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Abstract

Single-object tracking has progressed rapidly, yet it remains fragile under low illumination,
occlusion, and background clutter. RGB-Thermal (RGB-T) tracking improves robustness
via modality complementarity, yet many existing trackers do not dynamically switch the
dominant modality as sensing quality changes and often rely on simple late fusion at a
single stage, underutilizing multi-level features across the backbone. To address these
challenges, we propose CMCLTrack, a unified framework that integrates the Reliability-
Modulated Cross-Modal Adapter (RMCA) and the Cross-Layer Mamba Fusion (CLMF).
Specifically, RMCA performs reliability-aware bidirectional cross-modal interaction by
dynamically weighting modality contributions, while CLMF efficiently aggregates com-
plementary cues from multiple encoder layers to exploit multi-level representations. To
stabilize the learning of layer-wise modality reliability, we additionally incorporate a cross-
layer reliability smoothness regularization. Extensive experiments on multiple RGB-T
tracking benchmarks demonstrate that CMCLTrack achieves competitive performance
compared to existing state-of-the-art methods.

Keywords: RGB-T tracking; cross-modal fusion; reliability-aware interaction; cross-layer
aggregation

1. Introduction

As a fundamental task in computer vision, object tracking aims to localize an arbitrary
target in each video frame—a research area that has attracted extensive attention and seen
significant advances over the past decades [1]. Numerous approaches and benchmarks
have been proposed, leading to promising performance on RGB-based tracking. However,
relying solely on the RGB modality often results in target loss or drift under challenging
conditions, such as illumination changes, occlusion, and background clutter. Recently,
multi-modal learning has been increasingly explored as an effective way to improve robust-
ness against diverse real-world degradations. As a representative direction, multi-modal
object tracking integrates heterogeneous sensory cues to alleviate modality-specific failures.
In RGB-Thermal (RGB-T) tracking, the target state is inferred by jointly exploiting comple-
mentary cues from visible (RGB) and thermal infrared (TIR) streams. Compared with RGB
images, which offer rich color and texture under favorable lighting but degrade severely
in low-light scenarios, TIR images provide salient thermal contrast for heat-emitting tar-
gets while often suffering from lower spatial resolution and weaker texture details. To
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address the limitations of unimodal tracking, a variety of RGB-T fusion strategies have
been developed to exploit the complementarity between RGB and thermal imagery, thereby
improving tracking reliability across diverse and challenging environments.

Although RGB-T tracking has demonstrated clear advantages in alleviating the fail-
ures of unimodal tracking, existing methods still suffer from several critical challenges.
First, in open and unconstrained environments, the reliability of different modalities is
not constant [2]. RGB images are highly discriminative under favorable illumination with
rich texture, whereas thermal infrared modality often becomes more reliable in low-light
conditions, strong illumination interference, or severe occlusion. The dominance between
RGB and thermal modalities therefore varies dynamically across time and scenes. Methods
that rely on fixed dominant-auxiliary assumptions or static fusion weights may intro-
duce noisy or misleading information when a modality degrades, consequently impairing
tracking performance. This highlights the necessity of explicitly modeling modality re-
liability that adapts to scene variations, rather than relying on static or implicit fusion
strategies. Second, from the perspective of feature representation, different layers in deep
Transformer encoders exhibit strong complementarity in terms of semantic abstraction
and spatial detail [3]. Shallow features are more beneficial for precise localization and
boundary preservation, while deeper features are better suited for semantic discrimination
and contextual reasoning. However, most existing RGB-T tracking methods perform cross-
modal interaction or feature fusion at a single level—typically the final layer—thereby
overlooking the potential synergy among multi-level features. This limitation restricts
the model’s ability to simultaneously maintain localization accuracy and robustness in
complex tracking scenarios. Finally, although recent parameter-efficient tuning approaches
improve training efficiency by freezing the backbone and introducing lightweight modules,
RGB-T tracking often involves more complex modality degradation patterns and diverse
scene distributions. Completely freezing the backbone may hinder the model’s ability to
adapt to cross-modal distribution shifts and unseen scenarios, such as aerial viewpoints or
fast-moving targets, ultimately limiting generalization performance. Therefore, achieving
a balance between parameter efficiency and backbone adaptability is crucial for reliable
RGB-T tracking.

Another trend in RGB-T tracking is to strengthen cross-modal fusion with increasingly
sophisticated interaction modules, but this often comes with non-trivial computational
overhead. At the same time, exploiting multi-level or long-sequence context in Transformers
is fundamentally challenged by quadratic attention complexity, which restricts efficient
aggregation across layers or extended temporal contexts [4]. Inspired by recent State Space
Model advances such as Mamba that enable linear-time sequence modeling [5], we adopt
a Mamba-based design to perform cross-layer fusion with linear complexity, aiming to
efficiently harvest hierarchical complementarities without incurring heavy computation.

Recent Transformer-based RGB-T trackers have shown strong performance by leverag-
ing self-attention for unimodal representation learning and cross-attention for cross-modal
interaction [6-8]. However, attention-based correlation estimation is often sensitive to
modality degradation (e.g., low illumination in RGB or low-texture blur in TIR), which may
lead to ambiguous or inappropriate interaction weights and thus harm template—search
matching robustness [6,9]. Meanwhile, prompt-/adapter-based transfer frameworks fur-
ther improve efficiency by reusing pretrained RGB trackers and injecting auxiliary modality
cues [2,10,11]. Yet many of them implicitly assume a fixed dominant-auxiliary relation
(often RGB-dominant), which is suboptimal in open scenarios where RGB/TIR reliability
can swap dynamically over time and scenes [2]. These observations motivate us to explicitly
model time-varying modality reliability and regulate bidirectional cross-modal prompting
accordingly, rather than relying on static fusion assumptions.
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To address these challenges, we propose CMCLTrack, a unified RGB-T tracking frame-
work that couples reliability-aware cross-modal interaction with linear-complexity cross-
layer fusion. Concretely, we introduce a Reliability-Modulated Cross-Modal Adapter
(RMCA) that enables bidirectional information exchange between RGB and thermal streams
while dynamically scaling the injection strength based on an estimated reliability signal.
This design avoids committing to a fixed dominant modality and allows the tracker to
emphasize the more trustworthy modality when sensing quality changes. Furthermore,
to utilize hierarchical features without heavy attention-based aggregation, we develop a
Cross-Layer Mamba Fusion module (CLMF) that concatenates multi-layer search tokens
into a long sequence and performs cross-layer modeling with linear-time state-space scan-
ning, producing a unified representation that captures complementary cues across depths.
To stabilize the learning of layer-wise reliability, we further introduce a cross-layer reliabil-
ity smoothness regularization, which discourages abrupt variations in reliability estimates
between adjacent layers. Finally, instead of fully freezing the foundation backbone as in
many parameter-efficient transfer settings, we adopt mild joint fine-tuning with a smaller
learning rate to better adapt to cross-modal distribution shifts and unseen scenarios.

*  We propose CMCLTrack, a unified RGB-T tracking framework that dynamically mod-
ulates bidirectional cross-modal interaction via a lightweight Reliability-Modulated
Cross-Modal Adapter (RMCA) and efficiently aggregates multi-level representations
through a linear-complexity Cross-Layer Mamba Fusion module (CLMEF), thereby
improving robustness under time-varying modality quality.

*  We further employ a cross-layer reliability smoothness regularizer and a mild backbone
fine-tuning strategy to improve training stability and generalization under challenging
and unseen conditions.

¢  Extensive experiments on five RGB-T tracking benchmarks demonstrate the effective-
ness of our method, achieving competitive performance across these datasets.

2. Related Work

2.1. Single-Object Tracking
2.1.1. Trackers Based on Appearance Modeling

With recent breakthroughs in deep learning and attention-based modeling, appearance-
driven object tracking has seen substantial improvements over the past few years. Early
work such as SiamFC [12] introduced a Siamese architecture to model the similarity between
template and search regions, laying the foundation for modern visual tracking. Subsequent
studies focused on improving feature representation by adopting stronger backbones
and more effective interaction mechanisms. With the success of Transformers in computer
vision, TransT [13] incorporated attention mechanisms into tracking, explicitly modeling the
interaction between template and search features to enhance matching accuracy. Building
upon more powerful Transformer backbones, OSTrack [1] proposed a simple yet effective
one-stream tracking paradigm that unifies template and search modeling, achieving strong
performance with a clean architecture. In addition, SwinTrack [14] leveraged a hierarchical
Transformer backbone to capture multi-scale appearance cues, further demonstrating the
effectiveness of strong appearance modeling in object tracking.

2.1.2. Trackers Combining Appearance and Temporal Context

Beyond static appearance cues, temporal context plays a crucial role in capturing
appearance variations and motion patterns of targets. To improve robustness, many
trackers integrate temporal information with appearance modeling. UpdateNet [15] es-
timates an optimal template from historical observations, representing an early attempt
at adaptive template updating. STMTrack [16] introduces a memory network to explic-
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itly store and fuse historical features, enabling long-term dependency modeling. More
recent Transformer-based approaches explore temporal modeling in a unified manner.
MixFormer [17] adopts a multi-template mechanism and jointly models multiple frames to
enhance robustness against appearance changes. SeqTrack [18] formulates object tracking
as a sequence prediction problem, leveraging end-to-end temporal modeling to capture
long-range dependencies. Despite their effectiveness, these methods usually require addi-
tional templates or multi-frame inputs, which inevitably increase computational cost and
model complexity.

2.2. Multi-Modal Tracking
2.2.1. Cross-Modal Fusion for RGB-T Tracking

Recent progress in RGB-T tracking has been closely tied to how visible and thermal
cues are fused, which is commonly discussed under three paradigms: early fusion, middle
fusion, and late fusion. Early-fusion methods couple the two modalities at the input
stage, aiming to form a unified representation before deep feature extraction. For instance,
TPF [19] adopts a pixel-level fusion strategy within a task-driven progressive learning
framework to facilitate early integration of complementary cues. Middle fusion, by contrast,
maintains modality-specific encoders and introduces explicit interactions at the feature
level, allowing cross-modal information exchange while preserving distinctive modality
characteristics. Representative examples include TBSI [19], which performs template-
bridged interactions for cross-modal feature fusion; GMMT [20], which leverages generative
modeling to strengthen feature-level fusion; and AlINet [3], which employs a Mamba-
based fusion module to enable cross-layer interactions and better exploit hierarchical
representations. Late-fusion approaches postpone modality integration to the decision
stage, where modality-specific predictions are aggregated to produce the final tracking
result. A typical example is JMMAC [21], which combines the response maps from each
modality via a linear weighting scheme.

2.2.2. Temporal Modeling in Tracking

RGB-T tracking often suffers from target appearance variations over time, making
robust temporal modeling crucial for maintaining tracking stability. Early approaches
mainly relied on static templates, while recent studies increasingly incorporate temporal
information to improve robustness. Existing methods can be broadly categorized into three
directions. The first focuses on dynamic template updating, where the target representation
is adaptively updated over time, such as STMT [22], which introduces dynamic multi-
modal templates. The second explores temporal feature fusion and memory mechanisms,
leveraging historical features to enrich current representations, exemplified by TATrack [23].
The third direction adopts Transformer-based cross-frame interactions, modeling long-term
dependencies through token propagation or unified spatiotemporal attention, as seen
in CSTrack [24] and STTrack [25]. More recently, MambaVT [26] introduces state-space
models for efficient long-range temporal modeling. Overall, these methods demonstrate
the effectiveness of temporal modeling in RGB-T tracking, while the challenge of balancing
robustness and efficiency in long-term, multi-modal scenarios remains open.

2.2.3. Parameter-Efficient Tuning

Fine-tuning is a representative transfer-learning strategy that has been investigated
for decades. It typically adapts a pretrained model to a target task by optimizing the
full set of network parameters with task-specific supervision. More recently, a different
line of research has focused on parameter-efficient tuning (PET), which seeks to achieve
effective adaptation while updating only a small set of additional parameters and keeping
the backbone frozen. Initially popularized in natural language processing, approaches
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such as prefix-tuning and prompt-tuning learn lightweight task-conditioned parameters,
substantially lowering training and storage costs without sacrificing much transfer capa-
bility. Encouragingly, this idea has been carried over to vision. For instance, VPT [27]
appends learnable prompt tokens to the input sequence and updates only the prompts
while leaving the backbone untouched, demonstrating competitive performance across
multiple benchmarks. In multimodal tracking, PET-style designs have also been explored
to reuse strong pretrained RGB trackers with minimal modification. ProTrack [10], for ex-
ample, employs a prompt-based formulation that maps multimodal observations into an
RGB-compatible representation, enabling direct exploitation of pretrained RGB tracking
knowledge and avoiding the need for heavy cross-modal fusion modules. Building upon
this idea, ViPT [11] further designs a learnable prompt generation module that leverages
the thermal infrared modality to generate visual prompts for the RGB modality, enabling
effective cross-modal information injection and improving robustness under challenging
conditions. Different from prompt-token-based approaches, BAT [2] adopts lightweight
bi-directional adapters to perform feature prompting and bidirectional interaction between
modality-specific branches, achieving efficient transfer by optimizing only the newly intro-
duced modules and improving RGB-T tracking robustness with low parameter overhead.
It is worth noting that most existing PET methods rely on freezing the backbone to ensure
training stability and parameter efficiency. However, in RGB-T tracking, modality reliability
varies dynamically with changes in illumination, occlusion, and thermal responses. Relying
solely on a fixed backbone with lightweight auxiliary modules may therefore limit the
model’s ability to adapt to specific data distributions and modality degradation patterns.
Motivated by this observation, our method introduces lightweight cross-modal interaction
and fusion modules while not fully freezing the Transformer backbone. Instead, we adopt
joint fine-tuning with a smaller learning rate for the backbone. This strategy maintains a
favorable efficiency—performance trade-off, enabling effective adaptation while keeping
the additional trainable parameters lightweight.

2.3. Mamba for Vision Tasks

Recently, Mamba has attracted increasing attention due to the strong scalability of State
Space Models (S5SMs) [5]. By introducing a selection mechanism to make structured state
space sequence models such as 54 data-dependent, Mamba achieves linear-time sequence
modeling while maintaining competitive capacity for long-range dependency learning,
and has shown advantages over attention-based Transformers when handling long se-
quences. In computer vision, early attempts such as ViS4mer [28] and TranS4mer [29]
demonstrate the effectiveness of SSMs for visual representation learning. More recently,
Vision Mamba [30] and VMamba [31] further adapt Mamba to image modeling by design-
ing different scanning strategies to capture interactions among image patches, enabling
Mamba-style backbones to perform competitively on detection, segmentation, and tracking.
Despite this progress, most existing studies primarily focus on single-modality modeling.
Meanwhile, the complementarity across hierarchical feature layers has been widely ob-
served in various vision tasks, but exploiting multi-level representations often requires
attention-based aggregation with quadratic complexity. Motivated by these observations,
our work mainly leverages Mamba’s linear-time property to perform efficient cross-layer
feature fusion, aiming to better utilize complementary cues across backbone depths without
incurring heavy computational overhead.

3. Proposed Method

We propose CMCLTrack, a lightweight RGB-T tracking framework built upon a dual-
stream Transformer backbone [1]. Given a template-search pair in both RGB and thermal

https:/ /doi.org/10.3390/ electronics15050989


https://doi.org/10.3390/electronics15050989

Electronics 2026, 15, 989

6 of 21

[

AT .
@R

Tempalate

Tempalate

£
= .HN‘L
e | oS

Search Region

Surppaquus yoje

modalities, the backbone extracts modality-specific token representations across multiple
layers. Our framework introduces three components to improve robustness under dynami-
cally varying modality reliability and to better exploit hierarchical representations. First, we
design a Reliability-Modulated Cross-Modal Adapter (RMCA) that enables explicit bidirec-
tional interaction between modalities at each layer. In particular, a cross-modal reliability
estimator (CRE) predicts layer-wise reliability weights, which modulate the information
injection strength from one modality to the other. Second, to leverage complementary
cues from different backbone depths, we collect intermediate fused representations from
multiple layers and feed them into a Cross-Layer Mamba Fusion module (CLMF), which
aggregates cross-layer token sequences with linear complexity and enhances the final
representation used for prediction. Finally, the aggregated multi-modal representation is
fused with the output from the last layer via gated addition, and the resulting features
are fed into the prediction head to regress the target bounding box. To stabilize the learn-
ing of layer-wise reliability, we introduce an optional cross-layer reliability smoothness
regularization that penalizes abrupt variations in reliability weights between adjacent
layers. Overall, CMCLTrack builds upon a pre-trained backbone and achieves adaptive
cross-modal interaction and efficient cross-layer aggregation for RGB-T tracking, while
only requiring a mild fine-tuning of the backbone with a much smaller learning rate than
the newly introduced modules. The detailed architecture of our proposed framework is
illustrated in Figure 1.
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Figure 1. Overall architecture of the proposed CMCLTrack. Given a template-search pair in both
RGB and thermal modalities, we first transform each modality input into token sequences via
patch embedding and add positional encoding. The tokens are then processed by an N-layer dual-
stream Transformer backbone, where our Reliability-Modulated Cross-Modal Adapter (RMCA) is
inserted to enable explicit bidirectional interaction between modalities. To further exploit hierarchical
representations, we collect fused features from multiple backbone layers and aggregate them using the
Cross-Layer Mamba Fusion module (CLMF) to form a unified representation for prediction. Finally,
we employ a gated addition mechanism to combine the aggregated multi-modal representation with
the last layer’s features. This refined representation is then input into the tracking head to predict the

target state.

3.1. Multi-Modal Tracking

Given a video V, an initial bounding box By that specifies the target object Zj in
the first frame liemplate, and a search region Isearcn, in later frames, single-modal tracking
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seeks to estimate the target location over time by matching the template against the search
observations. A standard tracking model T can be abstracted into a feature encoder F
and a box regression head H. In transformer-based foundation trackers, liemplate and
Liearch are first partitioned into patches and mapped to token sequences through patch
embedding with positional encoding. The two token sequences are then concatenated and
processed by an N-layer transformer encoder to learn joint template—search representations.
After encoding, the tokens associated with the search image are selected and passed to
the prediction head to infer the target state. Accordingly, the predicted bounding box is
formulated as

B = H(F(empiater Learch Bo) ) M

where F is typically initialized from a pre-trained transformer backbone with strong repre-
sentation capability.

Multi-modal tracking (MMT) extends this setting by introducing multiple synchro-
nized and aligned video streams from different modalities, and jointly infers the target
state using complementary information. For RGB-T tracking, the visible and thermal
streams are captured in a frame-synchronized manner and co-registered to ensure spatial
correspondence. At each time step, the tracker receives a template-search pair from both
modalities, i.e., (IRGB TRGB yand (IT 1Y ). The multi-modal tracking result can

template’ “search template’ “search
be expressed as

template’ “template’ “search’ “search’

B = H(F(IRGB I [RGB T Bo)) 2)

In our framework, we explicitly enhance cross-modal interaction and hierarchical
representation learning via two key designs: the proposed RMCA module and the CLMF.
Specifically, after patch and positional embedding, the RGB and thermal streams yield

RGB

token sequences x5°B and x[. We insert RMCA into multiple encoder layers to facilitate

bidirectional information exchange between the two modalities, enabling each stream

to integrate modality-specific cues with complementary cues from the other modality in

FGB and xiT,

respectively, the RMCA-enhanced dual-stream encoding process can be written as

a layer-wise manner. Denoting the RGB and thermal tokens at layer i as x

(<RSP, 2F1) = Bhea(+F% ), i=01,...,N -1 (3)

where Fy ;. denotes the i-th transformer encoder layer equipped with RMCA.

To further leverage hierarchical representations, we collect intermediate features from
multiple encoder layers and aggregate them using our CLMEF, producing a unified multi-
level representation for robust tracking. In the last step, the fused multimodal feature is
provided to the prediction head, which yields the final bounding box:

B = H(G( Foaser CLME({xf}ics, {x] }ies ) )) @

where S denotes the set of selected encoder layers for multi-level feature aggregation,
and CLMEF(-) represents the proposed CLMF. Moreover, G(-) denotes a gated fusion
function that combines the baseline feature F,,5, (extracted from the last encoder layer via
conventional late fusion) with the Mamba-aggregated multi-level representation produced
by CLMEF(-), yielding the final feature for prediction.

3.2. Reliability-Modulated Cross-Modal Adapter
3.2.1. Cross-Modal Reliability Estimator

Given the RGB and thermal token representations at a certain backbone layer, we
estimate the global modality reliability to guide reliability-aware interaction, where the
reliability score « reflects the relative feature trustworthiness (quality and discriminative
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usefulness) of each modality under the current scene condition. Let X" € RE¥N*D and
X! € REXNXD denote the RGB and thermal tokens, respectively, where each contains both
template and search tokens.

Search-aware global pooling. To reflect the quality of the current tracking region, we
perform global average pooling on search tokens only:

Ns i=1 Y N; i=1 l

where N is the number of search tokens.
Cross-modal discrepancy feature. To explicitly capture cross-modal inconsistency, we
introduce a difference feature:
z% = |zr—zt| (6)

The final input feature is constructed as
f= [zr; z!; zd} € R3D @)
Reliability prediction. We use a lightweight MLP to predict reliability logits:
1= MLP(f) € R? (®)

The modality reliability scores are obtained by a temperature-scaled softmax:
1
&« = Softmax - = [ar, ], ar +oap =1 9)

where T is the temperature parameter. The estimated & is then used to modulate the
cross-modal information injection in RMCA.

3.2.2. Reliability-Modulated Cross-Modal Interaction

Following the dual-stream Transformer paradigm, we insert RMCA into each encoder
layer to enable bidirectional feature prompting between the RGB and thermal branches.
RMCA introduces a reliability modulation mechanism so that the strength of cross-modal
injection adapts to the dynamically varying modality quality. The detailed structure of
RMCA is illustrated in Figure 2.

Let x! and x! denote the input tokens of the i-th layer for RGB and thermal branches,
respectively. Given the modality reliability weights a; = («,, a; ;) predicted by CRE, we
modulate the injected prompts in a symmetric manner. Taking the RGB branch as an
example, RMCA first generates a thermal-to-RGB prompt via a lightweight adapter A(-):

pi " = Alxi) (10)
and injects it into the RGB self-attention block with reliability modulation:
X" =i + Fau(xp) +arip; ()

where Fay () denotes the multi-head self-attention sub-layer. Similarly, in the MLP sub-
layer, RMCA performs another prompt injection to further refine the RGB representation:

X =X+ Favep (X)) + o A(X) (12)

where x! is the intermediate thermal token after its self-attention update. The thermal
branch is updated in the same way by swapping the modalities and using «, ; for the RGB-
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to-thermal injection. In this manner, RMCA encourages effective cross-modal information
transfer while suppressing unreliable modality cues when the sensing quality changes

over time.
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Figure 2. The detailed architecture of RMCA. The top branch estimates modality reliability weights
«, where N denotes the number of tokens in each modality. The bottom branch is a bi-directional
adapter that down-projects tokens to D" and up-projects them back to D to produce cross-modal
feature prompts.

3.3. Cross-Layer Mamba Fusion Module

To better exploit hierarchical representations from different backbone depths, we
introduce a CLMF that aggregates intermediate fused tokens collected from multiple
transformer layers. Different from conventional late fusion performed only at the last
layer, our design models cross-layer dependencies with linear complexity and merges the
aggregated representation with the baseline feature via a warm-start gated residual.

Cross-layer token collection. Let S = {I3,...,Ix} denote the indices of selected layers.
Ateach layer | € S, we extract the search tokens, whose length is fixed as N;. We first form
a modality-fused representation by simple summation:

F=X+X cRV*P  Jes§ (13)

where X/ and X| are the RGB and thermal search-token matrices at layer I, respectively,
and D is the token embedding dimension.

Sequence concatenation with level embedding. We concatenate the collected tokens
along the sequence dimension to form a long token sequence:

U=[F,;F,; - ;F|cRENIxD (14)

To explicitly encode the layer-of-origin, we add a learnable level embedding e(!) € RP
to each token segment:
U; = U, + e(1(i)) (15)
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where (i) denotes the layer index associated with the i-th token position in the concate-
nated sequence.
Mamba-based cross-layer fusion. We feed U into a stack of L Mamba blocks:

U = Mamba(U) e R(KNs)<D (16)

Note that Mamba preserves the embedding dimension, i.e., the input and output share
the same token dimensionality D.
Reshaping and cross-layer aggregation. We reshape U back into K segments:

ﬁ—){f“ll,...,f;lk}, f:l E]RNsXD (17)

Then we aggregate the cross-layer outputs by simple averaging to obtain a single
fused search-token representation:

1 &,
Frnamba = K Z Flk € RN-xD (18)
k=1

This aggregation summarizes complementary cues across depths while keeping the
token length unchanged.

Let Fpuee € RN*P denote the baseline feature obtained by summing the last-layer
RGB and thermal tokens. We combine the two via a warm-start gated residual:

Y= ‘7<g)' Ffinal = (1 - ’)/)Fbase + Y Fnamba (19)

where g is a learnable scalar initialized to a negative value so that -y starts small, stabilizing
training and gradually increasing the contribution of cross-layer fusion. Finally, we feed
the fused search representation Fg,, into the prediction head, where classification and
bounding-box regression are performed to localize the target.

3.4. Objective Loss

Although the proposed CRE predicts layer-wise modality reliability weights, the esti-
mated reliability may fluctuate across adjacent layers due to local noise or abrupt feature
changes. To stabilize the reliability learning and encourage consistent cross-layer mod-
ulation, we introduce a smoothness regularization on the reliability sequence across all
encoder layers.

Let a; = [a], a}] denote the reliability weights predicted at layer I, where af + a] = 1.
Assuming the encoder has L layers, we define the smoothness loss as

1 L
Lsmooth = -1 ZHD‘I - “l*l“% (20)
1=2

This term penalizes abrupt variations in reliability weights between adjacent layers,
yielding more stable reliability-aware modulation.
The final training objective is

L= ﬁtrk + As‘csmooth (21)

where L, is the standard tracking loss. We set A = 10~3 in all experiments. This small
weight makes Lqpo0tn act as a mild regularizer to stabilize layer-wise reliability estimation,
without overwhelming the primary tracking objective.
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4. Experiments
4.1. Implementation Details

This section summarizes the training and evaluation settings used in our experiments.
We insert the proposed RMCA module into every backbone layer. For CLMF, we aggregate
multi-level features from layers 4, 7, 10, and 12 and then perform cross-layer fusion.
The search and template patches are resized to 256 x 256 and 128 x 128, respectively.

CMCLTrack is trained on 4 NVIDIA RTX A6000 GPUs with a total batch size of 32. We
adopt different learning rates for different components: 5 x 10~ for the backbone, 4 x 104
for RMCA, and 1.2 x 103 for CLMF. Optimization is conducted with AdamW [32] using a
weight decay of 1 x 104,

For training data and schedules, we train on the LasHeR [33] training split for
20 epochs, where each epoch contains 60K template-search pairs. The resulting model is
directly tested on GTOT [34], RGBT210 [35], and RGBT234 [36] without additional fine-
tuning. For VTUAV [37], we include its training split in the training stage and shorten the
schedule to 10 epochs. Following [6], all runs are initialized from publicly released SOT
pretraining weights [1].

4.2. Datasets and Evaluation Metrics
4.2.1. Datasets

e GTOT [34] is a grayscale-thermal object-tracking benchmark consisting of 50 aligned
grayscale-thermal video pairs, covering diverse indoor and outdoor scenes such
as offices, campus roads, playgrounds, and water areas. It is designed to capture
representative tracking challenges, including occlusion, large-scale variation, fast
motion, and low illumination, among others, and all sequences are annotated frame by
frame by a single annotator to ensure high annotation consistency across modalities.

e RGBT210 [35] is an attribute-oriented RGB-thermal tracking benchmark comprising
210 aligned RGB-thermal video sequences. It provides detailed annotations of multi-
ple tracking challenges and is widely used for attribute-based evaluation of RGB-T
tracking algorithms.

e RGBT234 [36] is a widely adopted RGB-thermal tracking benchmark consisting of
234 well-aligned RGB-thermal video pairs with frame-level bounding box annotations.
The dataset annotates 12 representative challenge attributes, such as occlusion, low illu-
mination, thermal crossover, fast motion, scale variation, and camera motion, enabling
comprehensive and stable evaluation of RGB-T trackers under diverse conditions.

¢ LasHeR [33] is a large-scale and high-diversity RGB-thermal tracking benchmark
containing 1224 aligned RGB-thermal video pairs with more than 730,000 annotated
frame pairs. It covers a much broader range of object categories, scene types, and imag-
ing conditions than earlier datasets, and annotates 19 challenge attributes, including
several real-world factors rarely considered before, making it particularly suitable for
evaluating robustness and generalization in complex real-world scenarios.

*  VTUAV [37] is an RGB-thermal tracking benchmark collected from unmanned aerial
vehicle, where targets are typically small and distant, with large viewpoint and scale
variations. Characterized by strong camera motion and rapid scene changes, VTUAV
poses unique challenges for evaluating RGB-T trackers in aerial-view and long-range
tracking scenarios.
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4.2.2. Evaluation Metrics

Precision Rate (PR). PR measures the localization accuracy by the center location error
(CLE) between the predicted box B, and the ground-truth box Bg;:

CLE = y/(xp — xg1)? + (yp — Ygt)? (22)

where (x,y,) and (xg, ygt) are the center coordinates of B, and Bg;, respectively. PR is
defined as the percentage of frames whose CLE is smaller than a threshold t:

Ntotal

Success Rate (SR). SR evaluates the overlap between the predicted and ground-truth
boxes using Intersection-over-Union (IoU):

Area(B, N Bgt)
IoU= —F—F—== 24
© Area(B, U Bgt) @)
For a given IoU threshold A, SR is defined as:

In practice, the success plot is obtained by varying A from 0 to 1, and the area under
the curve (AUC) is reported as the final SR score.

Normalized Precision Rate (NPR). To reduce the sensitivity of PR to image resolution
and target scale, NPR normalizes the CLE by the target size:

NCLE = — B (26)

\/ w;t + hét
where wet and hgt denote the width and height of the ground-truth bounding box, respec-
tively. NPR is then computed as the precision based on NCLE:

NNCLE<1,

NPR =
N, total

(27)
where T, is the threshold for normalized precision.

Notably, in some RGB-T benchmarks (e.g., GTOT and RGBT234), the RGB/visible
and thermal ground-truth boxes are not perfectly aligned due to sensor misregistration,
which may bias the evaluation if a single set of annotations is used for both modalities.
Following the common practice in RGB-T tracking and the protocols adopted in [38,39],
we evaluate each modality with respect to its own ground truth and report the maximum
precision/success across modalities, i.e., MPR/MSR, to ensure a fair comparison under
misaligned annotations.

Maximum Precision Rate (MPR). To account for potential modality misalignment
in multi-modal tracking, MPR adopts the minimum CLE among different modalities.
For RGB-T tracking, let CLE, and CLE; denote the CLE measured on the visible and thermal
modalities, respectively, where CLE; and CLE; are computed between the predicted box
and the ground-truth box of the corresponding modality.

CLEmin = min(CLE,, CLE;) (28)
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MPR is computed as the precision based on CLE yn:

N, 4
MPR = —CLEmin<t

(29)
N, total

Maximum Success Rate (MSR). Similarly, MSR uses the maximum IoU among modal-
ities. Let IoU, and IoU; denote the IoU measured on the visible and thermal modalities,

respectively:
IoUmax = max(IoUy, IoU;) (30)
For a given threshold A, MSR is defined as:
N
MSR — ToUpmax>A (31)

The MSR score is reported as the AUC of the maximum success plot by varying A
from 0 to 1.

4.3. Comparison with State-of-the-Art Trackers

CMCLTrack is benchmarked against representative SOTA trackers on five RGB-T
datasets, including GTOT, RGBT210, RGBT234, LasHeR, and VTUAV. Following the official
protocol of each benchmark, we report either PR/SR or MPR/MSR, and additionally
provide NPR on LasHeR. The quantitative results are summarized in Table 1.

Table 1. Comparison of RGB-T tracking performance on GTOT, RGBT210, RGBT234, and LasHeR datasets.
The arrows (1) indicate that higher values are better. Bold numbers denote the best results in each column.

GTOT RGBT210 RGBT234 LasHeR
Method Source MPRT  MSR 1 PR 1 SR 1 MPRT  MSR | PR 1 NPR 1 SR 1
DAPNet [40] ACMMM2019 882 70.7 - - 76.6 53.7 431 383 314
DAFNet [41] ICCVW 2019 89.1 71.6 - - 79.6 54.4 44.8 39.0 31.1
MANet [42] ICCVW 2019 89.4 724 - - 77.7 53.9 455 - 32.6
mfDIMP [43] ICCVW 2019 83.6 69.7 84.9 59.3 84.2 59.1 59.9 - 467
ADRNet [15] JCV 2021 90.4 73.9 77.8 53.4 80.9 57.1 - - -

APFNet [44] AAAI 2022 90.5 73.7 - - 82.7 57.9 50.0 439 36.2
HMEFT [37] CVPR 2022 91.2 74.9 78.6 53.5 78.8 56.8 - - -

QAT [45] ACMMM?2023 915 75.5 86.8 61.9 88.4 64.3 64.2 59.6 50.1
CMD [46] CVPR 2023 89.2 734 - - 82.4 58.4 59.0 54.6 46.4
ViPT [11] CVPR 2023 - - - - 83.5 61.7 65.1 - 525
TBSI [47] CVPR 2023 - - 85.3 62.5 87.1 63.7 69.2 65.7 55.6
STMT [22] TCSVT 2024 - - 83.0 59.5 86.5 63.8 67.4 63.4 53.7
CKD [48] ACMMM 2024 932 77.2 88.4 65.2 90.0 67.4 73.2 69.3 58.1
BAT [2] AAAI 2024 - - - - 86.8 64.1 70.2 - 56.3
GMMT [20] AAAI 2024 - - - - 87.9 64.7 70.7 67.0 56.6
TATrack [23] AAAIL 2024 - - 85.3 61.8 87.2 64.4 70.2 66.7 56.1
Un-Track [49] CVPR 2024 - - - - 83.7 61.8 66.7 - 53.6
OneTracker [50] CVPR 2024 - - - - 85.7 64.2 67.2 - 53.8
AlNet [3] AAAI 2025 - - 86.8 64.1 89.1 66.8 73.0 69.0 58.2
CAFormer [51] AAAIL 2025 91.8 76.9 85.6 63.2 88.3 66.4 70.0 66.1 55.6
XTrack [52] ICCV 2025 - - - - 87.4 64.9 69.1 - 55.7
CMCLTrack Ours 943 77.6 88.6 65.9 89.9 66.3 734 70.1 614

e GTOT. Our method achieves 94.3% MPR and 77.6% MSR, ranking 1st on both metrics.
Compared with the strong baseline CKD, it brings consistent gains of +1.1% MPR
(94.3 vs. 93.2) and +0.4% MSR (77.6 vs. 77.2), demonstrating superior accuracy and
robustness on GTOT.
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RGBT210. On RGBT210, our method attains 88.6% PR and 65.9% SR, achieving the best
performance on both metrics among all compared trackers in Table 1. Notably, it sur-
passes the previous best CKD by +0.2% PR (88.6 vs. 88.4) and +0.7% SR (65.9 vs. 65.2).
RGBT234. As reported in Table 1, our method achieves 89.9% MPR and 66.3% MSR.
Although our MPR is marginally below the best-performing CKD by only 0.1% (89.9
vs. 90.0), our method maintains competitive MSR performance, demonstrating strong
robustness on this large-scale benchmark.

LasHeR. On the challenging LasHeR dataset, our method achieves 73.4% PR, 70.1%
NPR, and 61.4% SR, ranking 1st on all three metrics in Table 1. In particular, it
outperforms the strong baseline CKD by +0.2% PR (73.4 vs. 73.2), +0.8% NPR (70.1 vs.
69.3), and +3.3% SR (61.4 vs. 58.1), highlighting its superior robustness under diverse
and complex real-world conditions. In addition, Figure 3 compares the PR and SR
curves of different methods on the LasHeR dataset. Our method consistently maintains
superior performance across varying thresholds, reflecting its robustness and stability
in diverse scenarios. Moreover, the attribute-based radar analysis in Figure 4 shows
that our method achieves dominant performance on nearly all attributes, highlighting
its strong adaptability to challenging conditions. These findings are in good agreement
with the quantitative results reported in Table 1.

Precision plots of OPE on LasHeR
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Figure 3. Evaluation curves on LasHeR dataset. The representative scores of PR/SR are presented in

the legend.
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Figure 4. Attribute-based evaluation on the LasHeR dataset.
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To further evaluate the scalability and generalization ability of CMCLTrack, we conduct
experiments on the VTUAV benchmark, a large-scale UAV dataset characterized by complex
viewpoints, rapid scale variations, and cluttered backgrounds. As reported in Table 2, on the
short-term subset (VTUAV-ST), our method achieves 89.4% MPR and 78.1% MSR, yielding
the best MSR among compared methods. On the long-term subset (VTUAV-LT), CMCLTrack
attains 60.4% MPR and 52.5% MSR, demonstrating strong robustness under long-range
temporal variations and persistent modality discrepancies. Overall, these results indicate
that our approach maintains competitive performance on large-scale UAV scenarios.

Table 2. Performance on the VTUAV benchmark. The arrows (1) indicate that higher values are better.
Bold numbers denote the best results in each column.

VTUAV-ST VTUAV-LT

Method Source MPR | MSR 1 MPR MSR |
DAFNet [40] ICCVW 2019 62.0 45.8 25.3 18.8
mfDiMP [42] ICCVW 2019 67.3 55.4 31.5 27.2
HMFT [37] CVPR 2022 75.8 62.7 414 35.5
QAT [45] ACM MM 2023 80.1 66.7 - -
CKD [48] CVPR 2024 90.2 77.8 - -
AlNet [3] AAAI 2025 87.1 74.5 - -
CAFormer [51]  AAAI2025 88.6 76.2 - -
CMCLTrack Ours 89.4 78.1 60.4 52.5

4.4. Ablation Studies
4.4.1. Effect of Individual Modules

As shown in Table 3, each proposed component contributes consistently and sub-
stantially to the overall tracking performance. Compared with the baseline (52.2/42.8 on
LasHeR), the only adapter variant already achieves a significant improvement (69.9/56.5),
indicating that explicit cross-modal interaction is beneficial for RGB-T tracking. Building
upon this, introducing RMCA further improves the performance to 70.8/57.6. This ad-
ditional gain demonstrates that reliability modulation provides complementary benefits
beyond standard adapter-based fusion by dynamically adjusting modality contributions.
Similar trends are observed on VTUAV-ST. Further incorporating the CLMF module yields
additional performance gains (LasHeR: 73.0/60.8; VTUAV-ST: 88.8/77.5), highlighting
the importance of aggregating multi-level representations. By leveraging a Mamba-based
design, CLMF efficiently models long-range dependencies across encoder layers while
maintaining linear computational complexity. When RMCA, CLMEF, and the regular-
ization loss are jointly applied, the full model achieves the best performance (LasHeR:
73.4/61.4; VTUAV-ST: 89.4/78.1). These results confirm that RMCA and CLMF are com-
plementary and work synergistically to enhance cross-modal robustness and hierarchical
feature utilization.

Table 3. Ablation study of key components on the LasHeR and VTUAV-ST dataset. The arrows (1)
indicate that higher values are better. Bold numbers denote the best results in each column.

LasHeR VTUAV-ST

Method Pretraining

PR T SR 1 PR T SR 1
Baseline SOT 52.2 42.8 67.3 55.2
+Only adapter SOT 69.9 56.5 84.3 72.8
+RMCA SOT 70.8 57.6 86.6 74.3
+CLMF SOT 73.0 60.8 88.8 77.5
Full Model SOT 73.4 61.4 89.4 78.1
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4.4.2. Impact of Cross-Layer Fusion Depth

To determine an appropriate fusion depth for CLMF, we design ablation settings
that systematically cover representative cross-layer fusion strategies used. Specifically, we
evaluate: (1) last-layer-only fusion as a conventional late-fusion baseline, (2) last-three-
layer fusion to emphasize deep semantic aggregation, (3) sparse multi-level fusion (layers
{4, 7,10, 12}) to balance shallow spatial details and deep context, and (4) all-layer fusion
as a dense aggregation scheme. This design enables a controlled analysis of the trade-off
among representation diversity, redundancy, and computational overhead, and the optimal
configuration is selected based on the ablation results.

Table 4 analyzes the impact of different cross-layer fusion depths on tracking perfor-
mance. Using only the last layer for fusion yields limited improvements, indicating that
relying solely on high-level semantic features is insufficient for robust RGB-T tracking.
Extending fusion to the last three layers (10-12) brings moderate gains on both datasets,
suggesting that incorporating additional deep-layer context helps improve robustness to
appearance variations. The best overall performance is achieved when fusing layers 4, 7, 10,
12, which consistently outperforms other configurations on both LasHeR and VTUAV-ST.
This setting improves PR/SR to 73.4/61.4 on LasHeR and 89.4/78.1 on VTUAV-5T, demon-
strating the effectiveness of aggregating complementary cues across different semantic
depths. In particular, early layers preserve fine-grained spatial details that are crucial
for precise localization, while intermediate and deep layers provide increasingly abstract
and context-aware representations. Their joint aggregation enables the tracker to balance
localization accuracy and semantic robustness in complex scenarios. Although fusing all
layers achieves a slightly higher SR on LasHeR, it leads to a noticeable drop in PR and
degraded performance on VTUAV-ST. This suggests that indiscriminately aggregating all
layers may introduce redundant or noisy information from less informative stages, which
can negatively affect localization accuracy and generalization to aerial scenarios.

Based on these observations, we adopt the 4, 7, 10, 12 configuration as a principled
trade-off between performance and efficiency. This sparse yet representative layer selection
effectively captures multi-level complementarities while avoiding unnecessary redundancy,
making it well suited for robust and efficient RGB-T tracking.

Table 4. Ablation study on different cross-layer fusion strategies on the LasHeR and VTUAV-
ST datasets.

LasHeR VTUAV-ST
Method Pretraining
PR SR 1 PR 1 SR 1
Last layer only (12) SOT 70.8 57.6 86.6 74.3
Last three layers (10-12) SOT 71.6 59.2 87.3 75.2
Layers {4,7, 10, 12} SOT 73.4 61.4 89.4 78.1
All layers SOT 72.8 61.6 88.1 76.4

4.4.3. Comparison of Cross-Layer Fusion Strategies

Table 5 compares the proposed Mamba-based fusion with a Transformer attention-
based fusion counterpart. Although both strategies aggregate features from the same
selected encoder layers {4, 7, 10, 12}, CLMF achieves comparable tracking performance
with a slightly better accuracy while introducing substantially lower computational over-
head. Specifically, the Mamba-based fusion yields a marginal performance gain over the
Transformer-based variant (73.4/61.4 vs. 73.3/61.2 on LasHeR), but requires nearly half of
the additional parameters (0.44 M vs. 0.79 M) and considerably fewer FLOPs (0.41 G vs.
1.07 G). This result highlights a more favorable performance—-efficiency trade-off of Mamba
for cross-layer aggregation.
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Table 5. Performance and complexity comparison between Mamba-based and Transformer-based
cross-layer fusion using encoder layers {4, 7, 10, 12}. Additional Params/FLOPs report the overhead
introduced by the fusion module.

LasHeR
Fusion Module Params (M) FLOPs (G)
PR SR 1
Mamba fusion 734 614 0.44 0.41
Transformer fusion 73.3 61.2 0.79 1.07

From an overall complexity perspective, starting from the baseline tracker, our full
framework introduces only a lightweight parameter overhead (e.g., about 0.76 M additional
parameters) while bringing clear performance gains.

Moreover, we introduce a gating mechanism to preserve the final-stage fused repre-
sentation and to regulate the contribution of multi-layer fusion to the final prediction. By
adaptively weighting the multi-layer aggregated features against the final fused feature,
the gate prevents excessive interference from redundant or noisy intermediate representa-
tions and improves prediction stability.

4.4.4. Effect of Regularization Loss

Figure 5 illustrates the training and validation loss curves on the LasHeR dataset,
providing insights into the optimization behavior brought by the proposed regularization
loss. Although the overall performance gains introduced by this loss term are relatively
moderate in quantitative evaluations, its impact on training dynamics is more pronounced.
Specifically, the model equipped with the regularization loss converges significantly faster
and exhibits a smoother loss decay during training. Moreover, the validation loss shows
reduced oscillation and improved stability, indicating enhanced generalization and more
reliable optimization. These observations suggest that the proposed regularization loss
primarily contributes to stabilizing the training process and accelerating convergence,
rather than merely improving the final tracking accuracy.

Training Loss Curve Comparison Validation Loss Comparison: Regularization Impact

i Lo o ) ~ o e
el | T Los Wit ooy = Wik Reguiazation

10 ~ 115

EY 0 35
Epach Epoch

Figure 5. Training and validation loss variation during the trainings on the LasHeR dataset.

4.5. Visualization Analysis

As shown in Figure 6, we present qualitative tracking results on the LasHeR dataset.
In scenarios involving severe occlusion among multiple pedestrians, our method is able to
maintain accurate and stable target localization. Even when the target undergoes heavy
overlap with surrounding distractors, CMCLTrack effectively avoids drift and preserves
consistent tracking. This behavior indicates that the proposed cross-modal feature interac-
tion and consistency modeling strategy can fully exploit the complementary information
between RGB and thermal modalities, thereby enhancing the discriminative capability of
target representations under complex occlusion conditions.
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Figure 6. Visualization results on the LasHeR dataset.

Figure 7 illustrates the visualization results on the VTUAV dataset. Compared with
ground-based tracking scenarios, UAVs typically suffer from large viewpoint changes, rapid
scale variations, and cluttered backgrounds. Under such challenging aerial perspectives,
CMCLTrack is able to produce bounding boxes that are noticeably closer to the ground-
truth target compared with other competing methods. This advantage mainly stems from
the effective modeling of both global and local information during cross-modal feature
fusion, enabling the proposed method to better adapt to appearance variations caused by
UAV viewpoints.

Template B ours Il CcAFormer 7 ckp B HMFT
N Ca

a9d

diL

Figure 7. Visualization results on the VTUAV dataset.

5. Discussion

Beyond benchmark evaluation, our reliability-aware RGB-T tracking framework may
benefit a range of real-world monitoring applications, such as industrial inspection, in-
telligent surveillance, and construction safety. In construction sites, safety monitoring
systems often operate with heterogeneous camera sources (e.g., fixed surveillance cameras
and body-worn cameras) and face challenging conditions including viewpoint changes,
occlusion, motion blur, and domain shifts across devices and environments. Recent studies
have investigated helmet/PPE-related monitoring under such settings, e.g., safety helmet
recognition using YOLOv10 with advanced backbones on surveillance and body-worn im-
agery, and domain-adaptive detection for non-PPE identification to alleviate cross-domain
discrepancies [53,54]. These efforts suggest that robust perception under varying sensing
quality is critical in safety-sensitive scenarios. While our work focuses on RGB-T tracking,
the proposed reliability modeling and fusion strategy may serve as a useful component in
such systems (e.g., providing temporally consistent localization when combined with PPE
detectors), and we leave task-specific integration and validation in construction scenarios
as future work.
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6. Conclusions

In this work, we investigate RGB-T object tracking under dynamically varying modal-
ity reliability and the need to effectively exploit hierarchical representations. To this end,
we propose CMCLTrack, a unified framework that achieves reliability-aware cross-modal
interaction and efficient cross-layer aggregation. Specifically, the proposed RMCA enables
explicit bidirectional cross-modal interaction with reliability modulation, while the CLMF
aggregates complementary cues from multiple backbone depths with linear complexity.
In addition, a cross-layer reliability smoothness regularization is introduced to stabilize
the learning of layer-wise reliability. Extensive experiments on multiple RGB-T bench-
marks consistently demonstrate the effectiveness of our framework. Moreover, the key-
component ablation studies on LasHeR and VTUAV further validate the effectiveness of
the proposed modules.

Despite the promising results, several directions merit further exploration. First, relia-
bility estimation could be enhanced by incorporating temporal consistency or uncertainty
modeling to improve stability under abrupt illumination changes and severe occlusion.
Second, more adaptive layer selection strategies for cross-layer fusion may further improve
generalization across different datasets. Finally, extending the proposed framework to
additional modalities (e.g., RGB-D) and investigating robustness under cross-dataset or
cross-sensor domain shifts, such as extreme weather conditions, nighttime noise, or long-
term tracking scenarios, remain interesting directions for future work.
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