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Abstract— The deployment of robots in unstructured environ-
ments demands perception systems that are both accurate and
resilient. While RGB-Thermal (RGB-T) fusion is promising,
current trackers often fail due to rigid, non-adaptive fusion
strategies and underutilized cross-modal cues, compromising
reliability for robotics. We introduce DSTrack, a novel tracking
framework that embeds two core mechanisms for robotic ro-
bustness: a Probability-Gated Dynamic Switch and a Synergis-
tic Multi-Domain Enhancement Network. The switch acts as an
online decision-maker, allowing the robot to dynamically select
the most reliable fusion path based on real-time confidence
estimation, enabling crucial adaptation to scene changes. The
enhancement network concurrently strengthens target repre-
sentations within each modality through tri-domain (channel,
spatial, frequency) refinement and establishes compensatory
links between modalities via a cross-attention module, ensuring
performance even during partial sensor degradation. Extensive
evaluations on RGB-T benchmarks demonstrate state-of-the-
art accuracy. More critically, DSTrack exhibits key properties
for robotic integration: real-time environmental adaptability,
inherent sensor fault tolerance, and consistent output for
downstream planning.

I. INTRODUCTION

GB-T tracking [1] has emerged as a pivotal research
frontier in visual object tracking, witnessing remarkable
advancements in recent years due to its critical applica-
tions in video surveillance systems [2], crowd counting [3],
and pedestrian tracking [4]. RGB-T tracking synergistically
combines single object tracking (SOT) with multi-modal
perception by simultaneously processing visible (RGB) and
thermal infrared (TIR) modalities. The framework initializes
with dual-modality appearance templates and progressively
estimates target positions and scales in subsequent frames.
Capitalizing on RGB’s rich spectral information and TIR’s
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Fig. 1. Comparison of our model with other previous models. (a) and (b)
denote the representation learning model and the feature fusion model. (c)
The of proposed DSTrack model.
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environmental robustness against illumination variations, this
bimodal approach ensures reliable tracking performance un-
der challenging conditions, including low-light scenarios and
meteorological disturbances.

Existing RGB-T tracking methods predominantly fall into
two categories, as illustrated in Fig. 1(a-b). The first cat-
egory emphasizes representation learning for modality fea-
ture enhancement. Representative works include [5], which
develop dual-stream adapters to extract modality-shared
and modality-specific features through parallel convolutional
pathways. Building on frequency domain analysis, Li et
al. [6] propose a frequency-mixed perception module that
strategically combines high-frequency components from in-
dividual modalities with low-frequency in cross-modal inter-
actions to amplify discriminative features. While these ap-
proaches demonstrate progress in intra-modal feature learn-
ing, they exhibit critical limitations in cross-modal fusion,
since most implementations resort to elementary operations
such as linear superposition or channel concatenation Fig.
1(a). Such simplistic fusion paradigms fundamentally fail to
capture nonlinear feature interdependencies between modal-
ities, resulting in suboptimal exploitation of cross-modal
complementary relationships.

The second paradigm focuses on cross-modal fusion ar-
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Fig. 2.

The overall framework of our method. Our backbone is a bilateral ResNet-50 with shared weights. The proposed MDENet, which is composed

of five distinct enhancement modules, can effectively enhance and fuse information from different modalities. It is embedded after ResNet-50. Finally, we
add up the features processed by MDENet and feed them into the prediction head to obtain the final tracking result.

chitecture design, as depicted in Fig. 1(b). Representative
works leverage hybrid attention mechanisms [7] to estab-
lish inter-branch feature interactions, where cross-attention
layers selectively enhance primary modality features while
suppressing noise from degraded modalities. Building on
modal quality assessment, Liu et al. [8] develop dynamic
weighting networks that predict modality reliability indices
to guide feature fusion. While these approaches demon-
strate improved cross-modal interaction through learnable
weighting strategies, the modules connectivity patterns and
weight generation mechanisms remain fixed during the in-
ference phase, which fundamentally constrains adaptability
to dynamic environmental conditions. Consequently, existing
fusion architectures inevitably compromise tracking opti-
mality when confronted with complex real-world scenarios
requiring structural reconfiguration.

To address these issues, we propose a novel dynamic
enhancement network with switch for RGB-T tracking
(DSTrack). As shown in Fig. 1 (c), it illustrates the main
differences between our method and existing methods. The
switch first extracts key information from each modality
through a pooling operation, and then performs a series
of steps to generate a final decision, which determines
whether to select the current enhancement module, thereby
dynamically deciding the combination form. This enables
DSTrack to flexibly adjust the network structure based on
features such as modality quality and scene complexity of the
input data, ensuring optimal fusion of multi-modal features.

Our main contributions are summarized as follows:

e We propose a novel RGB-T tracking framework that

integrates switch-guided dynamic fusion with multi-
domain enhancement. The architecture enables flexible
network structure reconfiguration through learnable gat-
ing mechanisms.

e We propose a multi-domain enhancement network
for progressive feature enhancement. It constructs
tri-domain intra-modal enhancements (channel-spatial-
frequency) via mixed attention and wavelet decomposi-
tion, along with two directions cross-modal compen-
sation using attention bridges to support progressive
feature refinement.

e We conduct extensive experiments on four RGB-
T tracking benchmark datasets, demonstrating that
our method achieves state-of-the-art performance.
Specifically, our tracker achieves PR/SR scores of
89.3%/65.5% and 85.5%/72.7% on the RGBT234 and
VTUAV datasets, respectively.

II. METHOD

A. Multi-Domain Enhancement Network

To fully leverage the information from RGB and TIR
modalities in different domains, we design a Multi-Domain
Enhancement Network composed of intra-modality enhance-
ment modules and inter-modality enhancement modules,
aiming to improve the discriminability of modalities and
cross-modal collaboration capabilities. For the intra-modal
enhancement module, we design the channel enhancement
module (CEM), the spatial enhancement module (SEM), and
the frequency enhancement module (FEM) to optimize the
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Tllustration of the intra-modality enhancement module. It includes mixed local channel attention module (MLCA), spatial group enhancement

module (SGE), wavelet transform module (WTB), and combined with switch to form channel, spatial, and frequency enhancement modules.

feature expression from channel relationship, spatial distribu-
tion, and frequency characteristics, respectively. For the inter-
modal enhancement module, we introduce the RGB to TIR
cross-modal enhancement module (CMEM,._,;) and the TIR
to RGB cross-modal enhancement module (CMEM;_,,.). We
stack the above five modules to gradually optimize feature
representation within the modality through dense connec-
tions, and enhance the information transmission between
RGB and TIR through multi-layer interaction. This design
allows the network to effectively integrate the advantages
of both modalities, achieving complementary feature expres-
sions through multi-domain enhancement, thereby improving
the stability and accuracy of target tracking.

1) Intra-Modality Enhancement Module: In multi-modal
feature modeling, adequate extraction of intra-modal infor-
mation is essential for achieving cross-modal collaboration.
To this end, this section conducts in-depth modeling of RGB
and thermal infrared (TIR) features from three perspectives:
channel domain, spatial domain, and frequency domain,
aiming to enhance the feature representation capabilities of
the dual modalities. The intra-modality enhancement module
is shown in Fig. 3.

Channel Enhancement Module. To overcome limita-
tions of channel-only attention, we propose a Mixed Local
Channel Attention (MLCA) module that incorporates local
spatial information. The input feature map is divided into
local blocks, which are vectorized to capture regional details.
Two parallel branches extract global context (via global
average pooling) and local features (via local pooling and
1D convolution). Features are then restored via anti-average
pooling and fused to produce the final channel attention map.

Spatial Enhancement Module. To handle challenges like
occlusion and deformation, we introduce a Spatial Group
Attention (SGE) module. Input features are grouped channel-
wise, and each group is modulated by a attention mask de-

rived from global average pooling. Two learnable parameters
(w, b) scale and shift the attention, which is applied via
Sigmoid and element-wise multiplication to refine spatial
feature distributions.

Frequency Enhancement Module. We propose a Wavelet
Transform Block (WTB) to enhance frequency-domain de-
tails. The input is upsampled and decomposed via wavelet
transform into four sub-bands: low-frequency (A), horizontal
(H), vertical (V'), and diagonal (D) high-frequencies. These
are concatenated, processed by convolutions and GELU,
then split and reconstructed via inverse wavelet transform
to recover spatial features.

Inter-Modal Enhancement Module. We introduce a bidi-
rectional cross-attention mechanism for RGB-T interaction.
For example, in RGBTIR enhancement, TIR features serve as
query @y, while RGB features provide key K45 and value
Vrgv. After normalization and 1 x 1 convolution, attention
scores are computed via dot product, softmax-normalized,
and used to aggregate V;.45. The result is added to the original
TIR feature for enhancement.

B. Dynamic Fusion Structure

Each module in our multi-domain enhancement network is
treated as a node, and nodes in different layers are connected
to each other in a fully connected manner. In the first layer,
the features I}y, and Fy;, are extracted separately and passed
as inputs to the nodes. Nodes in subsequent layers receive
features from all nodes in the previous layer in a fully
connected manner, achieving richer feature interaction and
transmission. The input of each node can be represented as
follows:
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Switch

reshape

MLP

X,
1#1 !
S_. DE*Z» = >
E*2 - L
B B

&y +g,

S e

Illustration of Switch. It can indicate whether the module is

Fig. 5.
combined with other enhancement modules in the next layer based on the
input dual-modal features.

where N denotes the number of nodes in each layer, and
Og -1 represents the output of the n-th node in the [ — 1
layer. RS;I) indicates the backward transmission probability
of the output feature from the n-th node in the [ — 1 layer,
ranging between O and 1. This probability is determined
by the switch. In tracking scenarios where modal quality
is severely unbalanced, the mutual enhancement between
modalities might bring feature contamination. Since not
all enhancement modules are always necessary in different
tracking scenarios, we introduce a dynamic switch mech-
anism and combine it with a multi-domain enhancement
network to form a dynamic fusion structure. The design of
the switch module is shown in Fig. 5.

In multi-domain enhancement network, each enhancement
module is embedded with a switch to determine whether the
module should be activated and passed to the next layer.
Specifically, the switch extracts global statistical information
from input features via global average pooling and global
max pooling. Then, these features are fed into M LP to learn
the interaction relationships and fusion strategies between
different modalities. Subsequently, the output of M LP is
activated by the T'anh and ReLU functions to ensure
the non-linear expression ability of the routing decisions,
making the selection of different enhancement modules more
flexible.

TABLE I

THE PR, NPR, AND SR SCORES (%) OF VARIOUS TRACKERS
ON TWO DATASETS. HIGHER VALUE INDICATE BETTER
PERFORMANCE. THE BEST AND SECOND RESULTS ARE

DISPLAYED IN RED AND BLUE FONTS.

RGBT234 TasHeR
Methods PR SR | PR NPR SR | P
DRGCNet [13] | 825 58.0 | 483 423 338 | 49
MACFT [7] | 857 622 | 653 - 514 | 317
CMD [14] 824 584 | 590 546 464 | 30
ViPT [15] 85 617|651 - 525 -
TBSI [16] 871 637 | 692 657 5506 | 362
STTANet [17] | 855 632 | 667 - 534 | 186
CAT++ [I8] | 840 592 | 509 444 356 | 14
OneTracker [19] | 857 642 | 67.2 - 53.8 -
UnTrack [20] | 842 625 | 667 - 536 | -
SDSTrack [21] | 848 625 | 665 - 531 | 209
DSTrack 893 655 | 693 648 543 | 286
TABLE II

COMPARISON WITH STATE-OF-THE-ART TRACKERS ON
RGBT210 [9] DATASET.

. RGBT210

Methods Publish Backbone PR SR
mfDiMP [22] ICCVW 2019 ResNet-50 78.6 55.5
CAT [23] ECCV 2020 VGG-M 79.2 53.3
APFNet [24] AAAI 2022 VGG-M 79.9 54.9
DMCNet [25] TNNLS 2022 VGG-M 79.7 55.5
HMFT [12] CVPR 2022 ResNet-50 78.6 53.5
MFG [26] TMM 2022 ResNet-18 74.9 46.7
QAT [8] ACM MM 2023 ResNet-50 86.8 61.9
TBSI [16] CVPR 2023 ViT-B 85.3 62.5
ViPT [15] CVPR 2023 ViT-B 83.5 61.7
CAT++ [18] TIP 2024 VGG-M 82.2 56.1
STTANet [17] IEEE TIM 2024 ViT-B 82.5 60.2
DSTrack - ResNet-50 87.2 62.9

III. EXPERIMENTS

A. Dataset and Evaluation Metrics

To comprehensively evaluate the performance of DSTrack,
we select four publicly available datasets widely used in
the RGB-T tracking field for experiments, namely RGBT210
[9], RGBT234 [10], LasHeR [11], and VTUAV [12]. These
datasets cover different scenarios and challenges, which can
fully test the performance of RGB-T tracking methods in
various situations.

Following previous research conventions, Precision Rate
(PR), Success Rate (SR), and Normalized Precision Rate
(NPR) are utilized as evaluation metrics in the field of RGB-
T tracking. PR is utilized to measure the proportion of
frames where the distance between the predicted bounding
box center and the true target center is within a specific
threshold (usually 20 pixels), reflecting the accuracy of the
model in locating the target. SR calculates the percentage
of frames where the Intersection over Union (IoU) between
the predicted bounding boxes and the true bounding boxes
is greater than a given threshold, reflecting the ability of the
method to estimate the target scale. NPR normalizes PR to
eliminate the impact of image resolution and target size on
evaluation.
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Fig. 6. The SR and PR scores (%) of MANet++, UnTrack, SDSTrack, ViPT,
TBSI and DSTrack under different challenging attributes on the LasHeR
dataset.

B. Implementation Details

We implement DSTrack model using PyTorch [27] frame-
work and conduct experiments on a workstation equipped
with NVIDIA RTX 3090 GPU and 24GB memory. Our
model adopts ToMP [28] as the base tracker, which utilizes
the first four convolutional blocks of ResNet-50 [29] as the
feature extractor. We utilize the pre-trained model provided
by ToMP50 [28] as the initialization parameter for the feature
extractor, while the remaining parameters in our network
model are randomly initialized. During training, we set the
batch size to 8 and employ the AdamW optimizer [30] with
a weight decay coefficient of 1 x 10~* and an initial learning
rate of 2 x 10~%. The DSTrack model utilizes stochastic
gradient descent (SGD) to minimize the classification and
regression loss functions, with learning rates of 1 x 10~°
for the backbone network and prediction head. The learning
rate of multi-domain enhancement network is set to 2x 1076,
which is trained for 100 epochs. For dataset configuration,
we train the model on the LasHeR training set and use
the weight files trained on LasHeR to evaluate RGBT210,
RGBT234, and LasHeR testing sets. When evaluating the
VTUAV dataset, we specifically utilize its own training set
for model training to provide support for the evaluation of
the dataset.

C. Comparison with State-of-the-art Methods

To comprehensively evaluate the performance of our
method, we compare our method with previous state-of-the-
art RGB-T tracking methods on four benchmarks, including
RGBT210 [9], RGBT234 [10], LasHeR [11] and VTUAV
[12]. The comprehensive comparison results are presented
in Table I, II, III, which demonstrates the excellent perfor-
mance of our method in various key indicators, validating its
effectiveness in RGB-T tracking tasks.

D. Ablation Studies

In this section, we conduct a series of ablation studies on
the LasHeR [11] and RGBT234 [10] datasets to evaluate the
effectiveness of the proposed individual components.

1) Analysis of Multi-domain Enhancement Network : To
investigate the optimal number of layers of the multi-domain
enhancement network (MDENet), we conduct experiments

TABLE III
COMPARISON WITH STATE-OF-THE-ART TRACKERS ON
VTUAV [12] DATASET.

; VTUAV
Methods Publish Backbone PR SR
DAFNet [31] ICCVW 2019 VGG-M 62.0 45.8
FSRPN [32] ICCVW 2019 ResNet-50 65.3 54.4
mfDiMP [22] ICCVW 2019 ResNet-50 67.3 55.4
ADRNet [33] IJCV 2021 VGG-M 62.2 46.6
TransT [34] CVPR 2021 ResNet-50 74.4 63.6
HMFT [12] CVPR 2022 ResNet-50 75.8 62.7
MACFT [7] Sensors 2023 ViT-B 80.1 66.8
DSTrack - ResNet-50 85.5 72.7

TABLE IV
ABLATION STUDIES OF LAYERS AND SwiTcHS IN MDENET.

Layers | Switch RGBT234 LasHeR DSTrack
PR SR PR SR Params
2 Vv 89.3 655 | 693 543 19.5M
3 87.0 63.8 | 689 54.1 29.5M
4 Vv 87.1 639 | 68.0 538 37.1M
1 X 859 63.0 | 67.0 527 7.2M
2 X 86.1 63.1 | 67.1 52.7 14.3M
3 X 86.5 633 | 672 529 21.5M
TABLE V
ABLATION OF THE DIFFERENT ENHANCEMENT MODULES IN
MDENET.
RGBT234 LasHeR DSTrack
NO | NI | N2 | N3 | N4 PR SR PR SR Params
X VA VA VA v | 87.0 639 | 683 537 18.5M
v X Vv VA v | 875 644 | 67.0 529 18.5M
Vv V4 X VA v | 879 647 | 68.1 53.6 5.3M
Vv V4 Vv X v | 872 643 | 66.6 527 18.0M
v Vv Vv vV X 883 648 | 66.2 522 18.0M
v Vv v Vv v | 893 655 | 69.3 543 19.5M

on MDENet with different layers number. The performance
of 2, 3, and 4 layers MDENet is shown in Table IV. The
experimental results show that when the number of layers is
set to 2, the model performs best on both datasets.

2) Analysis of Switch: To investigate the impact of switch,
we remove it and the entire model becomes fixed fusion
structure. The experimental results are shown in Table IV.
The absence of switch significantly impairs model perfor-
mance. When the number of layers is set to 2, on the LasHeR
dataset, PR and SR decrease by 2.2% and 1.6% respectively;
On the RGBT234 dataset, PR and SR decrease by 3.2%
and 2.4% respectively. This fully verifies the importance of
switch that can adaptively adjust the fusion structure, which
is crucial for improving model performance.

3) Analysis of Enhancement Modules: We evaluate the ef-
fectiveness of each enhancement module in the multi-domain
enhancement network. The experimental results are shown in
Table V. They show that the absence of each enhancement
module leads to a significant decrease in model performance.
Among them, the removal of RGB-to-TIR enhancement
module (N3) shows the most obvious performance decline,
and PR and SR decrease by 2.1%/1.2% and 2.7%/1.6%
on the RGBT234 and LasHeR datasets. This experiment
indicates that each of our enhancement modules plays an
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Fig. 8. Visualized comparisons of DSTrack with UnTrack [20], SDSTrack [21] and HMFT [12] on four sequences from the RGBT234 [10] dataset.

important role in improving the performance of tracking
tasks.

4) Visualization of Heatmap: To further demonstrate
the effectiveness of MDENet, we visualize the heatmaps
before and after adding MDENet. As shown in Fig. 7, in the
bikeboyright and rightbluewhite sequences, distractor objects
interfere the target appearance in both scenarios, which
is difficult for ToMP method to identify and understand
the target, resulting in inaccurate multi-peak responses in
the heatmap. In contrast, DSTrack effectively improves the
discriminability of target features, accurately focusing on the
target region and generating a single-peak response. In the
bikefromlight sequence, strong illumination and dark night
conditions severely degrade both RGB and TIR modality

quality, DSTrack still achieves an accurate single-peak re-
sponse. Similarly, in the whitegirl sequence, DSTrack pro-
duces a more concentrated heatmap response compared to
ToMP, demonstrating superior target localization. Overall,
these visualizations validate the performance improvements
brought by our method in handling complex scenarios.

5) Visualization of Tracking Results: As shown in Fig. 8,
we select four representative sequences from the RGBT234
dataset to display some tracking results of DSTrack and
other state-of-the-art RGB-T trackers. For example, in the
basketballwalking sequence, when the target is frequently oc-
cluded, other trackers fail to maintain stable tracking, while
DSTrack consistently locates the target. In the dogl long
sequence, as the small target gradually moves away, DSTrack
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still achieves precise tracking, whereas other methods have
significant errors. In the guidepost sequence, when other
trackers lose the target due to camera shake, DSTrack still
tracks the target stably, indicating better robustness.

IV. CONCLUSION

In this paper, we have proposed DSTrack, a novel Dy-
namic Enhancement Network with switch for RGB-T Track-
ing. This framework has introduced a dynamic switch mech-
anism that adaptively selected optimal model configurations
based on scenario characteristics, enabling structural flex-
ibility for complex environment adaptation. Besides, we
have designed a multi-domain enhancement network that
synergistically combined intra-modal and inter-modal en-
hancement modules. The intra-modal component employed
a tri-domain enhancement strategy (channel, spatial, and
frequency domains) to amplify discriminative target features,
while the inter-modal module established complementary
cross-attention links to compensate for single-modal defi-
ciencies. Our experimental results have demonstrated the
superiority of DSTrack over state-of-the-art methods, show-
ing its potential in handling real-world tracking tasks across
several practical applications.

In the future, we plan to optimize computational effi-
ciency by introducing more lightweight strategies in both the
switch selection mechanism and multi-domain enhancement
networks. Such as reducing redundant parameters through
pruning, or incorporating more compact enhancement mod-
ules via distillation learning.
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