exhibit high overlap (e.g., DJI.0I79_R
and DJI_0181_R), most building structures and thermal pat-
terns can be precisely aligned through the proposed gradient-
enhanced flow estimation. As a result, the transferred la-
bels exhibit smooth, well-defined boundaries that nearly co-
incide perfectly with the manual annotations. In contrast,
when the overlap between frames is small (e.g., DJI_.0181_R
and DJI_0183_R), some anomalies appear partially missing or
slightly distorted due to viewpoint shifts and parallax. In these
challenging cases, the propagated masks may lose fine bound-
ary details or drift along facade edges. Nevertheless, the confid-
ence weighting and bounding-box—guided post-processing ef-
fectively suppress outliers and maintain overall geometric co-
herence.

Quantitative results for both Site 1 and Site 2 are summarized in
Table 1. Across all experiments, the proposed method achieves

Site Setting BBox Segmentation
Prec. Rec. F1 mloU Prec. Rec. F1 mloU
1 C-P1 085 0.76 080 0.69 0.77 0.69 0.73 0.61
D-P2 0.67 0.57 0.61 0.66 0.60 051 055 0.58
CC-P2 0.88 0.57 0.69 0.66 0.79 0.51 0.62 0.57
2 C-P1 092 0.86 089 0.75 0.85 0.80 0.82 0.8
D-P2 0.84 0.73 0.78 0.70 0.76 0.66 0.70 0.54

CC-P2 0.83 0.73 0.77 0.71 0.74 0.65 0.70 0.54

Table 1. Quantitative results of label propagation on Site 1 and
Site 2. Detection (BBox) and segmentation (mask) metrics are
reported.

stable and accurate performance, with mean F1-scores above
0.80 for bounding-box detection and above 0.70 for segment-
ation. On Site 1, which features dense overlaps and similar
viewpoints, the propagated labels achieve the highest IoU val-
ues, indicating strong pixel-level consistency. Site 2, contain-
ing a larger number of images with more diverse viewpoints,
shows a moderate decrease in IoU but maintains comparable
F1-scores, confirming the framework’s robustness under less-
overlapped and more heterogeneous conditions.

A clear relationship is observed between the degree of over-
lap and label quality. Frames with larger spatial overlap gener-
ally yield higher precision and smoother segmentation bound-
aries, while pairs with smaller overlap exhibit reduced recall
because many ground-truth objects fall outside the shared field
of view between the source and target images. These omissions
are therefore not algorithmic failures but rather physical non-
overlaps, highlighting the importance of overlap estimation in
guiding reliable label propagation.

Among the tested configurations, the C-P1 case representing
continuous and high-overlap pairs achieves the best results on
both sites, with F1-scores of 0.80 and 0.89 for bounding-box
detection and 0.73 and 0.82 for segmentation. These results
confirm that when sufficient geometric correspondence exists
between consecutive frames, the propagation process can ac-
curately preserve object completeness and boundary integrity.
In contrast, performance declines under the D-P2 and CC-P2
settings, where overlap is smaller and viewpoint variation is
more pronounced. Nevertheless, the mean IoU remains relat-
ively stable (around 0.66-0.71), suggesting that once corres-
pondences are correctly established, the propagated labels re-
main geometrically well aligned.

A closer comparison between CC-P2 and D-P2 further reveals
the role of intermediate-frame transitions. Both settings share
the same source and target images, but CC-P2 introduces one
additional overlapping frame as a transitional step, whereas
D-P2 performs a direct propagation. CC-P2 achieves slightly
higher precision while maintaining similar IoU, indicating that
intermediate frames can help stabilize propagation by reducing
spatial discontinuities between distant viewpoints. However,
this benefit diminishes when the intermediate image contains
weak thermal texture or poor registration quality. These obser-
vations suggest that the choice of propagation path—whether
to include intermediate overlaps—should be adaptively determ-
ined based on inter-frame similarity rather than fixed by se-
quence order. Such adaptive path selection could further im-
prove label coverage and reduce omission in large-scale, multi-
view thermal datasets.
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Figure 4. Example results for label transfer.

5. Discussion

To evaluate the efficiency of our method, our results are com-
pared with the SAMURALI tracking-based label propagation
framework (Yang et al., 2024), a state-of-the-art 2D tracking
method that combines flow estimation and object tracking to es-
tablish temporal associations across consecutive frames. Utiliz-
ing SAMURALI, we perform dense motion estimation between
adjacent images and transfer labeled masks through iterative
warping and linking, achieving label propagation in image se-
quences.

Table 2 reports the quantitative comparison on Site 1 of
the TBBR dataset. Our method consistently outperforms
SAMURALI on the TIR data across both continuous and cross-
continuous configurations. In the continuous case (C-P1), the
proposed framework achieves an F1-score of 0.87 and a mean
IoU of 0.69, notably higher than SAMURAI (F1 = 0.56, mloU
= 0.68). Similarly, under the cross-continuous setting (CC-
P2), where inter-frame overlap decreases, our model main-
tains stable performance (F1 = 0.70), while SAMURALI drops
sharply to 0.31. These results demonstrate that introducing
gradient-based similarity and geometric alignment substantially
improves label stability under low-texture and low-overlap con-
ditions.

Although SAMURALI occasionally achieves comparable mean
IoU values (around 0.67-0.68), its recall and overall detection
rate are significantly lower, primarily because the method of-
ten misses small or partially occluded objects. This limita-
tion stems from its reliance on pixel-level motion consistency
without incorporating camera geometry or 3D structural con-
straints. Such a design performs well for high-frame-rate RGB
videos but becomes unstable for UAV-based TIR images, where
parallax, occlusion, and illumination variation lead to unreliable
optical flow. Consequently, SAMURALI exhibits label drift, du-
plicated detections, and shape distortions when applied to low-
overlap thermal data.

In contrast, our proposed framework explicitly models spa-

tial geometry and gradient-based similarity between frames.
By estimating overlap ratios, it adaptively applies coarse-to-
fine alignment or RAFT-based dense correspondence and re-
fines propagated labels via confidence weighting and bounding-
box—guided filtering. This integration of geometric priors and
structural cues preserves object location, shape, and overlap
consistency throughout the propagation process.

Furthermore, when the same model is applied to the RGB mod-
ality, the performance drops substantially (F1 < 0.3), despite
similar geometric configurations. This observation implies that
thermal signals encode more stable radiometric features for an-
omaly localization, whereas RGB textures are sensitive to il-
lumination and viewpoint variation. By incorporating struc-
tural correspondence, gradient information, and overlap-aware
matching, our framework effectively mitigates label drift, im-
proves spatial consistency, and enhances pseudo-label reliabil-
ity for UAV-based thermal anomaly mapping.

Data Method Setting Prec. Rec. FI  mloU
TIR Our C-PI 088 086 0.87 0.69
TIR Our CC-P2 076 066 0.70 0.63

TIR SAMURAI
TIR SAMURAI
RGB Our
RGB Our

C-P1 053 059 056 0.68
cCc-p2 031 032 031 0.67
C-P1 024 027 026 0.64
CC-P2 0.13 0.13 0.13 0.67

Table 2. Comparison between the proposed method and
SAMURALI under different modalities and overlap conditions.
C-P1 and CC-P2 denote continuous stepl and cross-continuous
pairs step2, respectively.

Our experiments confirm that the proposed assisted propaga-
tion enables successful label transfer across multiple thermal
views, yielding quantitatively stable and visually coherent res-
ults. Nevertheless, this work represents only an initial step to-
ward a fully integrated annotation framework for automatically
identifying corresponding thermal annotations. How to syn-
chronize object boundaries while maintaining reasonable shape
consistency and optimizing for low-overlap precision remains
an open question for investigation.
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While the framework involves dense matching, it drastically
reduces human effort. ThermalAssist achieves a manual-to-
pseudo label ratio of up to 1:10 in the test area, enabling large-
scale survey annotation in a fraction of the time required for
manual labeling. The inference time per image pair is approx-
imately 1.2s on a modern GPU, making it highly scalable for
extensive UAV datasets. Although validated on the TBBR data-
set, the geometry-based nature of ThermalAssist allows for po-
tential adaptation to other TIR applications, such as forest fire
detection or wildlife monitoring, where inter-frame overlap is
maintained.

Future efforts will focus on extending this concept toward a
more comprehensive system, tentatively designed to support
large-scale, multi-view, and multi-condition annotation of TIR
images. It is envisioned as a four-stage pipeline consisting of:
(1) image-graph reconstruction to model inter-image relation-
ships, (2) keyframe selection to select the reasonable TIR im-
ages for labeling while minimizing manual annotation cost, (3)
label propagation (the focus of this study), and (4) converged
label fusion to integrate multi-view annotations into a spatially
consistent global map. Within this roadmap, ThermalAssist
corresponds to Stage (3) and (4) and serves as a proof-of-
concept, validating the feasibility of automatic label transfer
under real-world thermal imaging conditions. This work there-
fore establishes a solid foundation for developing a complete,
scalable framework for reliable TIR annotation in future stud-
ies.

6. Conclusion

In this study, we proposed ThermalAssist, a geometry-aware
and gradient-enhanced framework designed to assist the la-
beling of thermal anomalies in UAV-based TIR images. Un-
like conventional manual annotation workflows that are often
labor-intensive and inconsistent due to low contrast and blurred
boundaries in TIR data, ThermalAssist enables the automatic
propagation of labels across overlapping views. Through pair-
wise experiments on the TBBR dataset, we demonstrated that
the proposed approach can achieve accurate and spatially con-
sistent label transfer, with F1-scores of up to 0.87 and mean IoU
of 0.69 in high-overlap settings. The framework effectively re-
duces missing annotations and inconsistent boundaries, while
also serving as a practical tool for quality checking and accel-
erating manual labeling.

Compared with the state-of-the-art SAMURALI tracking-based
propagation method, ThermalAssist shows superior robustness
under low-texture and low-overlap conditions. By explicitly
incorporating geometric alignment and gradient-based similar-
ity, our method maintains stronger spatial correspondence with
ground-truth annotations and produces fewer drifted or duplic-
ated detections. These results confirm the advantage of integ-
rating structural priors and inter-frame similarity estimation for
reliable label transfer in TIR images.

ThermalAssist represents a key intermediate step toward a more
comprehensive framework for thermal annotation, which we
tentatively refer to as ThermalAnno. This envisioned system
will extend the current work from pairwise propagation to a
fully integrated multi-view annotation pipeline, including (1)
image-graph reconstruction, (2) keyframe selection, (3) optical-
flow—based label propagation, and (4) converged multi-view la-
bel fusion. Future research will focus on implementing these

additional components to enable scalable, cross-view consist-
ent annotation of large-scale thermal datasets. Ultimately, we
aim to develop a unified thermal annotation system that bridges
manual expertise and automated geometry-aware assistance for
efficient, reliable, and reproducible TIR data labeling.
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