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Abstract

Traditional object trackers struggle in degraded scenarios, lacking sufficient appear-
ance details of moving targets for precise tracking. Recent trackers have integrated high-
frequency event signals to assist tracking. However, they neglect the high-temporal-
resolution motion information inherent in events, limiting their performance especially
in occlusion and background clutter. To address these challenges, we propose HFTrack,
a novel tracker designed to fully leverage the spatio-temporal high-frequency informa-
tion within event signals, thereby enhancing the tracking performance. Specifically, we
introduce a frequency-based feature enhancement module, which enriches the frame fea-
ture with high-frequency components from events in frequency space, capturing detailed
appearance information of moving targets. Additionally, we propose a spatio-temporal
information decoder with an auto-regressive temporal query, integrating both historical
motion cues from events and enhanced spatial features for robust target localization.
Experimental results demonstrate that our HFTrack significantly outperforms existing
trackers, showcasing its strong ability to track the target under challenging conditions.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
†Corresponding author.
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Figure 1: Success rate scores of trackers across different scenes on VisEvent [21]. Our
HFTrack outperforms others on multiple challenging attributes.

1 Introduction

Visual Object Tracking (VOT) is a fundamental task in computer vision, which aims to iden-
tify and locate the target within a video sequence based on its initial status in the template. It
has wide applications in fields such as smart surveillance [23], autonomous driving [5] and
drone navigation [25].

Traditional VOT methods [4, 20, 22, 24, 26, 29] rely solely on RGB signals. They
struggle in challenging scenarios due to the limited dynamic range and frame rate of RGB
cameras [27], lacking sufficient appearance details of targets for precise tracking. Recently,
event cameras, as a novel bio-inspired sensor, have been introduced to assist VOT [10, 18,
21, 27, 28, 31]. Compared to RGB signals, event signals provide richer spatio-temporal
high-frequency information. In the spatial domain, events are triggered by the edges and
textures of moving objects, capturing finer high-frequency appearance details [12, 14]. In
the temporal domain, events record the target’s motion with high temporal resolution up to 1
MHz [9], making them valuable for understanding and predicting the target’s motion state.

Although there has been some progress in RGB-Event (RGB-E) trackers [10, 18, 21, 27,
28, 31], most of them compress event streams into frame-like images, neglecting the high-
temporal-resolution information inherent in events. Furthermore, these trackers primarily
focus on intra-frame similarity matching, failing to establish inter-frame associations. As
a result, they lack the fine-grained motion cues of the target, which limits their ability to
comprehend and predict the target’s motion pattern, especially in occlusion and background
clutter. Additionally, these trackers [10, 18, 21, 27, 28, 31] perform feature fusion only
in spatial space. This implicit fusion approach cannot fully leverage the high-frequency
appearance details provided by events, as demonstrated in [14].

To address the above challenges, we propose a novel RGB-E tracker named HFTrack,
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to fully leverage the spatio-temporal High-Frequency information within event signals for
better tracking performance. In the spatial domain, we propose a frequency-based feature
enhancement (FFE) module, which complements the high-frequency information missing in
RGB features by incorporating events in frequency space [8], boosting the tracker’s ability
to capture the appearance details of moving targets. In the temporal domain, we introduce
a temporal query to interact with the high-temporal-resolution event features, recording and
propagating fine-grained motion cues of the target for tracking guidance. Finally, we design
a spatio-temporal information decoder (SID), which integrates the enhanced spatial features
and historical motion information, improving the tracker’s comprehension of the target’s
motion pattern. As shown in Figure 1, our HFTrack significantly outperforms other trackers
on multiple challenging attributes.

In summary, we make the following contributions: (1) We propose HFTrack to fully
leverage the spatio-temporal high-frequency information within event signals. In the spa-
tial domain, we propose an FFE module to capture high-frequency appearance details from
events. (2) In the temporal domain, we design an SID module with an auto-regressive tem-
poral query to integrate high-temporal-resolution motion cues in events and spatial features
for robust tracking performance. (3) Extensive experiments demonstrate that our HFTrack
outperforms other state-of-the-art (SOTA) trackers.

2 Related Works

RGB-only-based Visual Object Tracking. Deep-learning-based trackers have dominated
VOT. Early CNN-based trackers [1, 6, 16] employed two weight-shared CNN branches to
extract features separately from the template and search frame. The feature interaction was
achieved through extra relation modeling networks. Inspired by the remarkable performance
of Vision Transformer (ViT) [7], some trackers [3, 20, 24] combined CNNs for feature ex-
traction with Transformers for relation modeling. However, this hybrid approach increased
the complexity of the tracker. Recent trackers [4, 22, 26, 29] have adopted a single Trans-
former for both feature extraction and relation modeling, balancing tracking accuracy and in-
ference speed. Despite these advancements, RGB-only-based trackers struggle in degraded
scenarios due to the limited dynamic range and frame rate of RGB cameras, resulting in
insufficient appearance details of the target for accurate tracking.
RGB-event-joint Visual Object Tracking. Compared to RGB cameras, event cameras offer
high-frequency information about edges and textures of moving targets with high temporal
resolution [9, 11, 13]. A series of studies have explored integrating RGB and event data
for VOT. Wang et al. [21] introduced a transformer module to fuse the frame and event fea-
tures. Zhang et al. [28] designed an event-guided alignment framework for high frame rate
tracking. Tang et al. [18] proposed a unified Transformer-based tracking framework. Zhu
et al. [31] introduced the orthogonal high-rank augmentation to improve cross-modal inter-
action. Hou et al. [10] used self-distillation symmetric adapter learning for effective multi-
modal feature fusion. However, these trackers neglect the high-temporal-resolution motion
cues of the target inherent in events. As a result, they struggle to comprehend the object’s
rapid variation of motion state under challenging conditions. In comparison, our proposed
HFTrack integrates fine-grained motion information in events for tracking guidance, achiev-
ing more robust tracking performance.
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Figure 2: Overview of our HFTrack. (a) The proposed HFTrack’s working process, including
a temporal query Q to record and convey historical motion cues across adjacent frames. The
red rectangles refer to the templates, and the green rectangles indicate the tracking results.
Event images here are only used for visualization. (b) The structure of HFTrack’s network.

3 Methods

3.1 Overview

We propose a novel RGB-E tracker named HFTrack. As shown in Figure 2, HFTrack oper-
ates based on a recurrent architecture, with a temporal query Q propagated across adjacent
frames. The network consists of four main components: the pre-trained feature encoder, the
FFE module, the SID module, and the prediction head. The RGB template and search region
are fed into the feature encoder for feature extraction and relation modeling, with the same
process applied to the events. The extracted RGB feature is enhanced by events through the
FFE in frequency space. The SID utilizes the enhanced feature of FFE, the event feature, and
the temporal query QT−1 from the last frame for target location. Finally, the SID’s output is
fed into the prediction head for result generation.

To preserve the high-temporal-resolution information in events, we convert the event
stream into the voxel grid form [30] with the bin = 3. The frozen parts of our network are
the same as [26]. Their weights are pre-trained on diverse datasets and kept fixed during
HFTrack’s training. The patch embedding layer for events is trainable to provide event-
specific tokens.

3.2 Frequency-based Feature Enhancement

Events are triggered by rapid changes in lighting intensity, providing high-frequency infor-
mation about edges and textures of moving objects [2], which is crucial for precise tracking.
However, most RGB-E trackers [10, 18, 21, 27, 28, 31] fuse features only in spatial space.
This implicit fusion fails to fully utilize the high-frequency appearance details inherent in
events, as illustrated in [14]. In order to leverage these high-frequency details from events
more explicitly, we propose the FFE module to complement the high-frequency information
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Figure 3: The structure of the proposed Frequency-based Feature Enhancement module. RT
and ET correspond to the extracted RGB feature and event feature, a(·) and p(·) indicate the
amplitude and phase respectively.

lacked in RGB features by events in frequency space, improving the tracker’s capability of
capturing the moving target’s appearance details.

As shown in Figure 3, we first adopt fast Fourier transform (FFT) [8] to the extracted
RGB feature RT and event feature ET , generating the inputs as:

a(RT ), p(RT ) = F(RT ) a(ET ), p(ET ) = F(ET ), (1)

where F(·) indicates FFT [8], a(·) and p(·) correspond to the amplitude and phase.
From the perspective of amplitude, the event feature contains richer high-frequency infor-

mation. In comparison, the RGB feature presents redundant amplitude components. There-
fore, we generate a frequency filter J(a) to emphasize the high-frequency appearance details
and remove the unwanted amplitude components in the RGB feature as:

J(a) = S(V(R(V[a(RT );a(ET )]))), (2)

where [·] denotes channel-wise concatenation, V(·) is the convolution operation, S(·) and
R(·) correspond to the sigmoid and ReLU function separately.

Once gained the frequency filter J(a), we get the filtered amplitude ã(RT ) as:

ã(RT ) = J(a)⊗ (a(RT )+a(ET )), (3)

where ⊗ denotes the element-wise multiplication.
From the perspective of phase, we use the phase of the event feature to suppress the

undesired phase components in the RGB feature, generating p̃(RT ) as follows:

p̃(RT ) = V(R(V[p(RT ); p(ET )])). (4)

Finally, we apply the inverse fast Fourier transform (IFFT) F−1(·) [8] to convert the
fused amplitude ã(RT ) and phase p̃(RT ) back to spatial space, gaining the enhanced spatial
feature FT as follows:

FT = V(F−1(ã(RT ), p̃(RT )))+RT . (5)
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Figure 4: The structure of the proposed Spatio-temporal Information Decoder. The temporal
query QT−1 is propagated from the T −1th frame. ET and FT correspond to the event feature
and the enhanced spatial feature extracted from the FFE respectively.

Through the FFE module, the output feature FT is enhanced by the high-frequency in-
formation from events, enabling the tracker to better capture the target’s appearance details
under degraded conditions. Furthermore, learning in frequency space allows for a broader
receptive field that captures global contextual information [8], complementing pixel-level
details and enhancing the model’s representational capability.

3.3 Spatio-temporal Information Decoder

As a temporal prediction task, VOT involves tracking targets that exist within a dynamic con-
text. However, current RGB-E trackers [10, 18, 21, 27, 28, 31] overlook this issue, relying
solely on independent template matching within each image pair and ignoring the historical
motion cues from previous frames. Additionally, these trackers compress event streams into
frame-like images, neglecting the high-temporal-resolution information inherent in events.
Consequently, they struggle to address challenges such as occlusion and background clutter,
which require the comprehension of the target’s motion pattern.

Inspired by [22, 29], we propose the SID module, which employs an auto-regressive
temporal query to integrate the enhanced spatial feature and historical motion cues for robust
tracking. The temporal query Q captures fine-grained motion information of the target from
events. It is propagated across adjacent frames to convey these temporal cues, facilitating
frame-to-frame association. The SID module, consisting of three decoder layers, is designed
to utilize the temporal query. The structure of each layer is shown in Figure 4.

When tracking the target in the T th frame, in the SID, the temporal query QT−1 from the
last frame will first perform cross-attention with the event feature ET of the current frame,
generating the fine-grained query Q̃T−1 as follows:

Q̃T−1 = QT−1 +MHA(QT−1,ET ,ET ), (6)

where MHA(·) refers to the multi-head attention mechanism in [19]. Since the event feature
ET records the target’s motion during the frame’s blind time of T −1 ∼ T with a high mea-
surement rate, it complements the temporal query QT−1 with temporally fine-grained motion
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information through cross-attention. As a result, the generated query Q̃T−1 is better suited
for predicting the target’s state in the T th frame.

The query Q̃T−1 is then concatenated with the enhanced spatial feature FT extracted from
the FFE. This concatenated input will be processed as follows:

K = [Q̃T−1;FT ]+MHSA([Q̃T−1;FT ]),

[QT ; F̃T ] = K +FFN(K),
(7)

where MHSA(·) refers to the multi-head self-attention [7], K is the output of this mechanism,
FFN(·) refers to the feed-forward network. This approach enables two key advantages. (1)
The generated feature F̃T will predict the target’s location more accurately, guided by the
fine-grained temporal query Q̃T−1. (2) The query Q̃T−1 can learn the target’s state at the
current timestamp T and update its information in an auto-regressive way, generating the
new temporal query QT for tracking guidance in the next frame.

3.4 Head and Loss

The SID’s output F̃T will finally enter the prediction head for target localization. Our pre-
diction head is the same as [26]. For the loss function, we adopt L1 loss, generalized IoU
loss LGIOU [17] and the focal loss [15] as classification loss Lcls. The total loss L can be
formulated as:

L = Lcls +λ1L1 +λ2LGIOU , (8)

where λ1 = 5 and λ2 = 2 are the same as in [26].

4 Experiments

To demonstrate our HFTrack’s effectiveness, we carry out comprehensive experiments on
two real-world RGB-E datasets: VisEvent [21] and COESOT [18].

VisEvent: VisEvent [21] is a visible-event dataset collected from the real world. Its
spatial resolution is 346 × 260. VisEvent contains various rigid and nonrigid targets in
multiple scenarios. Following [18], there are 205 sequences for training and 172 for testing.

COESOT: COESOT [18] comprises 1354 color-event videos with 478,721 frames, which
can be split into 827 and 527 sequences for training and testing respectively. These sequences
cover the widest range of object categories (90 classes).

4.1 Implementation Details

We employ OSTrack [26] (ViT-B ver.) pre-trained on multiple datasets to initialize the
weights of HFTrack’s frozen parts. We utilize a template size of 128 × 128 and a search
region size of 256 × 256. Additionally, the search region’s center and scale jitter factors are
set to 3 and 0.25, with no jitter applied to the template. HFTrack is trained and tested on 4
NVIDIA RTX 3090 GPUs with Pytorch 1.10.0. The training process takes 35 epochs at all,
and each epoch contains 6×104 sample pairs. The AdamW optimizer with a weight decay
of 10−4 is adopted. Following [18], we adopt the success rate (SR), the precision rate (PR),
and the normalized precision rate (NPR) as evaluation metrics.
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Trackers VisEvent [21] COESOT [18]

SR(%) PR(%) NPR(%) SR(%) PR(%) NPR(%)

MDNet-MF [21] 46.3 67.5 59.8 56.3 69.0 70.0
OSTrack [26] 51.0 67.5 62.6 59.0 70.7 70.5

CEUTrack [18] 53.5 71.8 66.4 62.7 76.0 74.9
AFNet [28] 49.5 67.7 61.6 59.4 74.5 71.3

HRCEUTrack [31] 51.0 68.0 63.1 63.2 77.4 76.5
SeqTrack [4] 58.4 75.4 70.7 65.8 79.5 78.8
ODTrack [29] 58.2 76.1 71.2 64.4 77.3 76.5
SDSTrack [10] 60.2 77.3 72.7 66.6 79.5 78.6

HFTrack (Ours) 62.3 78.5 75.0 67.7 80.7 80.1

Table 1: Performance comparison of our HFTrack against other SOTA trackers on VisEvent
and COESOT. The best and second best results are marked in red and blue colors.

(a) (b) (c) (d)

Figure 5: Success plots of trackers in four scenarios on COESOT [18]. (a) Full occlusion,
(b) Illumination variation, (c) Fast motion, (d) Background clutter. Zoom in for best view.

4.2 Experimental Results
As shown in Table 1, our proposed HFTrack achieves 62.3%, 78.5%, 75.0% in SR, PR, and
NPR respectively on VisEvent [21], outperforming the runner-up SDSTrack [10] by 2.1%,
1.2% and 2.3%. This result demonstrates that HFTrack presents stronger adaptability to
tracking objects under diverse scenarios. Additionally, HFTrack outperforms others with an
SR of 67.7%, PR of 80.7%, and NPR of 80.1% on COESOT [18], confirming HFTrack’s
superior generalization capability of tracking different kinds of targets.

To verify whether our HFTrack excels in tracking targets with varying appearance and
motion patterns, we evaluate its performance in four challenging scenarios on COESOT [18].
As shown in Figure 5, our HFTrack outperforms other trackers in illumination variation and
fast motion, confirming our proposed FFE’s effectiveness in capturing the moving target’s
appearance details under degraded conditions. On top of that, when tracking objects in full
occlusion or background clutter, HFTrack shows better performance in understanding and
predicting the target’s motion state based on the SID module.

We further conduct comparative experiments against SDSTrack [10] and SeqTrack [4] in
model parameters, MACs and inference speed. As shown in Table 2, HFTrack exhibits lower
computational complexity and higher inference speed with a similar amount of parameters.

To intuitively demonstrate the effectiveness of HFTrack in long-term tracking, we visual-
ize the tracking results of HFTrack alongside other three trackers [4, 10, 29] in both outdoor
and indoor scenarios. As shown in Figure 6, HFTrack focuses on the target robustly while
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Trackers Params(M)(↓) MACs(G)(↓) Speed(FPS)(↑)
SeqTrack [4] 89.3 66.2 40.0

SDSTrack [10] 102.2 108.4 20.9
HFTrack (Ours) 96.3 42.3 58.8

Table 2: Comparison of model parameters, MACs, and inference speed.

(a) (b)

# 43 # 779# 96 # 1083# 717 # 1449

Ground TruthGround Truth Our HFTrackOur HFTrack ODTrack SeqTrackSDSTrackSDSTrack

Figure 6: Visualized comparison results in long-term tracking. (a) and (b) correspond to out-
door and indoor scenarios. Event images listed in the second row are used for visualization.

Method VisEvent [21] COESOT [18]

FFE SID SR(%) PR(%) NPR(%) SR(%) PR(%) NPR(%)
59.4 76.0 72.6 66.3 79.6 79.3
61.9 77.6 74.3 67.2 80.2 79.7
60.8 76.4 72.9 66.7 79.9 79.5
62.3 78.5 75.0 67.7 80.7 80.1

Table 3: Ablation study for modules on VisEvent [21] & COESOT [18].

other trackers are misled by similar objects in the background. HFTrack also predicts the tar-
get’s location precisely in case of occlusion. These results confirm that HFTrack can better
understand and predict target’s motion state based on the SID module. It is also worth noting
that, as an RGB-E tracker, SDSTrack [10] fails to locate the object even when the target is
highlighted in events, indicating that it does not fully utilize the event signal in the spatial
domain. More visualization results can be found in the supplementary material.

4.3 Ablation Study

We conduct the ablation study on VisEvent [21] and COESOT [18] to validate the effec-
tiveness of our proposed FFE and SID modules. As shown in Table 3, the baseline model,
which excludes the FFE and SID, performs the poorest. Introducing either FFE for more
appearance details or SID for more temporal motion cues can improve the performance of
the baseline. Only when both FFE and SID modules are incorporated can our tracker achieve
the best performance. This result indicates that both FFE and SID modules are essential for
improving our HFTrack’s tracking ability.

Furthermore, we visualize the attention maps of our model before and after applying the
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RGBRGB Before FFE After FFEEventEvent
# 997 # 1063# 1063# 600# 600

# 95# 95

Ground Truth Applying SID Without SID

# 114 # 155

(a) (b)

Figure 7: (a) The attention maps before and after applying the FFE module. (b) The tracking
results of HFTrack with and without the SID module.

FFE module. As shown in Figure 7 (a), the FFE module significantly enhances the tracker’s
ability to capture the target’s appearance details under degraded conditions, emphasizing
features such as edges and textures which are highlighted in the event modality. Besides,
we compare the tracker’s tracking results with and without the SID module. As shown in
Figure 7 (b), excluding the SID module which provides motion cues for tracking guidance,
the tracker fails to understand the target’s motion state and tends to be misled by similar
objects in the background, confirming the necessity of the SID module.

5 Conclusion

In this paper, we propose HFTrack to leverage spatio-temporal high-frequency information
from events for better tracking performance. We first propose an FFE module to capture
appearance details from events for enhancing RGB features in frequency space. We also
introduce an SID module based on an auto-regressive temporal query, which integrates the
enhanced spatial features and high-temporal-resolution motion cues from events for robust
tracking. Extensive experiments demonstrate the effectiveness of our HFTrack.
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