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A B S T R A C T

Existing RGB-Thermal (RGB-T) trackers integrate the RGB and thermal modalities by using cross-
attention and estimate the object position by computing the correlation between a single template and
the search region. However, many trackers yield unsatisfactory performance due to their disregard
for inter-frame cues between modalities and dynamic changes in the dominant modality. To address
this issue, we propose a novel Spatial-Temporal Interaction Transformer, called STIFormer, which
effectively merges multi-modal features from both spatial and temporal domains, enhancing the
robustness of RGB-T tracking. In particular, a spatial-temporal feature representation module is
proposed to facilitate inter-frame information exchange through token propagation, which encodes
features from multi-frames and a temporal token. In addition, a token-guided mixed attention fusion
module is proposed to fuse the frame features and token features from different modalities. Extensive
experiments demonstrate that our proposed method achieves state-of-the-art performance on public
RGB-T benchmarks. The project page is available at: https://github.com/xuboyue1999/STIFormer.

1. Introduction
Visual object tracking (VOT) aims to continuously pro-

vide the position of a specified target within a given se-
quence [1]. It has wide applications in fields such as au-
tonomous driving, robotics, embodied artificial intelligence,
and human-computer interaction [2–8].

To overcome the inherent limitations of single-modality
sensors, RGB-Thermal (RGB-T) object tracking has emerged
as a promising solution that leverages the strengths of both
RGB and thermal cues to enhance all-weather tracking
performance. RGB data provides rich detail and texture
information, while thermal data offers heat source data from
the target surface that is visible under various conditions.
Combining these two modalities effectively improves the
robustness of object tracking, particularly in challenging
environments [9–12].

Current RGB-T trackers generally extend existing RGB
trackers by incorporating an additional thermal branch and
employing feature fusion methods to combine the dual-
modal features. To enhance tracking stability in complex
scenarios, some approaches also implement template update
strategies [13, 14], as shown in Figure 1(a). Specifically,
the backbone is utilized to extract features from different
modalities, which are subsequently fused and employed to
estimate position via the prediction head. Ultimately, the
template is updated based on the prediction results. How-
ever, this approach has certain limitations. While template
update strategies can improve tracking stability in complex
environments to some extent, they require the design of
intricate update mechanisms. Additionally, these methods
often struggle to leverage temporal information, making
it challenging to correlate information across consecutive
frames during tracking.

rchou@nju.edu.cn (R. Hou)

To address this issue, we propose a novel RGB-T track-
ing framework based on the Spatial-Temporal Interaction
Transformer (STIFormer), as illustrated in Figure 1(b). Build-
ing on the previous work in RGB single-modality track-
ing [15, 16] that redefines tracking as a token propagation
task, we introduce an RGB-T tracker that incorporates multi-
frame templates to capture more dynamic information from
inter-frame sequences compared to traditional single-frame
templates. Meanwhile, a token is propagated across frames,
enabling the transmission of discriminative features to sub-
sequent frames, thereby enhancing tracking performance.
Furthermore, for RGB-T multi-modal tracking, we propose
a token-guided mixed attention fusion module that lever-
ages temporal cues to more effectively extract dual-modal
information while maintaining consistency with temporal
dynamics.

Specifically, we extract RGB and thermal features sepa-
rately using a spatial-temporal feature representation mod-
ule, where each modality consists of frame features and
token features. Subsequently, we employ a token-guided
mixed attention fusion module to facilitate the multi-modal
fusion. Afterward, prediction results are obtained through
multi-branch prediction heads, while the token information
is propagated to the next frame as spatial-temporal infor-
mation for predicting subsequent frames. Experimental re-
sults on RGBT234 and LasHeR datasets demonstrate that
our method outperforms competitive RGB-T tracking ap-
proaches.

The main contributions of this paper are summarized as
follows:

• We propose a novel RGB-T tracking framework based
on spatial-temporal interaction learning, which uses
the multi-frame template and token propagation to
construct a comprehensive spatial-temporal feature
representation.
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Fig. 1: Comparison of RGB-T tracking frameworks. (a) Mainstream RGB-T tracking framework with template update strategies.
(b) Our framework with token propagation. The difference between the two frameworks is highlighted in green.

• We design a token-guided mixed attention fusion mod-
ule that leverages spatial-temporal information to fa-
cilitate modal fusion and inter-frame interaction.

2. Related Work
2.1. RGB-T Tracking

Recently, researchers have been focusing on incorpo-
rating modal fusion methods into RGB object tracking to
develop RGB-T trackers, which primarily consist of two
mainstream paradigms. One category of methods is based
on MDNet [17, 18], which follows the concept of tracking
by detection. For instance, Lu et al. [19] proposed a duality-
gated mutual condition network to comprehensively exploit
the complementary information from dual modalities for
guiding modal fusion. Hou et al. [20] proposed a RGB-T
tracker called MIRNet, which leverages cross-attention to
integrate multi-modal features and incorporates a refinement
module to effectively enhance tracking accuracy. Xiao et
al. [21] developed APFNet by generating attribute branches
for different challenges in RGB-T tracking, thereby effec-
tively improving tracking capabilities in complex scenarios.
Liu et al. [22] explored dual-modality feature interaction
and decoupling, effectively distinguishing targets in various
challenging scenarios, and improving robustness.

Another category of methods employs the Siamese net-
work [23, 24] to calculate the similarity between the template
and search region. The region with the highest similarity is
identified as the target, thereby enabling efficient tracking.
For instance, Peng et al. [25] utilized the Siamese network to

fuse infrared and RGB features for RGB-T tracking. Feng et
al. [26] adjust fusion weights flexibly to enhance the feature
representation and consequently bolster the robustness of the
tracker. Hou et al. [13] utilized the Transformer to capture
the global correlation and generated robust multi-modal
feature representation to boost the tracking performance.
Feng et al. [27] proposed a multi-layer attention aggregation
network to achieve decision-level fusion for RGB-T tracking.

Existing RGB-T trackers have achieved satisfactory re-
sults in feature fusion and can handle various complex
scenarios. However, most of them overlook the importance
of temporal information in tracking tasks. Therefore, there
is still room to explore cross-modal interaction and inter-
frame cue mining to further enhance the robustness of RGB-
T tracking.

2.2. Transformer-based Tracking
Transformer architecture has demonstrated excellent per-

formance in handling global features, prompting researchers
to incorporate the Transformer into visual object tracking
to enhance the ability to process sequential global informa-
tion [28]. Vaswani et al. [29] first proposed the Transformer,
which leverages the attention mechanism to establish depen-
dencies between each element in the sequence. Recent works
have incorporated the Transformer architecture into visual
object tracking. For example, Meinhardt et al. [30] designed
the transformer-based tracking paradigm and proposed an
end-to-end tracker. Lin et al. [31] explored the potential
of the Transformer and proposed a fully-attention tracking
method. Cui et al. [32, 33] proposed a robust Mixformer that
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utilized Transformer to unify the feature extraction and ag-
gregation, streamlining the tracking process and enhancing
the tracking performance. Ye et al. [34] proposed OSTrack,
which pioneered a one-stage one-stream transformer-based
tracker. Zheng et al. [16] explored the importance of tem-
poral cues in the tracking process and proposed ODTrack
to correlate temporal information in adjacent frames, thus
achieving outstanding performance.

Transformers have demonstrated excellent performance
in visual object tracking by effectively associating global
information and processing feature cues. Their powerful
ability to handle global temporal information also inspires us
to further explore the application of transformers in RGB-T
tracking and the processing of temporal information within
tracking tasks.

2.3. Temporal Modeling for Visual Object
Tracking

It is widely acknowledged that temporal cues are pivotal
for robust visual tracking, and strengthening context prop-
agation over time remains a core research thread. A first
line of work centers on templateupdate schemes, where the
initial target template is progressively adapted. For example,
Stark [35] fuses the initial template with online observations
to realize adaptive updates, while Yang et al. [36] employ a
multi-frame template pool to select stronger templates and
alleviate the brittleness of single-frame references. Although
such strategies enhance robustness, they largely retain a
frame-by-frame template matching view of tracking and
therefore under-utilize long-range temporal dependencies.

A second line of work explicitly propagates temporal
context across frames. TCTrack [37] passes template cues
between adjacent frames to refine subsequent feature ex-
traction; ODTrack [16] injects global tokens into attention
to improve propagation efficiency; ASTMT [38] extends
propagation to infrared tracking; and SeqTrack [39, 40]
processes entire sequences in a global manner. While these
methods move beyond local template updates, many still
treat temporal information as an auxiliary signal, without
tightly coupling it with spatial reasoning or cross-modal
fusion.

Within RGB-T tracking, a number of approaches adopt
template update as the primary temporal mechanism. SD-
STrack [41] selects updated templates based on confidence
scores; TaTrack [14] introduces an online template that
evolves with the target during tracking; and MMSTC [42]
maintains a template pool, using multiple references con-
currently to verify the target. STTrack [43] further incor-
porates position-based prediction from motion cues. These
designs increase robustness by refreshing appearance, yet
they still conceptualize RGB-T tracking mainly as per-frame
matching, with temporal signals not deeply integrated into
spatio-temporal and cross-modal interactions. STMT [44],
for instance, forwards temporal cues along the sequence but
treats time largely in isolation, limiting its ability to align
temporal information with spatial structure and modality-
specific features.

In contrast, STIFormer performs sequence-wide tempo-
ral token propagation and introduces token-guided mixed
attention to inform RGBT fusion. This design jointly reasons
over space, time, and modality, enabling richer temporal
context to directly shape cross-modal interactions rather than
merely updating templates.

3. Method
3.1. Overview

The framework of STIFormer is illustrated in Figure 2,
it mainly consists of three modules: spatial-temporal feature
representation, token-guided mixed attention fusion, and pre-
diction head. Specifically, the RGB and thermal sequences
are encoded separately in the spatial-temporal feature repre-
sentation module, which is a typical symmetric dual-stream
architecture. The encoder is utilized to extract modality
features from search frames, multi-template frames, and an
initially empty token. In the token-guided mixed attention
fusion module, the modality features are divided into frame
features and token features, which are then fused using the
mixed attention fusion module to generate robust fused fea-
tures. Furthermore, the temporal cues stored in the token are
propagated to subsequent search frames. Finally, the output
features obtained from the fusion module are subsequently
fed into the prediction head to produce the tracking results,
which consists of a classification branch location branch, and
regression branch, and we integrate the results into the token
representation.

3.2. Question Formulation
Most of the current tracking methods rely on image-pair

matching to localize the target [16]. Given a pair of video
frames, namely the template frame 𝑅 ∈ 𝑅3×𝐻𝑡×𝑊𝑡 and
the search frame 𝑆 ∈ 𝑅3×𝐻𝑠×𝑊𝑠 , the visual tracker Ψ is
represented as 𝐵 ← Ψ ∶ {𝑅,𝑆}, where 𝐵 represents the
predicted bounding box coordinates of the current search
window, Ψ is a Transformer-based tracker consisting of
a backbone network and prediction head network. Specifi-
cally, the Transformer-based tracker takes a sequence of non-
overlapping image patches (each patch has a resolution of
𝑝 × 𝑝) as input. A 2D template-search image pair needs to
pass through a patch embedding layer to generate multiple
1D image token sequences 𝑓𝑡 ∈ 𝑅𝐷×𝑁𝑡 , 𝑓𝑠 ∈ 𝑅𝐷×𝑁𝑠 , where
𝐷 is the token dimension, 𝑁𝑡 = 𝐻𝑡𝑊𝑡

𝑝2 , 𝑁𝑡 = 𝐻𝑠𝑊𝑠
𝑝2 .

Subsequently, these 1D image tokens are concatenated and
fed into an encoder with 𝐿 layers of Transformers for feature
extraction and relationship modeling.

We encode each modality separately and extend the input
of the tracking framework from image pairs to multi-frames
for temporal modeling. We introduce a temporal token for
each modality to propagate temporal information related to
the sequence. Then, we use the token-guided mixed attention
fusion module to encode the information of different modal-
ities and produce the prediction result. The overall process
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Fig. 2: The framework of STIFormer, which includes spatial-temporal feature representation, token-guided mixed attention fusion,
and prediction head.

is described as follows:

𝐵 ←  ∶ { ∶ {Ψ𝑟 ∶ {𝑅𝑟
1, 𝑅

𝑟
2, ..., 𝑅

𝑟
𝑘, 𝑆

𝑟
1, 𝑆

𝑟
2, ..., 𝑆

𝑟
𝑛, 𝑇

𝑟},
Ψ𝑡 ∶ {𝑅𝑡

1, 𝑅
𝑡
2, ..., 𝑅

𝑡
𝑘, 𝑆

𝑡
1, 𝑆

𝑡
2, ..., 𝑆

𝑡
𝑛, 𝑇

𝑡}}},
(1)

where 𝐵 represents the predicted box coordinates of the
current search box,  represents the prediction head, 
represents the token-guided mixed attention fusion module,
Ψ𝑟 represents the RGB encoder,Ψ𝑡 represents the thermal en-
coder,𝑅𝑟∕𝑡

1 , 𝑅𝑟∕𝑡
2 , ..., 𝑅𝑟∕𝑡

𝑘 represent template frames of length
𝑘, 𝑆𝑟∕𝑡

1 , 𝑆𝑟∕𝑡
2 , ..., 𝑆𝑟∕𝑡

𝑛 represent search frames of length 𝑛,
𝑇 𝑟∕𝑡 denotes the time token.

3.3. Spatial-Temporal Feature Representation
To fully exploit the spatial-temporal feature represen-

tations, in this module, we leverage multi-frame templates
and spatio-temporal token passing to propagate the spatial-
temporal information across adjacent frames. We employ the
Transformer to extract features separately from the RGB and
thermal modalities.

Inspired by the well-designed feature encoding of RGB
single modality [15, 16], we employ a shared-weighted
transformer encoder to extract RGB and thermal features,
respectively. For the 𝑡-th frame 𝑓𝑡, the computation process
can be expressed as:

𝑓𝑡 = 𝐴𝑡𝑡𝑛(𝐶𝑜𝑛𝑐𝑎𝑡[𝑅1, 𝑅2, ..., 𝑅𝑘, 𝑆𝑡, 𝑇𝑡])

=
∑
𝑠𝑡

𝑣𝑠𝑡 ⋅
exp⟨𝑞𝑠𝑡, 𝑘𝑠𝑡⟩∑
𝑠𝑡 exp⟨𝑞𝑠𝑡, 𝑘𝑠𝑡⟩ , (2)

where 𝑇𝑡 is the time token sequence of the 𝑡-th frame, 𝐴𝑡𝑡𝑛
represents attention mechanism, 𝐶𝑜𝑛𝑐𝑎𝑡[⋅] denotes concate-
nation between elements, [𝑅1, 𝑅2, ..., 𝑅𝑘] is the sequence

of template frames, 𝑆𝑡 is the 𝑡-th search frame, 𝑞𝑠𝑡, 𝑘𝑠𝑡, 𝑣𝑠𝑡
are linear projections of the concatenated features, respec-
tively. Each video frame contains a token used to store the
target information of the frame sequence. Once the target
information is extracted via the temporal token, the token is
propagated from frame 𝑡 to frame 𝑡+1. We maintain a single
temporal token 𝑇𝑡 ∈ ℝ1×𝑑 (with 𝑑 matching the backbone
hidden size), which is updated at each step and then used
to condition feature extraction and cross-modal fusion at the
next frame. At the start of a sequence, the token is initialized
as a blank vector 𝑇empty ∈ ℝ1×𝑑 . For propagation from 𝑡 to
𝑡+1, we first form a residual seed by adding the current token
to an empty token of the same shape, and then refine it with
attention using the features of the (𝑡 + 1)-th frame:

𝑇̃𝑡+1 = 𝑇𝑡 + 𝑇empty,

𝑓𝑡+1, 𝑇𝑡+1 = Attn
(
Concat

[
𝑅1, 𝑅2,… , 𝑅𝑘, 𝑆𝑡+1, 𝑇𝑡+1

])
.

(3)

where 𝑅1,… , 𝑅𝑘 denote the reference/template features,
and 𝑆𝑡+1 denotes the search frame features at time 𝑡+1. 𝑓𝑡+1
denotes the feature representation from the (𝑡 + 1)-th frame.

In this way, the inference at frame 𝑡 + 1 is explicitly
guided by the temporal token from frame 𝑡, leveraging
accumulated historical cues to inform current predictions.
The token 𝑇𝑡+1 is subsequently propagated to the next step
and updated recurrently until the end of the sequence.

3.4. Token-guided Mixed Attention Fusion
To fully exploit visual frame features and temporal infor-

mation between frames, we propose a token-guided mixed
attention fusion module that effectively integrates spatial-
temporal cues for feature fusion between frames of different
modalities.
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The detailed design of the token-guided mixed attention
fusion module is illustrated in Fig. 3. The single-modality
features are generated by their respective encoders. The
modality features include frame features and token features,
corresponding to the visual-spatial features and temporal
token features from frames, which is formulated as:

𝑓𝑟𝑔𝑏 = [𝑓 𝑟
𝑇 , 𝑓

𝑟
𝑉 ],

𝑓𝑡 = [𝑓 𝑡
𝑇 , 𝑓

𝑡
𝑉 ],

(4)

where 𝑓𝑟𝑔𝑏 and 𝑓𝑡 represent the features encoded by the RGB
and thermal encoders, 𝑓 𝑟∕𝑡

𝑇 , 𝑓 𝑟∕𝑡
𝑉 represent token features and

frame features, respectively.
Firstly, we employ a multi-head self-attention mecha-

nism [29] to capture the cross-modal correlation between

RGB-T modalities. The multi-head self-attention mecha-
nism is shown in Fig. 4. Specifically, the cross-modal atten-
tion mechanism is expressed by:

𝐺𝑐𝑟𝑜𝑠𝑠 = 𝑀𝐻𝑆𝐴(𝑓 𝑡
𝑉 , 𝑓

𝑟
𝑉 , 𝑓

𝑟
𝑉 ), (5)

where 𝑀𝐻𝑆𝐴(⋅) represents the multi-head self-attention
mechanism, 𝑄 is set to 𝑓 𝑡

𝑉 , 𝐾 and 𝑉 are both set to 𝑓 𝑟
𝑉 ,

respectively. The input features are reshaped and divided into
𝑛 heads. The attention weights are calculated as follows:

𝐺𝑖
ℎ𝑒𝑎𝑑 = Softmax

(
𝑄𝑖𝐾𝑇

𝑖√
𝑑𝑘

)
⋅ 𝑉𝑖, (6)

where 𝑄𝑖 represents the query, 𝐾𝑖 represents the key, 𝑉𝑖
represents the value, 𝑖 denotes the 𝑖-th head,𝐺𝑖

ℎ𝑒𝑎𝑑 represents
the attention of the 𝑖-th head. Then, the attention generated
by each head is concatenated and reshaped to obtain the final
attention. Equation (5) can be further formulated as:

𝐺𝑐𝑟𝑜𝑠𝑠 = Concat[𝐺1
ℎ𝑒𝑎𝑑 , 𝐺

2
ℎ𝑒𝑎𝑑 ,… , 𝐺𝑛

ℎ𝑒𝑎𝑑] ⋅ 𝜔0, (7)

where 𝐺𝑐𝑟𝑜𝑠𝑠 represents the cross attention, 𝑛 is the total
number of heads, 𝐶𝑜𝑛𝑐𝑎𝑡(⋅) denotes the concatenation op-
eration, 𝐺𝑖

ℎ𝑒𝑎𝑑 represents the attention of each head, 𝜔0 is
the final linear transformation matrix. After the multi-head
self-attention module produces its output, it is integrated
back into the original RGB frame feature using a residual
connection to generate the frame attention map, which can
be formulated as follows:

𝐺𝑓𝑟𝑎𝑚𝑒 = 𝑓 𝑟
𝑉 + 𝐺𝑐𝑟𝑜𝑠𝑠, (8)

where 𝐺𝑓𝑟𝑎𝑚𝑒 means frame attention map, 𝑓 𝑟
𝑉 represents the

RGB frame feature, and 𝐺𝑐𝑟𝑜𝑠𝑠 represents the cross attention
computed by equation (7). The updated frame features 𝑓 𝑟

𝑉
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are then multiplied with the token features 𝑓 𝑡
𝑇 from the ther-

mal modality to obtain the mixed attention fused features,
which are expressed by:

𝐺𝑚𝑖𝑥 = 𝐺𝑓𝑟𝑎𝑚𝑒 ⋅ 𝑓
𝑡
𝑇 , (9)

where 𝐺𝑚𝑖𝑥 denotes the mixed attention map, 𝐺𝑓𝑟𝑎𝑚𝑒 rep-
resents frame attention map computed by equation(8), and
𝑓 𝑡
𝑇 represents the token feature from the thermal modality,

respectively.
Finally, we add the frame features from each modality

and multiply them with the mixed attention map to obtain
the final fused feature 𝐹𝑓 , which can be formulated as:

𝐹𝑓 = 𝐺𝑚𝑖𝑥 ⋅ (𝑓 𝑟
𝑉 + 𝑓 𝑡

𝑉 ), (10)

where 𝐹𝑓 represents the final fused feature, 𝑓 𝑟
𝑉 and 𝑓 𝑡

𝑉 mean
frame feature from RGB and thermal modalities, respec-
tively.

3.5. Prediction Head and Loss Function
STIformer utilizes classification and bounding box re-

gression heads to achieve tracking results. Specifically,
triplet prediction branches are employed to obtain the clas-
sification score map, bounding box size, and offset for
prediction. Our method employs focal loss as the classi-
fication loss 𝑐𝑙𝑠 and utilizes 1 loss and 𝐺𝐼𝑜𝑈 loss as
the regression losses [45]. Focal Loss effectively addresses
class imbalance by adaptively scaling the loss to focus more
on hard-to-classify samples, which is more suitable for the
dataset with a long-tail distribution. 1 Loss provides a
robust optimization objective less sensitive to outliers, while
𝐺𝐼𝑜𝑈 Loss encourages better spatial alignment between the
predicted and ground-truth bounding boxes. The synergistic
combination of 1 Loss and 𝐺𝐼𝑜𝑈 Loss leads to accurate
bounding box regression and improved spatial overlap.

The classification loss is formulated as:

𝑐𝑙𝑠 = −
∑
𝑡
𝛼
(
1 − 𝑝𝑡

)𝛾 𝑙𝑜𝑔(𝑝𝑡), (11)

where 𝑡 represents the 𝑡 − 𝑡ℎ samples, 𝛼𝑡 is the weight
coefficient, 𝑝𝑡 indicates the probability belonging to the
foreground. The regression loss is defined as:

𝑟𝑒𝑔 =
∑
𝑡

(
𝜆11

(
𝑏𝑡, 𝑏𝑡

)
+ 𝜆2𝐺𝐼𝑜𝑈

(
𝑏𝑡, 𝑏𝑡

))
, (12)

where 𝜆1 and 𝜆2 are regularization parameters. 𝑏𝑡 means the
𝑡 − 𝑡ℎ predicted bounding box, 𝑏𝑡 means the corresponding
ground truth box.

The overall loss can be expressed as follows:

 = 𝑐𝑙𝑠 + 𝑟𝑒𝑔 , (13)

where 𝑐𝑙𝑠 represents classification loss and 𝑟𝑒𝑔 means
regression loss.

Table 1
Comparison between the proposed method and the state-of-
the-art trackers on RGB-T datasets. The best results are high-
lighted in bold and the trackers that use temporal information
are marked in *. The performance is evaluated in terms of
Precision Rate (PR) and Success Rate (SR).

Methods Years RGBT234 LasHeR Param FPSPR SR PR SR

TBSI* [46] CVPR23 0.871 0.637 0.692 0.556 350 36
MTNet* [13] ICME23 0.850 0.619 0.608 0.474 - 55
CAT++ [22] TIP24 0.840 0.592 0.509 0.356 90 14

ProTrack [47] MM23 0.795 0.599 0.538 0.420 - 30
ViPT [48] CVPR23 0.835 0.617 0.651 0.525 93 25

GMMT [49] AAAI24 0.879 0.647 0.707 0.566 - -
STMT* [44] TCSVT24 0.865 0.638 0.674 0.537 - 39

SDSTrack* [41] CVPR24 0.848 0.625 0.665 0.531 107.8 21
MMSTC* [42] TIP24 0.898 0.673 0.723 0.574 - -
UN-Track [50] CVPR24 0.837 0.618 0.667 0.536 92.1 -

OneTracker [51] CVPR24 0.857 0.642 0.672 0.538 99.8 -
TaTrack* [14] AAAI24 0.872 0.644 0.702 0.561 - 26

BaT [52] AAAI24 0.868 0.641 0.702 0.563 - -
ODTrack* [16] AAAI24 0.867 0.648 0.702 0.555 98.3 25

IPL [53] IJCV25 0.883 0.657 0.694 0.553 - -
CMDTrack [54] TPAMI25 0.859 0.618 0.688 0.566 - 67
STTrack* [43] SJ25 0.888 0.671 0.726 0.579 92.8 32
CAFormer [55] AAAI25 0.883 0.664 0.700 0.556 - 84

Ours - 0.915 0.683 0.738 0.583 101.6 24

4. Experiment
4.1. Dataset and Evaluation

In this paper, we conduct comparative experiments with
state-of-the-art trackers on two large-scale RGB-T bench-
marks, namely RGBT234 [45] and LasHeR [56]. RGBT234
consists of 234 pairs of precisely aligned RGB-T video se-
quences and 12 annotated attributes, encompassing approxi-
mately 233.4K frames. LasHeR is the latest RGB-T tracking
dataset, which consists of 1224 RGB-T videos captured from
diverse views and scenarios with a total of 734.8K frames.

Corresponding to previous works [56], we adopt two
widely used metrics, namely Precision Rate (PR) and Suc-
cess Rate (SR), to evaluate the tracking performance, and
the threshold of center location error is set to 20 pixels. PR
represents the ratio of frames 𝑓𝑝 with center error smaller
than a threshold to the total number of frames 𝑁 , and it can
be expressed as:

𝑃𝑅 =
𝑁𝑝

𝑁
× 100%, (14)

where 𝑁𝑝 represents the number of frames with center error
smaller than a threshold; 𝑁 represents the total number of
the sequence. SR is defined as the ratio of frames 𝑠𝑝 with IoU
exceeding a certain threshold to the total number of frames
𝑁 , and it can be calculated as:

𝑆𝑅 =
𝑁𝑠
𝑁

× 100%, (15)

where 𝑁𝑠 represents the number of frames with IoU exceed-
ing a certain threshold.

B. Xu et al: Preprint submitted to Elsevier Page 6 of 12



STIFormer: RGB-T Tracking via Spatial-Temporal Interaction Transformer

Table 2
Comparison results of our method against the state-of-the-art trackers. Attribute-based and overall performance are evaluated by
PR/SR scores(%) and are produced on RGBT234 with DMCNet [19], MIRNet [20], HMFT [57], CAT++ [22], MTNet [13] and
ViPT [48]. The best results are highlighted in Bold.

DMCNet [19] MIRNet [20] HMFT [57] MTNet [13] ViPT [48] CAT++ [22] Ours
TNNLS22 ICME22 CVPR22 ICME23 CVPR23 TIP24

NO 92.3/67.1 95.4/72.4 90.9/67.4 91.0/67.8 92.4/71.0 94.9/67.6 98.5/75.2
PO 84.2/63.1 89.5/62.7 85.7/62.1 88.7/64.8 85.4/63.0 88.9/62.7 93.7/70.4
HO 74.5/52.1 71.0/49.0 66.4/46.9 78.6/56.3 77.7/56.2 74.4/52.2 86.2/63.0
LI 85.3/58.7 83.4/57.5 83.3/59.1 83.3/59.5 81.0/58.4 80.9/55.5 94.4/70.0
LR 85.4/57.9 83.9/56.3 76.3/57.1 80.4/55.4 83.0/59.3 86.0/58.6 90.2/63.4
TC 87.2/61.2 81.1/59.1 80.6/50.4 86.1/61.6 83.0/62.2 85.0/61.5 91.3/67.8
DEF 77.9/56.5 77.8/58.1 77.6/57.9 84.7/64.0 81.7/62.2 80.4/56.7 89.1/67.9
FM 80.0/52.4 68.3/47.1 65.9/46.9 79.2/58.0 80.2/58.5 83.3/54.9 87.1/63.5
SV 82.7/59.8 83.2/61.9 80.0/59.2 89.0/66.1 83.8/63.0 84.8/59.3 92.9/70.4
MB 77.3/55.9 74.6/54.6 70.6/50.9 83.4/61.6 83.2/62.5 76.5/55.4 93.4/69.9
CM 80.1/57.6 76.4/55.4 77.9/56.2 86.0/63.4 83.0/62.0 77.9/56.2 91.1/68.5
BC 83.8/55.9 78.9/51.7 73.8/49.8 74.9/50.8 79.6/55.6 82.0/55.3 89.0/62.6

ALL 83.9/59.3 81.6/58.9 78.8/56.8 85.0/61.9 83.5/61.7 84.0/59.2 91.5/68.3

4.2. Implementation Details
Our method utilizes the ViT-Base model [16] as the

visual encoder, with its parameters initialized using the
pretraining weights from MAE [58]. STIFormer takes video
sequences comprising three reference frames with the size of
192× 192 pixels and two search frames with the size of 384×
384 pixels as the input. The AdamW optimizer is employed
to optimize the network parameters, with an initial learning
rate set to 1e-5 and a weight decay of 1e-4. The model is
trained for 60 epochs with 10,000 samples per epoch on the
LasHeR training dataset. After completing 40 epochs, we
reduce the learning rate by a factor of 10.

Our model is trained on a server with two 24 GB
NVIDIA RTX 3090 GPUs, and the batch size is set to 4. The
training process is end-to-end, with an overall training time
of approximately 30 hours and one GPU memory consump-
tion of around 18 GB. The overall computational cost of the
tracker, measured in FLOPs (Floating-Point Operations), is
147.9G. The total number of model parameters is 101.6M.
When tested on a single NVIDIA RTX 3090 GPU, the
average overall latency is 41.77 ms, and the achieved frame
rate is 24 FPS.

4.3. Comparison with State-of-the-Arts
Quantitative Comparison. To evaluate the superiority

of STIFormer, we conduct a comparative analysis with sev-
eral competing trackers, including TBSI [46], MTNet [13],
CAT++ [22], ProTrack [47], ViPT [48], GMMT [49], STMT [44],
SDSTrack [41], MMSTC [42], UNTrack [50], OneTracker [51],
TaTrack [14], BaT [52], IPL [53], ODTrack [59], STTrack [43]
and CMDTrack [54]. Notably, TBSI, MTNet, STMT, SD-
STrack, MMSTC, TaTrack, ODTrack, and STTrack use
temporal information.

Experiments are conducted on the two most widely used
RGBT tracking benchmarks, LasHeR and RGBT234 , as
shown in Table 1. Our method outperforms all existing
approaches on both datasets. Compared with the recent state-
of-the-art CAFormer, STIFormer improves PR and SR on

RGBT234 by 3.2% and 1.9%, respectively, and on LasHeR
by 3.8% and 2.7%. Notably, relative to SDSTrack, which also
exploits temporal information, STIFormer achieves gains
of 6.8%/5.8% (PR/SR) on RGBT234 and 7.3%/5.2% on
LasHeR. We attribute these improvements to our temporal
modeling strategy, which aggregates sequence-wide tempo-
ral cues and uses token-guided mixed attention to inform
cross-modal fusion, whereas SDSTrack primarily relies on
template updating. In addition, STIFormer maintains com-
petitive tracking speed and a parameter count comparable to
prior methods, indicating that the performance gains arise
from more effective modeling rather than from a heavier
architecture.

Attribute Analysis. To comprehensively evaluate the
performance under different challenging attributes, we fur-
ther evaluate the trackers on the 12 attributes of the RGBT234
dataset, such as NO (No Occlusion), PO (Partial Occlusion),
HO (Heavy Occlusion), LI (Low Illumination), TC (Thermal
Crossover), LR (Low Resolution), DEF (Deformation), FM
(Fast Motion), SV (Scale Variation), MB (Motion Blur), CM
(Camera Moving) and BC (Background Clutter).

The attribute-based comparison results are shown in
Table 2. Experimental results show that our method achieves
the best tracking accuracy and robustness in all challenging
scenarios. Especially in o PO and HO scenarios,the proposed
method significantly outperforms the second-best approach
in these cases, with improvements of 4.2% in PR and 6.9%
in SR for PO, and 8.5% and 6.7% respectively for HO. This
improvement is primarily due to the effective transmission
of temporal information, allowing the network to rely on
prior tracking cues to infer the target’s position even when it
is occluded. The experimental results demonstrate that STI-
Former exhibits generalization and robustness when facing
complex and various scenarios.

Qualitative Comparison. To provide a more intuitive
qualitative comparison of STIFormer, we conduct qualita-
tive comparisons between our method and representative
trackers on the RGBT234. The qualitative comparison is
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GT Ours MTNet ViPT HMFT DMCNet

(a)

(b)

(c)

Fig. 5: Visualization results of (a)run1 sequence, (b)blancebike and (c)womanfaraway sequence, compared with MTNet [13],
ViPT [48], HMFT [57] and DMCNet [19].

shown in Fig. 5. We observe that STIFormer achieves more
robust tracking performance in complex scenarios.

For example, as shown in Fig. 5(a), the run1 sequence
includes challenging attributes such as FM, MB and PO.
Based on the visual results, we observe that even under
conditions of fast motion and image blurring, the proposed
method shows exceptional stability in continuously tracking
a specific pedestrian, as shown in Fig. 5(b). Thanks to spatial-
temporal interaction learning, our tracker performs well
when encountering challenging attributes (e.g., HO, FM,
and CM). It can effectively utilize the correlations between
adjacent frames to maintain stable tracking of the target

even when the target is occluded. As shown in Fig. 5(c).
In complex backgrounds, the proposed method maintains
stable tracking, primarily due to the token-guided mixed at-
tention fusion module that effectively extracts and integrates
muti-modal features. This enables stable tracking using the
infrared modality even in environments with complicated
backgrounds. Overall, visualization results highlight the ef-
fectiveness and robustness of our STIFormer.

Feature Visualization. To further illustrate the effec-
tiveness of the proposed token-guided mix attention fusion,
we perform feature visualization on the search regions. As
shown in Fig 6, before applying the Token-guided Mixed
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Without Token-guide 
Mix Attention Fusion

With Token-guide 
Mix Attention Fusion

Fig. 6: The visualization of search area features: the top row
shows the feature visualization before applying the Token-
guided Mixed Attention Fusion, the middle row displays the
features after the fusion, and the bottom row shows the original
image, with the red box indicating the current search area and
green box indicating the target.

Attention Fusion, the features are scattered and not focused
on the target. However, the middle-row visualization results
show the discriminative features become concentrated on the
target by using token-guided mixed attention fusion. This
improvement is mainly due to the temporal-guided feature
fusion, which not only aggregates historical information
across consecutive frames but also enhances the robustness
of the feature representation.

Robustness Analysis. To further validate the robustness
of the proposed method in complex environments, we con-
duct a robustness analysis, as shown in Fig. 7. The line graph
below represents the deviation of the predicted bounding
boxes from the ground truth during the tracking process.
Generally, a deviation of less than 40 pixels is considered
successful tracking. In the upper part of Fig. 7, only our
method demonstrated consistent stability. Several key points
are noteworthy: around frame 300, where numerous similar
targets and occlusions occurred, our method experienced
only brief fluctuations, whereas other methods lost the target.
Thanks to the spatio-temporal information, the proposed
tracker accurately maintains stable tracking among similar
targets. Between the 550th and 580th frames, some methods
briefly relocated the correct target but lost it again after
the occlusion. In contrast, our method consistently tracked
the object throughout the entire sequence. The lower part
of the figure shows the robustness of the proposed method
while facing occlusion. Around frame 35, the target became
occluded, causing some trackers to lose the target entirely
and fail to relocate it, while our method continued to track
the target stably. At around frame 60, when similar targets
appeared, all trackers except ours mistakenly tracked the
wrong target and failed to correct this throughout the remain-
der of the sequence. This experiment clearly illustrates the
robustness of our method in complex environments.

GT Ours MTNet ViPT HMFT DMCNet

Fig. 7: Robustness analysis results of the proposed method
compared with MTNet [13], ViPT [48], HMFT [57] and
DMCNet [19].

Table 3
Multi-modal analysis on the RGBT234 Dataset, The best
results are highlighted in Bold.

RGB Thermal PR SR

3 7 81.7 60.9
7 3 78.4 56.4
3 3 86.7 64.8

4.4. Ablation Studies
Modality Analysis. To validate the benefits of comple-

mentary information in tracking performance, we conducted
ablation experiments by using single-modal encoders for fea-
ture encoding on individual modalities and compared them
with the method that uses feature addition with dual-modal
features. The results of the modality ablation comparison on
the RGBT234 dataset are shown in Table 3. It can be ob-
served that using dual-modal features yields better tracking
performance compared to using single-modal features alone.

Components Analysis. To validate the effectiveness
of the proposed token-guided mixed attention fusion mod-
ule, we conduct ablation experiments on different fusion
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Table 4
Ablation study of mixed attention fusion module on the
RGBT234 Dataset, 𝑅 represents RGB and 𝑇 represents ther-
mal modality. The best results are highlighted in Bold.

Frame Attention Mixed Attention PR SR
[𝑄 = 𝑅], [𝐾, 𝑉 = 𝑇 ] [𝑇 𝑜𝑘𝑒𝑛 = 𝑅] 82.2 60.1
[𝑄 = 𝑅], [𝐾, 𝑉 = 𝑇 ] [𝑇 𝑜𝑘𝑒𝑛 = 𝑇 ] 85.7 63.6
[𝑄 = 𝑇 ], [𝐾, 𝑉 = 𝑅] [𝑇 𝑜𝑘𝑒𝑛 = 𝑅] 87.3 63.2
[𝑄 = 𝑇 ], [𝐾, 𝑉 = 𝑅] [𝑇 𝑜𝑘𝑒𝑛 = 𝑇 ] 91.5 68.3

methods. The results of the module ablation experiment
are shown in Table 4. Additionally, we perform ablation
experiments on the fusion strategies of frame attention and
mixed attention, respectively. To analyze the structure of
frame attention fusion, we conduct experiments on different
sources of Q, K and V. Moreover, we use token features from
different modalities to compare the performance differences
in mixed attention. The experimental results indicate that
the proposed token-guided mixed attention fusion module
achieves the best tracking performance, demonstrating that
our method can more effectively utilize spatial-temporal
information to guide multi-modal fusion. This is primar-
ily because the thermal modality inherently contains fewer
features, but it can provide additional target features to
compensate for the limitations of the RGB modality. There-
fore, setting the query as the thermal modality while using
the key and value as the RGB modality allows for better
association between the rich detail features in RGB and the
complementary features in thermal. Additionally, setting the
mixed token to the thermal modality can more effectively
correlate temporal information across frames, helping to
avoid interference from noise in the RGB modality.

Regarding model complexity and real-time performance,
the proposed method comprises 101.6M parameters and
achieves approximately 24 FPS on an RTX 3090 GPU.
Under the same hardware and experimental settings, the
baseline contains 98.3M parameters and reaches 25 FPS.
Hence, our approach increases the parameter count by only
+3.3M and reduces the speed by merely 1 FPS, clearly
demonstrating that it preserves real-time capability with
minimal computational overhead.

5. Conclusion
In this paper, we proposed STIFormer, a novel RGB-T

tracking method based on spatial-temporal interaction trans-
former. To exploit inter-frame cues, we introduce a frame-
work that incorporates multi-frame template and token prop-
agation to capture comprehensive spatial-temporal feature
representation. In addition, a token-guided mixed attention
fusion module is proposed to effectively fuse the frame fea-
tures and the token features from different modalities. Exper-
imental results on the public RGBT234 and LasHeR datasets
demonstrate the effectiveness of STIFormer, achieving the
best performance across various challenging attributes.
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