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Abstract: Cross-modal domain adaptation for RGB-to-Thermal object detection (DAOD) remains a challenging task due to
the large modality gap, feature distribution mismatch, and limited supervision on the thermal domain. Conventional domain
adaptation detectors often fail to capture consistent semantic representations across modalities, resulting in unstable adver-
sarial learning and suboptimal detection accuracy. To address these challenges, we propose HDAM (Hierarchical Domain
Adaptation with Multi-Level Attention), an enhanced domain-adaptive detection framework built upon Faster R-CNN. HDAM
progressively aligns cross-domain features from low- to high-level representations through a hierarchical attention mecha-
nism. Specifically, it comprises three key components: (1) Entropy-Guided Cross-level Attention (ECA), which leverages
discriminator-derived entropy responses to reweight pixel- and mid-level features for more stable cross-modal encoding; (2)
Multi-branch Global Semantics and Discriminator (MGSD), which performs global adversarial alignment and integrates multi-
scale spatial information through attention-enhanced branches, while introducing an auxiliary image-level semantic consistency
loss; and (3) Instance-Context Alignment (ICA), which fuses ROI-level and contextual embeddings and applies dual instance-
level adversarial losses for precise fine-grained adaptation. Extensive experiments on benchmark RGB-Thermal datasets
demonstrate that HDAM effectively bridges the modality gap and achieves improved cross-domain detection performance
compared to recent DAOD methods.
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1 Introduction

Deep learning has achieved remarkable success in object de-
tection, driven by large-scale annotated datasets and powerful
convolutional or transformer-based architectures. However,
these models typically assume identical data distributions
between training and deployment domains. In real-world
applications, such as autonomous driving or surveillance,
domain shifts [1] frequently occur due to changes in illumina-
tion, weather, or sensing modality. This domain discrepancy
significantly degrades detection performance when models
trained on RGB images are applied to thermal imagery [2—4].
To mitigate this challenge, Unsupervised Domain Adaptation
(UDA) [5-7] has emerged as a promising solution by transfer-
ring knowledge from labeled source data to unlabeled target
data.
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Typical UDA methods seek to learn domain-invariant rep-
resentations by aligning feature distributions between source
and target domains. These approaches have achieved sig-
nificant and consistent progress in both classification and
detection tasks [8—19]. Broadly, they can be categorized into
two major directions: (1) adversarial alignment methods [8,
11-13, 20, 21], which introduce domain discriminators to en-
courage indistinguishable feature representations across do-
mains, and (2) discrepancy-based methods [9, 10, 14, 22, 23],
which minimize statistical distance metrics (e.g., MMD [24],
CORAL [10]) to reduce the inter-domain gaps [25].

For object detection, several studies have extended these
essential UDA principles to region-based frameworks such
as Faster R-CNN [26]. Existing works typically incorpo-
rate domain discriminators at image or instance levels to
perform adversarial feature alignment. For example, some ap-
proaches align global scene-level features to achieve coarse
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adaptation [11, 27], while others focus on instance-level
or ROI-level alignment to further refine category separa-
tion [12, 20]. These methods collectively demonstrate that
multi-granularity adaptation is crucial for effective and reli-
able domain transfer in detection [28, 29].

However, most existing UDA-based detectors are primar-
ily designed for intra-modal adaptation—such as weather or
style shifts within RGB domains—and their performance de-
grades notably when facing cross-modal discrepancies like
RGB and Thermal [3, 18, 30, 31]. In heterogeneous set-
tings, the difference in sensor characteristics introduces large
semantic and structural divergence, including severe global
semantic drift and contextual mismatch, making simple ad-
versarial alignment alone insufficient for achieving robust
cross-domain transfer. Moreover, cross-modal adaptation of-
ten suffers from unstable and inconsistent training due to
the absence of consistent semantic cues and strong modality-
specific noise, which further limits the generalization ability
of existing approaches [15, 30].

To address these challenges, we propose HDAM (Hierar-
chical Domain Adaptation with Multi-Level Attention), a hi-
erarchical domain adaptation framework for RGB—Thermal
object detection. Built upon Faster R-CNN [26] with a
SWDA-based baseline that includes instance alignment,
HDAM progressively bridges domain gaps from low-level
textures to high-level semantics through multi-level atten-
tion and hierarchical alignment. Specifically, it integrates
three complementary components: Entropy-Guided Cross-
level Attention (ECA), which reweights early and mid-level
features according to discriminator responses; Multi-branch
Global Semantics and Discriminator (MGSD), which per-
forms global semantic alignment through multi-branch con-
textual aggregation to counter semantic drift; and Instance-
Context Alignment (ICA), which enforces fine-grained in-
stance consistency by jointly modeling ROI-level and con-
textual embeddings with gradient decoupling. Together, these
components enable HDAM to achieve stable and discrimina-
tive cross-modal adaptation from RGB to Thermal imagery
with improved generalization.

In summary, our main contributions are as follows:

* We propose a Hierarchical Domain Adaptation Frame-
work (HDAM) that systematically mitigates cross-modal
discrepancies across pixel, semantic, and instance levels
through progressive alignment.

* We design three complementary modules—ECA, MGSD,
and ICA—which collaboratively enhance feature robust-
ness and cross-domain generalization through entropy-
guided reweighting, multi-branch fusion, and context-
aware instance adaptation.

* Extensive experiments on the Visible—Thermal FLIR
benchmark show that HDAM achieves a mAP of 57.2%
and remains competitive with recent domain adaptation
detectors across multiple RGB-to-thermal settings.

These results support the effectiveness of HDAM for cross-
modal object detection where labeled data on the target
domain is scarce.
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2 Related Work

Unsupervised Domain Adaptation for Object Detection

Unsupervised domain adaptation (UDA) aims to bridge the
gap between labeled source and unlabeled target domains, en-
abling models to generalize across different distributions. In
object detection, early works leverage adversarial learning to
align features between domains. DA-Faster R-CNN [11] in-
troduces image- and instance-level discriminators to reduce
discrepancies, while SWDA [12] applies strong-weak align-
ment to enhance adaptation via reliable target predictions.
Later methods integrate category-level discriminators [20],
pseudo-label self-training [32], or graph-based reasoning [33]
to further refine category boundaries and mitigate negative
transfer.

These approaches excel in intra-modal scenarios (e.g.,
weather or style shifts in RGB) [34], but struggle with hetero-
geneous cross-modality shifts.

Cross-Modality Object Detection

Cross-modality adaptation, especially RGB-thermal, often
faces severe sensor discrepancies in textures and semantics.
Early methods explicitly disentangle features into modality-
specific and shared parts [35, 36], or use attention-based
fusion to effectively enhance thermal features with RGB
guidance [30].

Recent UDA integrations for RGB-thermal combine ad-
versarial training with contrastive or consistency regulariza-
tion [15]. Multi-domain attention networks attend to infor-
mative regions [37], while hierarchical alignments progress
from low-level textures to high-level semantics [3]. However,
unstable training and reduced discriminability persist due to
overlooked modality gaps and noise.

Discussion and Motivation

Prior methods advance cross-domain detection on bench-
marks like FLIR, but rely on static alignments ignoring
hierarchical discrepancies, leading to semantic drift and dis-
criminability loss.

This motivates our HDAM, which uses dynamic attention
for progressive alignment: entropy-guided feature reweight-
ing at low/mid-levels, multi-branch global discriminators
against drift, and context-aware instance refinement with gra-
dient decoupling, balancing invariance and discriminability in
RGB-thermal adaptation (as shown in Figure 1).

3 Method

As illustrated in Figure 2, the proposed HDAM framework
follows a hierarchical four-stage adaptation pipeline that pro-
gressively bridges the domain gap from low-level textures to
high-level semantics. Specifically, HDAM consists of three
key components: ECA: low- and mid-level Entropy-Guided
Cross-level Attention that adaptively reweights early fea-
tures using discriminator-derived entropy signals; MGSD:
high-level Multi-Branch Global Semantics and Discriminator
for semantic alignment and overall global consistency; ICA:
Instance-Context Alignment for fine-grained instance adapta-
tion and contextual robustness. All discriminators are trained
adversarially via Gradient Reversal Layers (GRL) [8]. The
adversarial supervision is training-only, while the attention
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Figure 1: Motivation for hierarchical domain adaptation in HDAM. The figure illustrates the feature distribution shift between
the source domain and target domain. Our approach progressively aligns these distributions through hierarchical feature align-

ment, resulting in a more unified and consistent representation.

and context branches remain part of the full forward model at
inference time.

Baseline Setup

Our framework is built upon SWDA [12] (domain-adaptive
Faster R-CNN). To strengthen instance-level alignment, we
further integrate an additional instance alignment mecha-
nism [11] similar to [3, 20, 38]. In the experiments, we denote
this hybrid variant as Baseline; it is therefore stronger than
the original SWDA reported in prior work and should be
interpreted accordingly in the comparison tables.

3.1 Problem Setup and Training Protocol

Let the labeled source domain (RGB) be denoted by D; =
{(x] ,yj)}fi 1> and the unlabeled target domain (Thermal) by
D, = {x’J}]]\I’:l During each training iteration, the network re-
ceives mini-batches sampled from both Dy and D;. Source
samples contribute supervised detection losses and domain
losses; target samples contribute only unsupervised domain-
related losses.

Denote the multi-level backbone feature maps as
{F() F?) FO)}, corresponding to different-level feature ex-
tractors respectively, and the final top feature (after base4 /
layer4 and GAP) as F (4). Gradient Reversal Layers (GRL)
are applied before each domain discriminator to implement
adversarial alignment [8, 39].

3.2 Entropy-Guided Cross-Level
(ECA)

Attention

Low- and mid-level features carry modality-specific tex-
tures, edges, and thermal radiation patterns that are often
unreliable for direct feature alignment. Following the main-
stream uncertainty-based attention paradigm [36, 40], ECA
adaptively reweights these features according to domain
discriminator responses, so that the backbone learns more
discriminative and modality-invariant representations.

Pixel-Level Attention

A pixel-wise discriminator Dy is applied to F (1) right af-
ter GRL. The per-pixel confidence d € (0,1)#*W is then
converted to an entropy map

H(dh,w) = _(dh,w 1Ogdh,w + (1 - dh,vv) IOg(l _dh,w))y (D

and the reweighting factor w = 1 — H(d) is multiplied
channel-wise as described in

~! 1

Fc(.h>.,w = (1 +thW) ’ Fc(h?w 2)
This simple reweighting assigns larger responses to lower-
entropy, more domain-confident structural regions, which

helps preserve stable edges and contours for robust cross-
modal generalization.

Mid-level Attention

At F) a mid-level discriminator outputs 2-D logits followed
by softmax. The self-entropy

2
A(p)=—-Y pclogp, 3)
c=1

is computed once per image and rescales the entire feature
map according to

FO =(1+H(p))-F?. (4)

This global reweighting enhances mid-level structures (cor-
ners, local patterns) that often differ across modalities.

Forward Flow

The reweighted features F() and F® are fed forward and,
crucially, supply the contextual vectors ¢pix and ¢piq used by
ICA (Section 3.4). No additional supervision is introduced at
this stage.
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Figure 2: The overall framework of HDAM. G1, G, and G3 denote feature extractors at different levels. Detach Context indi-

cates that the context branch is detached before concatenation.

3.3 Multi-Branch Global Semantics and Dis-
criminator (MGSD)

RGB—Thermal transfer exhibits a layered domain discrep-
ancy: at low—mid levels, modalities differ mainly in texture,
edge responses, and thermal radiation patterns; at high levels,
object appearance and scene context can change drastically
across modalities; at the instance level, isolated Rol features
often lack the surrounding cross-modal context required for
robust and accurate recognition (especially for small, oc-
cluded, or boundary objects). Conventional domain-adaptive
detectors typically apply a single global discriminator to F(3)
or pooled global features [11]. Such a single-branch dis-
criminator primarily captures coarse distributional statistics
and is prone to confusing semantically-similar objects that
present different low-level characteristics across modalities,
i.e., it tends to learn one global “summary’ and therefore may
treat the same object class in RGB and Thermal as different
domains when their high-level appearance or local cues dif-
fer. This naturally leads to global semantic drift and harms
cross-modal consistency.

To explicitly counteract global semantic drift and provide
complementary global cues for instance alignment, MGSD
replaces the single global head with a multi-branch semantic
extractor and discriminator, inspired by the design philosophy
of multi-branch semantics in [15]. The central idea is to force
the model to reason about global semantics from multiple per-
spectives simultaneously: (i) dominant global response, (ii)
spatially salient regions, and (iii) multi-scale contextual pat-
terns. By jointly supervising these complementary views and
fusing them, the discriminator and the semantic head are dis-
couraged from relying on any single, potentially misleading
statistic.

MGSD operates on the top-level feature F) and first
produces a shared intermediate feature map G € RC*He*We
via a small convolutional head. From G we compute three
complementary branches:

* Branch 1 (global context / max response). Apply adap-
tive max pooling to G to obtain z; € R¢. This branch
effectively captures the strongest global activations and is
robust to local noise.

* Branch 2 (spatial attention / salient regions). Compute
a 1x1 convolution followed by a spatial softmax to obtain
an attention map A = softmax (Conv;(G)), and aggre-
gate G with A to produce 2o =3, Apw G - This branch
highlights spatially salient regions (e.g., objects or discrim-
inative parts) that are likely to be semantically important
across modalities.

* Branch 3 (multi-scale context / dilated conv). Apply
a dilated 3 x 3 convolution Convil3% on G to enlarge
the receptive field, then pool to obtain z3 € R%. This
branch captures wider contextual cues and multi-scale de-
pendencies, which help disambiguate objects whose local
appearance differs across modalities.

Fuse these complementary semantic vectors:
Zglob = 21 +22+23 ERY, )

so that the ensuing global signal encodes strong-response,
salient-region and multi-scale context jointly. The fused vec-
tor Zglob is supervised by an image-level semantic loss to
regularize category-preserving global features:

Limg = BCEWithLogits(Wiy,eZgiob + Dimg: Yimg):  (6)

where (Wimg,bimg) is a small linear classifier and yjy, de-
notes the source image-level label. This additional semantic
supervision explicitly encourages zgob t0 be discriminative
for object categories while remaining domain-agnostic.

The multi-branch fusion prevents the global discrimina-
tor from collapsing onto a single statistic that may be highly
domain-dependent. By forcing the model to minimize adver-
sarial loss and semantic loss jointly on zg155, MGSD reduces



Liu et al. / J. Intell. Comput. Netw. 2026 2(3):1-13

erroneous domain separation of same-class instances and mit-
igates global semantic drift. A derived global feature from
this branch is concatenated into instance-level embeddings
as @q1ob. This provides scene-level context to each Rol so
that instance discriminators and classifier heads see both
the local Rol and the global semantic summary, reducing
instance-context mismatch (detailed in Section 3.4).

In practice, MGSD can optionally generate a spatial mask
(from an intermediate activation) for target images and apply
it multiplicatively to the discriminator inputs prior to pooling.
This mask-based modulation explicitly focuses adversarial
alignment on semantically confident and highly informa-
tive regions, and further reduces the harmful alignment of
unreliable background areas.

3.4 Instance-Context Alignment (ICA)

Although MGSD alleviates the global semantic inconsistency
between modalities, the instance-level features still suffer
from contextual mismatch. Specifically, pure Rol features ¢,,;
extracted from the detector tend to lose semantic stability
under challenging cross-modality conditions, leading to con-
fidence collapse at object boundaries, occlusions, and small
targets. This is mainly because ¢,,; focuses solely on the ob-
ject region while neglecting its immediate surrounding cues
and overall scene context [38].

To effectively address this important issue, we propose
the Instance-Context Alignment (ICA) module, which en-
hances instance-level adaptation through context concatena-
tion and gradient decoupling [40].

Context Concatenation

We explicitly aggregate multi-level contextual features from
different stages of the adaptation pipeline to complement the
Rol representation. As shown in our implementation, the final
instance feature is constructed as:

Pder = [‘Proi; ‘Ppix;(Pmid; ¢glob] € Rddel, @)

where @pix, Opia, and Qg are extracted from the outputs of
ECA and MGSD, respectively. ¢,;, originates from the pixel-
level ECA branch, providing fine-grained edge and texture
cues that stabilize features at boundaries. ¢,,;; comes from the
mid-level entropy representation, encoding local structural
information to enrich spatial context. ¢, is derived from
MGSD’s high-level semantic branch, offering scene-level se-
mantics that guide instance recognition across modalities.
Through this explicit concatenation, ICA ensures the instance
discriminator perceives both the target region and its sur-
rounding and global contexts, rather than an isolated Rol
feature.

Gradient Decoupling

To prevent back-propagated gradients from the instance dis-
criminator from contaminating the contextual feature gener-
ators, we adopt a gradient isolation strategy during feature
fusion. Specifically, we apply an auxiliary sigmoid-based In-
stanceDA head on a detached version ¢ and supervise it with
BCE:

Lipa = BCE(InstanceDA (@), Ydom)- 8)

This careful design guarantees that ECA and MGSD modules
remain fully focused on generating stable and highly dis-
criminative representations, while ICA independently learns
to align instance-level semantics. Consequently, the overall
adaptation of the detector no longer compromises the quality
of the contextual features.

Finally, the detection head performs classification and
bounding-box regression on the original Rol feature ¢,; via

Licnn-ctis = CE(CIS(¢r0i);yroi)a )
Licnn-reg = SmoothL1(bbox (@i ), troi ) - (10)

3.5 Losses and Optimization

The total training objective integrates detection and multi-
level adaptation losses:

L = Laet + Apix (Lpix + Liix) + Amid (Linia + Linia)
+ )Lglob (L;lob + Ltglob) + Ains (Lfns + Lins)
+ AmpaLpa + AimgLimg - (11)

Here the supervised detection loss is

Lger = Lrpn—cls + Lrpn—reg + Licnn-cts + chnn—reg- (12)

We detail each domain loss below.

Pixel-Level Losses

Following prior work [11], we use a per-pixel MSE-style
objective that encourages Dyix(F(1)) to predict source=1,
target=0:

1 Dy 2
= g7 L (Oon (A1)’ (13)
hw
1)y 2
Ly = g X (1= Dy (). (14)
hw
Mid-Level Losses

For mid-level discriminator (softmax + CE), we use standard
cross-entropy:

mid = CE(Dmid(Fs(Z))v 0), (15)
Ltyia = CE(Dmia(F), 1). (16)

Global Losses

For the global discriminator we adopt a robust classification
loss (Focal Loss or CE) [41]:

Lo = FL(Dglob(Fv<3>)a 0), (17)
Lo = FL(Dglob(E<3))a 1), (18)

where FL denotes the focal loss (or CE if preferred).



Instance Losses

Instance discriminator losses are similarly defined per-
proposal:

Lfns = FL(DiHS((Pdet,s)v O)a (19)
Lins = FL(DinS(¢det,t)> 1). (20)
Auxiliary Instance DA

The auxiliary InstanceDA loss (Equation (8)) uses BCE on
detached features, providing a stable auxiliary signal:

Lipa = BCE(InstanceDA (), ydom)-

Image-Level Semantic Loss

As in Equation (6), Ling enforces image-level semantic con-
sistency using source image-level labels.
Hyper-Parameters and Dataset-Dependent Weighting

Weighting coefficients Apix, Amids Aglobs Ainss Apas Aimg
are carefully tuned per dataset. Empirically, we found that
small mid/image weights are particularly beneficial for
Cityscapes—FLIR transfer and accordingly adjusted Ajg
based on scene density (reduced for crowded city scenes).

4 Experiments

4.1 Datasets
Visible-FLIR — Thermal-FLIR

This setting considers a one-to-one cross-modal adaptation
scenario, where the domain gap primarily stems from the het-
erogeneous image modalities between visible and infrared
sensors. The FLIR [42] dataset contains paired RGB and
thermal images captured in both daytime and nighttime con-
ditions, covering three object categories: person, car, and
bicycle. It consists of 4,129 training images and 1,013 testing
images, offering a compact yet representative benchmark for
evaluating RGB-Thermal object detection.

Cityscape — Thermal-FLIR

This setting evaluates the model’s ability to adapt across
both modality and geographic scene discrepancies. The
Cityscape [43] dataset provides RGB images captured by
vehicle-mounted cameras in urban driving environments,
containing 2,975 training and 500 validation images anno-
tated with eight common object categories. When adapted to
the Thermal-FLIR target domain, this scenario introduces ad-
ditional challenges due to differences in weather conditions,
illumination, and scene layout between datasets.

Pascal VOC — Thermal-FLIR

This setting investigates adaptation from a general-purpose
dataset with diverse daily-life scenes to the thermal do-
main, emphasizing differences in object appearance and back-
ground context. The Pascal VOC [44] dataset includes 16,551
images from 20 object categories, providing rich object di-
versity but with large domain gaps from the thermal imagery
in FLIR. This scenario is particularly useful for analyzing
the robustness and generalization capacity of the proposed
approach across heterogeneous and semantically disjoint do-
mains.
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4.2 Implementation Details

Our model is implemented based on the Faster R-CNN [26]
framework with a ResNet-101 [45] backbone pretrained on
ImageNet [46], following the typical setting in [3, 12, 37].
The backbone is divided into three main stages (convl-
layer3) for feature extraction, and layer4 serves as the de-
tection head with global average pooling. ROIAlign [47] is
adopted for proposal pooling.

We attach four domain discriminators at different lev-
els: pixel-level, mid-level, global-level, and instance-level on
ROI features. Each discriminator is preceded by a gradient
reversal layer (GRL, A = 0.1) [8] and composed of stride-2
convolutions with Batch Normalization and Dropout. To fur-
ther enhance feature robustness, local and mid-level attention
are introduced by reweighting features with entropy-derived
importance signals from discriminator responses. A multi-
branch global head integrates three complementary pathways
(global pooling, spatial attention, and dilated convolution) to
compute a fused representation supervised by BCEWithLog-
its loss.

The model is optimized using stochastic gradient descent
(SGD) with a momentum of 0.9 and weight decay of 107*.
The initial learning rate is set to 1073 and decayed by 0.1
at the 6th epoch. Input images are resized to have a shorter
side of 800 pixels. The loss weights are set to A,ix = 0.5,
A'mid = 0.15, Afglob = 0.5, A'ins = 0.5, )LIDA = 0.1, and A,img =
0.1, with dataset-specific adjustments. The reported HDAM
results were obtained after repeated independent training,
indicating that the observed performance was reproducible
across runs. Compared with the Baseline, HDAM introduces
approximately 8.95M additional parameters and increases
both training time and inference time by about 15%, which
we regard as a moderate trade-off for the observed accuracy
gains.

4.3 Performance on the FLIR Benchmark

We compare our HDAM with DA-Faster [11], SA-DA-
Faster [33], SWDA [12], SCL [48], VDD [49], CR-DA-
DET [22], HTCN [37], UDAT [50], TIA [51] and UGA [3].
For several competitors, we report the benchmark numbers
published in prior work, especially the UGA protocol used
for FLIR-based comparison; therefore, the tables should be
interpreted as benchmark-level references rather than as strict
same-codebase re-implementations for every method.

Table 1 shows the results of adaptation from Visible-FLIR
to Thermal-FLIR. HDAM achieves 57.2% mAP, exceeding
the previous best reported result (UGA 56.0%) by +1.2%.
Notably, our Baseline already reaches 51.7%, providing a
stronger starting point than original SWDA; HDAM further
improves upon it through hierarchical attention and context-
aware alignment.

Table 2 reports the detailed results of Cityscape —
Thermal-FLIR. HDAM attains 53.5% mAP, slightly im-
proving over UGA (53.0%) and outperforming our Baseline
(47.8%). This result suggests that ECA and MGSD remain
beneficial under larger scene-style shifts, although the gain
over the strongest prior method is modest.
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Table 1: Results of Visible-FLIR — Thermal-FLIR (%).

The results of Pascal VOC — Thermal-FLIR (%) are
reported in Table 3. HDAM reaches 45.0% mAP, improv-

Methods Car Bicycle Person mAP ing over UGA (43.1%) and over the Baseline (35.4%) by
DA-Faster [11] 59.9 243 26.6 36.9 +9.tt$%, ?dlcztltngt litrongler To}ll)tustness when everyday images
SA-DA-Faster[33] 703 333 472 503 are transterred fo thermat gt scenes.
SWDA [12] 58.9 32.0 32.3 414 _
SCL [48] 63.8 43.6 36.9 48,1 Table 3: Results of Pascal VOC — Thermal-FLIR (%).
VDD [49] 66.6 49.2 45.8 53.9 Methods Car Bicycle Person mAP
CR-DA-DET[22] 664 417 432 504 DA-Faster [11] 447 109 262 272
HTCN [37] 563 379 331 424 SWDA [12] 456 218 432 369
UDAT [50] 66.8 49.3 434 53.1 SCL [48] 46.3 236 47.1 390
TIA [51] 678 448 488 538 VDD [49] 43 240 388 357
UGA [3] 685 480 516 560 CR-DA-DET[22] 50.5 208 435 383
UGA [3] 50.8 29.8 48.5 43.1
Table 2: Results of Cityscape — Thermal-FLIR (%). Baseline 46.8 207 38.6 354
Methods Car Bicycle Person mAP HDAM (ours) 559 296 49.6  45.0
DA-Faster [11] 59.7 31.6 46.0 45.8
SWDA [12] 58.3 38.6 44.9 473 Figure 3 further summarizes the cross-task comparis.on.
SCL [48] 61.2 39.6 482 497 Compared with the strongest prior rpethod, HPAM im-
proves mAP by +1.2, +0.5 and +1.9 points on Visible-FLIR,
VDD [49] 53.5 359 43.1 44.2 . .
Cityscape and Pascal VOC transfers, respectively. Taken to-
CR-DA-DET[22] 583 37.6 46.3 474 gether, these results suggest that the proposed hierarchical
HTCN [37] 55.3 36.2 41.9 44.4 adaptation strategy remains effective under both paired cross-
TIA [51] 57.6 405 504 495 modal transfer and larger scene-level domain shifts, while the
UGA [3] 63.6 42.7 52.8 53.0 gains vary by task difficulty.
Baseline 55.8 38.9 48.8 47.8
HDAM (ours) 64.6 39.9 55.9 53.5
Cross-domain detection performance across RGB-to-thermal settings
Visible-FLIR -> Thermal-FLIR Cityscape -> Thermal-FLIR Pascal VOC -> Thermal-FLIR
HDAM — +1.2 HDAM .— +0.5 HDAM — +1.9
UGA UGA - UGA
Vslz ] SCL SCL A
UDAT A TIA A CR-DA-DET
E Baseline I Baseline -{I— SWDA
g CR-DA-DET A CR-DA-DET 4+ VDD A
SA-DA-Faster SWDA - Baseline -
HTSE,'\; ] DA-Faster HTCN
SWDA 4 HTCN TIA
DA-Faster VDD A DA-Faster
25 3‘0 3‘5 4‘0 4I 5 5‘0 5‘5 6‘0 25 3‘0 4‘0 4‘5 5‘0 5‘5 6‘0 25 3‘0 3‘5 4‘0 4I 5 5‘0 5‘5 6‘0

mMAP (%)

mAP (%) mMAP (%)

Figure 3: Overall mAP comparison across three RGB-to-thermal adaptation settings. HDAM consistently achieves the best
performance, and the annotated margins indicate its improvement over the strongest competing method in each setting.

4.4 Ablation Study

To evaluate the contribution of each proposed component, we
perform ablation experiments on the Visible—Thermal FLIR
task. The results are summarized in Table 4. Starting from
the Baseline, we progressively integrate the ECA, MGSD and
ICA modules. From Table 4, several important observations
can be made:

Effectiveness of ECA. Removing ECA causes a notable drop
in mAP (-1.1) and degrades performance on texture-sensitive

categories such as Bicycle. This demonstrates that entropy-
guided attention effectively strengthens low- and mid-level
adaptation across modalities.

Role of MGSD. Excluding MGSD reduces the mAP from
57.2 to 54.7, mainly due to weaker performance on the Bi-
cycle and Person classes. The global semantic discriminator
in MGSD enhances category-level alignment and stabilizes
feature distribution across the two domains.

Impact of ICA. Without ICA, the mAP noticeably drops by
2.1 points compared to the full model. This indicates that
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Figure 4: Ablation visualization on the Visible—Thermal FLIR task. The left panel reports mAP changes, while the right panel

shows class-wise AP gains over the baseline.

integrating contextual features into instance-level representa-
tions significantly improves detection precision, particularly
for heavily occluded or small targets.

Opverall Synergy. The full HDAM model achieves the highest
mAP of 57.2, surpassing the Baseline by +5.5 points. As vi-
sualized in Figure 4, the complete model also produces stable
class-wise gains, especially for Person (+9.2 AP) and Bicycle
(+4.5 AP). These results indicate that HDAM yields com-
plementary benefits, progressively narrowing both global and
local modality gaps.

Table 4: Ablation study of HDAM on the Visible—Thermal
FLIR task (%). Each module contributes to performance im-
provement, and their combination yields the best result.

Method Car Bicycle Person mAP
Baseline 65.8 452 44.0 517
HDAM (w/o ECA) 68.1 48.0 523 56.1
HDAM (w/o MGSD) 67.7  45.0 512 547
HDAM (w/o ICA) 68.0 447 526  55.1
HDAM (full) 68.7  49.7 532 572

[}
® Car
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o

Domain
@® Source
A Target

Cl o
ggi.bn' N .,,:;s::"
L] ‘ 4
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4.5 Visualization of ROI-Level Feature Distri-
butions

Figure 5 presents the t-SNE visualization of ROI-level em-
beddings for the Baseline and HDAM on the Visible-FLIR —
Thermal-FLIR task. The Baseline features still exhibit notice-
able domain separation and looser class structures, especially
for Person and Bicycle. In contrast, HDAM produces more
compact category clusters while improving the overlap be-
tween source and target samples within the same class. This
observation provides direct evidence that the proposed hier-
archical alignment strategy reduces cross-modal discrepancy
without sacrificing instance-level discriminability.

4.6 Visualization of Mid-Level Features

Figure 6 visually compares the heat-maps of mid-level fea-
tures: Baseline responses are noisy and domain-specific,
whereas HDAM yields sharper, object-centric activations
across both modalities, supporting the role of entropy-guided
feature reweighting.

t-SNE of ROI-level embeddings for RGB-to-thermal adaptation

Baseline
-
g‘ﬁ':-e,
e’ o

HDAM

Figure 5: t-SNE visualization of ROI-level embeddings on the Visible-FLIR — Thermal-FLIR task. Different colors denote
object categories, while marker shapes indicate source and target domains. Compared with the baseline, HDAM yields more

compact class-wise clusters and better cross-domain overlap.
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Baseline
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4.7 Visualization of Pixel-Level Attention

Figure 7 visualizes the pixel-level attention learned by ECA.
The overlays show that HDAM focuses on domain-shared
local structures, such as road boundaries, object contours,
and salient foreground-background transitions, in both source
RGB and target thermal images. This behavior indicates that
the entropy-guided weighting suppresses modality-specific
noise and facilitates more robust early-stage cross-modal
alignment.

HDAM

Figure 6: Illustration of the heat-maps of mid-level features on the Visible-FLIR — Thermal-FLIR task.

Target: Original Target: Pixel Weight Overlay

Figure 7: Pixel-level attention visualization on the Cityscape — Thermal-FLIR task. For each source-target pair, the left image
is the original input and the right image is the corresponding pixel-weight overlay. HDAM consistently emphasizes domain-
shared structural cues, such as road boundaries, vehicle contours, and lane markings, across both modalities.

4.8 Example of Detection Results

Figure 8 presents qualitative detection results on the Pascal
VOC to Thermal-FLIR task. As shown, HDAM generally
outperforms both the Baseline and UGA [3]. In several ex-
amples, HDAM captures finer details, as evidenced by tighter
bounding boxes around individuals, and more effectively
identifies distant or less distinct targets. These qualitative dif-
ferences are consistent with the role of hierarchical adaptation
and attention mechanisms in improving cross-modal feature
alignment for thermal object detection.
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UGA

Baseline

Ground-Truth

Figure 8: Illustration of the detection results on the Pascal VOC — Thermal-FLIR task.

5 Conclusion

In this paper, we introduce HDAM, a hierarchical domain
adaptation framework for visible-to-thermal object detection.
By aligning features progressively from low-level textures to
high-level semantics, HDAM mitigates both global semantic
drift and instance-context mismatch. Our framework inte-
grates multi-level attention and multi-branch semantic align-
ment to enhance cross-modal feature discriminability. Exper-
iments on benchmark datasets show that HDAM achieves
improved performance over strong baselines and competi-
tive recent methods, supporting its usefulness for cross-modal
detection tasks.
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