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Abstract

Tracking targets with high-speed and nonlinear motion
under occlusion remains challenging due to spatial appear-
ance deprivation and temporal trajectory fragmentation
caused by missing visual cues. Existing methods typically
either dynamically update templates to maintain appear-
ance similarity or employ autoregressive models to predict
targets from historical trajectories. However, these methods
are ineffective under severe occlusion owing to template
contamination and limited frame rates for complex motion.
In this work, we observe that occlusion inherently degrades
the spatial matching mechanism, highlighting the impor-
tance of temporal cues. Meanwhile, event cameras with
microsecond-level temporal resolution provide transient
dynamic cues that facilitate modeling nonlinear motion. In
light of this, we propose EvoTrack, an occlusion-robust
tracking framework via event-derived transient evolution,
which comprises event-based motion autoregression and
target-aware appearance matching. Specifically, for motion
autoregression, the fine-grained timestamps of events nat-
urally encode the target’s direction and speed, motivating
a bidirectional motion consistency that constrains inter-
frame displacement prediction under nonlinear motion. For
appearance matching, we adopt a Gaussian masking strat-
egy to simulate occlusion degradation, guiding the model
to focus on target regions and learn invariant representa-
tions. Furthermore, we build a pixel-aligned Frame-Event
tracking dataset with higher spatial resolution and explicit
occlusion labels. Extensive experiments demonstrate the
effectiveness of EvoTrack in challenging occlusion scenes.

1. Introduction

Visual object tracking (VOT) seeks to localize arbitrary
targets across video frames given their initial state. Despite
the impressive advances of modern approaches [2, 7, 12,
13, 18, 27, 54], achieving reliable tracking under occlusion
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Figure 1. Illustration of three tracking paradigms. (a) Occlusion
causes spatial appearance deprivation and temporal trajectory
fragmentation. (b) Appearance-based matching fails under severe
occlusions as similarity collapses. (c) Trajectory-based autore-
gression drifts under nonlinear motion during occlusion, hindering
rectification afterward. (d) We explore event-based motion autore-
gression, which leverages inter-frame motion to achieve precise
prediction during occlusion and effective rectification afterward.

remains a long-standing challenge, particularly for targets
exhibiting nonlinear motion. For example, agile drones
momentarily hidden by obstacles or fast-moving vehicles
temporarily occluded in traffic often cause catastrophic
tracking failures. The fundamental difficulty arises from
two coupled issues: (1) spatial appearance degradation
that destroys template–search similarity, and (2) temporal
trajectory interruption that complicates motion dynamics,
as shown in Fig. 1(a). Tracking nonlinearly moving targets
in occluded scenes remains a highly challenging problem.

An intuitive solution is to dynamically update the tem-
plate [31] or construct template libraries [24] to preserve
appearance similarity between the template and the search
region. However, such methods are prone to background



or occluder interference, leading to template contamination.
More recently, several studies [50, 60] have explored learn-
ing occlusion-robust invariant representations through ran-
dom masking strategies. Although these methods improve
robustness, they remain constrained by the appearance-
matching paradigm, which inherently fails under severe
occlusions where target appearance is destroyed, especially
during short-term full occlusion, as illustrated in Fig. 1(b).

Beyond spatial appearance modeling, recent works [1,
8, 29] have leveraged temporal cues to enhance tracking
robustness. For instance, SeqTrack [9] and ARTrack [48]
formulate tracking as a sequential autoregression problem,
predicting the current target position from historical trajec-
tories. While these approaches improve robustness against
occlusion, they are sensitive to motion patterns and struggle
with nonlinear motion of targets. This problem worsens
under occlusion: the limited frame rate of conventional
cameras fails to capture inter-frame dynamics, causing drift
in autoregressive prediction. On the other hand, occlusion
further fragments the sparse trajectories and amplifies pre-
diction errors. Such errors may even push the target out of
the search region, hindering recovery afterward, as shown
in Fig. 1(c). The nonlinear motion of occluded targets
poses a tricky challenge for autoregression-based trackers:
How can we achieve robust tracking of targets with severe
appearance degradation and drastic trajectory variations?

Fortunately, event cameras [30], with microsecond-level
temporal resolution, provide a promising solution by cap-
turing transient motion details lost by conventional cameras.
Although existing event-based trackers [39, 42, 46, 59]
perform well in high-speed and high dynamic scenes, they
largely overlook the challenge of occlusion. To address this,
our key insight is to leverage temporal motion prediction
to alleviate appearance degradation under occlusion, while
exploiting event streams to capture inter-frame dynamics
for modeling nonlinear motion, as illustrated in Fig. 1(d).

Based on this idea, we propose EvoTrack, an occlusion-
robust tracking framework that consists of Event-based Mo-
tion Autoregression (EMA) and Target-aware Appearance
Matching (TAM). For motion autoregression, we observe
that the fine-grained timestamps of events encode rich infor-
mation about the target’s direction and speed, benefiting the
modeling of nonlinear motion. This inspires us to design
a bidirectional motion consistency supervision to predict
inter-frame displacements, enforcing physical constraints
for motion prediction. For appearance matching, we further
adopt a Gaussian-distributed masking strategy to partic-
ularly focus on the target region, thereby learning more
invariant representations by simulating occlusion effects.

Specifically, in the EMA module, we first project inter-
frame events to construct a time-surface representation that
captures the transient dynamics of the target’s motion.
Target coordinates from previous frames are then trans-

formed into the global coordinate system to form trajectory
tokens. We combine these trajectory tokens with local TS
cues to predict inter-frame displacements, supervised by
bidirectional motion consistency. In the TAM module, a
Gaussian mask is generated from the template state, and
Transformer layers are employed to reconstruct template
features, enhancing invariant target representation learning.
Finally, an adaptive gating unit dynamically fuses motion
and appearance features to handle varying occlusions.

In addition, we construct a coaxial imaging system to
collect a real-world object tracking dataset (FEOT) with
high spatial resolution and challenging occlusions, serving
as an evaluation benchmark. Compared to existing datasets
VisEvent [44], FE108 [55], COESOT [43], FELT [45],
and CRSOT [63], FEOT contains occlusion sequences with
varying durations and ratios, along with occlusion-level
annotations. Our contributions are summarized as follows:
• We propose a novel occlusion-robust visual object track-

ing framework based on event cameras, named EvoTrack.
This approach leverages temporal motion prediction to
alleviate spatial appearance degradation, enabling stable
tracking under challenging occlusion scenarios.

• We introduce an event-based motion autoregression that
captures nonlinear motion dynamics from transient inter-
frame events. Bidirectional motion consistency super-
vision imposes physical constraints, ensuring precise
prediction during occlusion and rapid recovery afterward.

• We present a high spatial resolution Frame-Event tracking
dataset with pixel-level alignment and occlusion-level
annotations, serving as a reliable benchmark for evalu-
ating occlusion-robust trackers. Extensive experiments
demonstrate the superiority of the proposed method.

2. Related Work
Frame-based Visual Object Tracking. Frame-based VOT
methods can be broadly categorized into two main ap-
proaches: appearance-based matching and trajectory-based
autoregression. Appearance-based matching methods [3,
10, 19, 22, 49, 53, 54, 61] treat tracking as a similarity
matching problem between the template and search region,
locating the target via similarity computation. However,
these methods heavily rely on appearance cues, making
them unreliable under severe deformation or occlusion.
Trajectory-based autoregression methods [1, 8, 9, 29, 48]
model tracking as a sequential autoregressive problem, in-
ferring the current target position from historical trajectories
while incorporating appearance cues from the template and
search image for enhanced robustness. Nevertheless, with-
out explicit motion modeling, they tend to drift under non-
linear motion when appearance cues are unavailable (e.g.,
occlusion scenario). In this work, we aim to strengthen
autoregressive modeling for nonlinear motion and improve
tracking robustness under appearance degradation scenes.
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Figure 2. The overall architecture of EvoTrack includes the Event-based Motion Autoregression (EMA) module and the Target-aware
Appearance Matching (TAM) module. The EMA module predicts target positions during occlusions by leveraging both local transient
motion from events and the global historical trajectory from frames. The TAM module extracts occlusion-robust, invariant features using
a Gaussian-based masking strategy. Finally, a gated adaptive fusion mechanism is employed to integrate motion and appearance features.

Event-based Visual Object Tracking. Event cameras [15,
16], with their superior properties such as high temporal
resolution and high dynamic range, have greatly advanced
the development of event-based VOT methods. Existing
event-based works can be divided into event-only and
frame–event fusion methods. Event-only methods [4, 6,
14, 46, 56, 64] mainly focus on designing effective event
representations tailored for tracking. For instance, spiking
or graph neural networks [56, 64] are adopted to process
asynchronous event streams. However, constrained by the
sparsity of events, such methods often achieve limited track-
ing accuracy. In contrast, frame–event fusion methods [21,
23, 39, 51, 55, 57, 58, 62, 65] have been more extensively
explored, primarily due to the complementary advantages
of images and events in terms of appearance texture and
dynamic range. Although existing event-based methods
have achieved landmark progress in challenging high-speed
and high dynamic scenarios, they largely overlook the long-
standing challenge of occlusion. In this work, we leverage
events to capture inter-frame transient motion, mitigating
spatial appearance degradation caused by occlusion.

Occlusion Scene Object Tracking. Occlusion remains a
major challenge in computer vision [17, 33, 41, 47], as
it suppresses the discriminative appearance of targets and
leads to significant performance degradation. Early tradi-
tional trackers attempted to address this issue by dynami-
cally updating templates [31, 32] or constructing occlusion-
aware templates using spatial masks [35]. With the rise
of deep learning-based approaches, several methods [5, 28,
37, 40, 50] have explored temporal modeling to mitigate
occlusion degradation. LTOP [5] leverages recurrent neural
networks to propagate target appearance features over time,

modeling the occlusion process in a data-driven manner.
DOCPF [28] and MTOA [40] maintain a template library
to adaptively select reliable representations under different
occlusion conditions. More recently, ORTrack [50] intro-
duces random masking operations [36, 60] to enhance target
representations under frequent occlusions. Nevertheless,
most approaches still rely on spatial appearance cues, which
are impaired under severe or complete occlusions, making
tracking difficult. Building on autoregressive tracking, we
move beyond appearance modeling toward temporal motion
prediction, leveraging transient motion cues from event
streams to enhance robustness against occlusion.

3. Unified Motion-Appearance Network

3.1. Overall Architecture

Visual object tracking under severe occlusion suffers from
significant spatial appearance deprivation and temporal
trajectory fragmentation. To address this, we leverage
temporal motion cues to compensate for damaged spatial
information, which requires precise modeling of complex
nonlinear motion. We introduce event cameras to recover
transient inter-frame dynamics missed by conventional
cameras and propose an occlusion-robust autoregressive
tracking framework in Fig. 2, including event-based mo-
tion autoregression and target-aware appearance matching.
The motion autoregression module constructs time-surface
representations from events and trajectory tokens from
historical coordinates to locate the target under occlusion. A
bidirectional time-surface motion consistency supervision
enforces physical constraints for accurate motion learning.
The appearance matching module builds a Gaussian-based
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Figure 3. Illustration of motion cues contained in TS representation. (a) The FTS encodes temporal information, revealing the target’s
motion direction, with its gradient highlighting the front region. (b) The FTS/BTS reflects the target’s motion speed through tailing,
motivating the design of a bidirectional time-surface motion consistency supervision to improve the modeling of nonlinear target motion.

spatial distribution to generate a target mask, simulating oc-
clusion and enabling robust feature reconstruction. Finally,
an adaptive gating unit fuses motion and appearance cues.
This design ensures accurate target prediction and rapid
recovery under severe occlusion, while maintaining high
tracking accuracy in non- or mildly occluded scenarios.

3.2. Event-based Motion Autoregression

Time-surface Construction. The time-surface (TS) offers
a compact representation of event streams, assigning each
pixel with the maximum timestamp of recent events to
maintain temporal information. This representation, cou-
pled with the high temporal resolution of events, effectively
captures transient inter-frame motion cues: temporal in-
crements indicate motion direction, while event trails
imply motion speed. However, existing TS formulations
based on the exponential decay kernel [26, 52] fail to
exhibit clear motion boundaries, hindering the indication
of motion speed from event trails (details are provided in
the supplementary material). To address this issue, we
propose a novel forward time-surface (FTS) formulation
that strengthens the correlation between temporal evolution
and target motion. Specifically, FTS is constructed from
an event set ξ = {e= (pk, tk, xk, yk)}Nk=1 recorded within
[st, et], where (xk, yk), pk, and tk represent the pixel
coordinates, polarity, and timestamp, respectively, and N
is the total event count. All timestamps are first normalized
to [0, 255], yielding the normalized event set ξ∗. From this
set, we then construct a time image If :

If (i, j) = max{te | e ∈ ξ∗, xe = i, ye = j}, (1)

where If (i, j) denotes the latest event timestamp at pixel
(i, j), and pixels without events are assigned a value of
zero. Next, we introduce a histogram equalization trans-
formation [38] to ensure the FTS accurately reflects target

motion, alleviating the uneven distribution of triggered
events: FTS(i, j) = H(If (i, j)). The transformation
H(∗) is explained in the supplementary material for brevity.

The linear forward time-surface encodes the temporal
information of events into a 2D spatial distribution, directly
recording transient motion dynamics. To accentuate motion
fronts, we compute its gradient map. The FTS and its gra-
dient are then stacked channel-wise to form a consolidated
motion map for feature learning, as shown in Fig. 3(a).

Motion Autoregression Paradigm. Trajectory-based au-
toregressive tracking paradigm [48] can be formulated as:

P (Y t|Y t−1−N :t−1, (C,Z,Xt)), (2)

where Z and Xt denote the template and search image,
respectively, C represents the command token, and Y t is
the target position at t. This paradigm models tracking as
a sequential autoregressive process [25], where the current
position Y t is inferred from the latest N positions by lever-
aging temporal trajectory dependencies, thereby enhancing
robustness in long-term tracking. However, under severe
occlusion, the appearance cues in Xt become unreliable
and the similarity between Z and Xt degrades significantly,
causing drift accumulation, especially in complex nonlinear
motion, after which re-localization becomes highly chal-
lenging. To mitigate this issue, we extend the trajectory-
autoregression into a motion-autoregressive formulation.
An event camera is introduced to capture fine-grained
transient inter-frame motion, enabling accurate position
regression even when appearance cue is severely degraded.
The motion-autoregressive process can be expressed as:

P (Y t|(Y t−1−N :t−1,M t−1:t, C), (Z,Xt)), (3)

where M t denotes the motion map obtained by projecting
inter-frame events, providing localized transient cues for
position prediction. Meanwhile, appearance matching be-
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tween Z and Xt is preserved to ensure higher tracking accu-
racy under normal (non-occluded) conditions. Concretely,
we first project target boxes from previous frames into a
global coordinate system to construct a unified trajectory
representation. These unified boxes are then transformed
into trajectory tokens together with command tokens. The
event-based motion map is partitioned into patches and
concatenated with the trajectory tokens to form the token
embeddings. Finally, a Mamba module [20] is employed to
extract motion features for target regression.
Bidirectional motion consistency. During construction of
the forward time-surface, each pixel is continuously up-
dated by subsequent events, producing a temporal evolution
from old to new. This naturally leads to the question: Can
we construct a complementary “new-to-old” view? To this
end, we build a backward time image Ib based on Eq. (1):

Ib(i, j) = min{te | e ∈ ξ∗, xe = i, ye = j}, (4)
where at each pixel the earliest available event is selected.
Pixels containing no events are assigned a value of 255.
Histogram equalization is then applied to obtain the final
backward time-surface (BTS) representation as follows:

BTS(i, j) = H(255− Ib(i, j)). (5)

FTS and BTS provide two opposite temporal views of
events occurring within the same interval: forward (old-
to-new) and backward (new-to-old). This dual perspective
enables modeling the same physical motion both as forward
and time-reversed motion. The two processes have identical
speeds but opposite directions, offering an intrinsic motion
consistency signal, as illustrated in Fig. 3(b). Specifically,
motion maps from FTS and BTS are concatenated with
trajectory tokens and fed into the Mamba module to extract
motion features. A shared-weight MLP then predicts the
inter-frame displacements δforward and δbackward from the
respective features. By leveraging this dual relationship, we
impose a bidirectional motion consistency supervision that
serves as an explicit physical constraint during training.

3.3. Target-aware Appearance Matching
Although we leverage temporal motion prediction to han-
dle occlusion, this does not imply completely discard-
ing appearance cues, which remain essential for accurate
tracking under non-occluded or mildly occluded conditions.
Existing works [50, 60] often adopt random masking to
reconstruct the template, enhancing the model’s ability
to extract invariant appearance features. However, these
methods apply random masks over the entire template,
which typically includes both target and background re-
gions. Such indiscriminate masking can cause the model to
learn background interference, particularly under occlusion,
leading to erroneous matching responses. To address this
limitation, we propose a target-aware Gaussian masking
strategy. Using prior knowledge of the target box in the
template, we construct a Gaussian distribution centered on
the target, guiding the mask to focus primarily on the target
region. The probability density function fg is defined as:

fg(x, y) =
1

2πσxσy
exp(−[

(x− cx)
2

σ2
x

+
(y − cy)

2

σ2
y

]), (6)

where (cx, cy) denote the center of the target box in the
template, and the standard deviations [σx, σy] are set to one-
fourth of the target box width and height, respectively.

This target-centered Gaussian mask effectively simulates
occlusion on the target, encouraging the model to attend to
discriminative parts during training and enhancing feature
invariance. Meanwhile, reducing the masking probability
in background regions significantly alleviates interference.
Specifically, we first extract appearance features from the
template and search region via cross-attention, generate a
Gaussian-guided mask over the target, and reconstruct the
template features through a shared self-attention module.

3.4. Gated Adaptive Fusion and Loss Function
Occlusion severity in real-world tracking varies: appear-
ance features are reliable under mild occlusion, while mo-



Table 1. Comparison with SOTA trackers on the FE108, VisEvent, COESOT, and FEOT datasets. Best results are bolded.

Method Type FE108 VisEvent COESOT FEOT
PR(%) SR(%) PR(%) SR(%) PR(%) SR(%) PR(%) SR(%)

MixFormer [11] Frame 75.7 51.6 69.9 53.3 75.3 65.1 35.8 28.3
ORTrack [50] Frame 59.4 38.8 55.1 40.8 59.2 46.8 21.4 19.0
SeqTrack [9] Frame 80.5 55.4 76.9 60.7 82.2 71.8 50.1 38.2
ARTrack [48] Frame 74.1 49.9 70.0 54.3 75.1 64.6 39.1 30.6
STNet [56] Event 89.6 58.5 49.2 35.5 62.3 50.6 47.6 34.5
HDETrack [46] Event 92.2 59.8 54.6 37.3 64.1 53.1 53.1 40.1
AFNet [57] Frame+Event 87.0 58.4 59.3 44.5 67.8 59.2 49.5 36.8
CEUTrack [43] Frame+Event 84.5 55.6 69.1 53.1 76.0 62.7 50.8 39.3
ViPT [62] Frame+Event 93.8 65.8 75.8 59.2 84.9 75.4 55.4 43.4
SDSTrack [23] Frame+Event 92.0 64.6 76.7 59.7 84.5 74.9 58.0 45.1
SeqTrack v2 [8] Frame+Event 92.8 65.5 79.4 63.0 85.0 75.9 56.1 43.1
EvoTrack Frame+Event 94.6 68.4 80.1 62.1 85.4 76.2 62.7 45.2

tion features dominate under severe occlusion. Therefore,
we introduce a Gated Adaptive Fusion (GAF) module that
dynamically combines these cues. The model is trained
with a cross-entropy loss for classification, a combined
GIoU and L1 loss for bounding box regression, and MSE
losses for both appearance reconstruction and inter-frame
displacement prediction. The overall loss is as follows:
L = λ1Lce+λ2Lgiou+λ3Ll1+λ4Lapp.+λ5Lmot., (7)

where λi is a balancing weight. Lapp. and Lmot. denote the
reconstruction and prediction losses, respectively.

4. Frame-Event Occlusion Dataset

Data Collection and Annotation. Existing frame–event
datasets are mostly captured with the DAVIS346 event cam-
era, whose limited 346×260 resolution constrains model
evaluation. Moreover, they rarely include occlusion-level
annotations. To address these limitations, we propose a
novel coaxial data collection system (Fig. 4(a)) combining a
frame and an event camera. After alignment and cropping,
the paired data achieve a spatial resolution of 1070×610.
Based on this setup, we construct the Frame–Event-based
Occluded Tracking dataset (FEOT Link), tailored for occlu-
sion scenes. Compared with existing datasets [43–45, 55],
FEOT provides higher resolution and fine-grained occlusion
annotations covering dynamic (e.g., moving vehicles) and
static (e.g., buildings) as well as hard (e.g., trees) and soft
(e.g., smoke) occlusion types. It contains 354 videos with
73K frames and synchronized event streams. All bounding
boxes are annotated by a professional data-labeling orga-
nization and verified through multiple quality checks. In
addition, FEOT defines 11 occlusion levels, establishing a
new benchmark for visual object tracking under occlusion.
Data Analysis. We conduct a comprehensive statistical
analysis of the FEOT dataset, as shown in Fig. 4(b). FEOT
contains ten object categories, covering six common types
such as persons, cars, drones, bicycles, and others. Ten
challenging tracking attributes are defined, among which

occlusion is the most representative. Detailed explanations
of all attributes are provided in the supplementary material.
As FEOT mainly focuses on occlusion scenarios, we further
analyze the distributions of occlusion ratio and duration.
The occlusion ratio of each sequence is calculated as the
average ratio of all occluded frames and divided into 11
levels ranging from no occlusion to complete occlusion,
with most sequences falling between 20% and 70%. For
occlusion duration, we count the number of occluded
frames per sequence, showing that most occlusions last for
1–50 frames, while a few persist for 50–1000 frames.

5. Experiments
5.1. Experiments Setup
Implementation Details. We implement EvoTrack in
PyTorch and train it on 8 NVIDIA RTX 3090 GPUs with
a batch size of 8. The AdamW optimizer is used with a
weight decay of 5 × 10−4 and a learning rate of 8 × 10−5.
The motion branch employs the pre-trained Mamba [20]
module, and the appearance branch uses ViT-B with pre-
trained DINOv2 [34] weights. The search region and
template sizes are 224 × 224 and 112 × 112, respectively.
EvoTrack is fine-tuned for 200 epochs on the training set.
Datasets and Compared Methods. To demonstrate the
effectiveness of our approach, we compare our tracker
with representative state-of-the-art methods on widely
used benchmarks: VisEvent [44], FE108 [55], and CO-
ESOT [43]. The proposed FEOT dataset is used exclusively
for evaluating the robustness of trackers under occlusions
and is not intended for training. For evaluation, we adopt
the widely used Precision Rate (PR) and Success Rate
(SR) metrics to quantitatively assess tracking performance.
Representative methods from frame-based, event-based,
and frame-event approaches are selected for comparison.

5.2. Comparison with State-of-the-art
We compare our method with recent SOTA trackers on
four datasets, including three public benchmarks and our

https://feot-dataset.github.io/


Table 2. Ablation study on key components of EvoTrack.

TAM EMAbase EMAbmc PR(%) SR(%)
✓ 91.4 62.8

✓ 84.1 50.2
✓ 87.3 56.4

✓ ✓ 92.1 66.9
✓ ✓ 94.6 68.4

Table 3. Ablation study on different masking strategies.

Strategy w/o Masking w/ Random w/ Gaussian
PR / SR (%) PR / SR (%) PR / SR (%)

Metric 75.7 / 59.6 79.7 / 60.2 80.1 / 62.1

(a) SR under varying occlusion ratios (b) SR under varying occlusion durations

Figure 5. Analysis of occlusions on tracking performance.

constructed FEOT dataset. As shown in Tab. 1, our method
achieves the best overall performance across all datasets,
demonstrating generalization to diverse tracking scenarios.
FE108 is an indoor dataset that emphasizes fast and nonlin-
ear motion scenarios. Our EvoTrack achieves state-of-the-
art performance with 68.4% SR and 94.6% PR, demonstrat-
ing its competitiveness in complex motion challenges.
VisEvent is a large-scale frame-event dataset and the most
widely used bimodal benchmark. Our method outperforms
the previous best tracker by 0.7% PR, while achieving the
suboptimal SR. We attribute this to the lack of raw event
files in some videos, which hindered the training process.
COESOT is a general-purpose dataset covering 90 object
categories and 17 attributes. Our method obtains superior
performance with 76.2% SR and 85.4% PR, highlighting
the capability of EvoTrack in general object tracking scenes.
FEOT is a high-resolution tracking dataset collected for
occlusion scenarios. It includes 11 levels of occlusion labels
and covers diverse occlusions. Our EvoTrack surpasses
other top-performing trackers by a clear margin, verifying
the effectiveness of motion cues under appearance degrada-
tion. Additionally, we further evaluate tracker performance
across different challenging attributes in Fig. 6. Our method
consistently outperforms previous trackers, underscoring
the adaptability and robustness of the proposed approach.

5.3. Ablation Study and Discussion
What role does each component of EvoTrack play?
Tab. 2 demonstrates the roles of the two core components
in EvoTrack: motion autoregression (EMA) and appear-
ance matching (TAM). EMAbase employs only the forward
time-surface for motion autoregression, while EMAbmc

Table 4. Ablation study on different fusion strategies.

Strategy Add Concatenate Gated adaptive
PR / SR (%) PR / SR (%) PR / SR (%)

Metric 77.5 / 61.8 78.9 / 62.0 80.1 / 62.1

Figure 6. Comparison of SR across different attributes on FEOT.

leverages both forward and backward time-surfaces with
motion-consistency supervision. Removing the EMA mod-
ule degrades performance, mainly due to the appearance
discrepancy between the search region and the template.
Removing the TAM module forces the tracker to rely
solely on the motion branch, leading to degraded accuracy
due to the lack of appearance guidance. By integrating
appearance and motion information, EvoTrack achieves a
notable performance gain, as the two modalities are strongly
complementary: motion information provides short-term
positional compensation when appearance cues deteriorate,
whereas appearance cues correct localization errors when
motion prediction deviates. Furthermore, incorporating the
bidirectional time-surface brings improvements of 2.5% PR
and 1.5% SR, validating that motion-consistency supervi-
sion facilitates accurate modeling of the target’s motion.
Analysis of Occlusion Degradation. We analyze the effect
of occlusion ratio and duration on tracking performance in
Fig. 5. In each analysis, the occlusion duration and ratio are
set to 1–50 frames and 30–60%, respectively. As expected,
performance gradually drops with increasing occlusion
severity and duration. When the occlusion ratio exceeds
60%, the SR metric exhibits significant degradation. No-
tably, our tracker maintains higher SR across all conditions,
demonstrating strong robustness against occlusion.
Effectiveness of Gaussian-based Masking. We evaluate
the effect of different masking strategies on appearance
matching in Tab. 3. Applying random masking brings a
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Figure 8. Evolution of different branches over occlusion process.

clear performance gain, indicating that simulating occlusion
through masking encourages the model to learn more robust
appearance representations. Further introducing Gaussian
masking yields the best performance, demonstrating that
spatially target-aware masking better guides the model to
focus on target-related cues under visual degradation and
facilitates the extraction of invariant representations.
Effectiveness of Gated Adaptive Fusion. We investigate
different fusion strategies to validate the gated-adaptive
fusion design, as shown in Tab. 4. Concatenating motion
and appearance features moderately improves over direct
addition, indicating that richer joint representations enhance
the target discrimination. The gated adaptive fusion per-
forms best, showing that dynamically weighting motion
and appearance features improves robustness under varying
occlusions through complementary integration.
Discussion of Attention Evolution. We visualize the atten-
tion maps of the appearance, motion, and fusion branches
under occlusions in Fig. 7. As occlusion grows, appearance
responses degrade sharply, while motion activations remain
stable. Their fusion yields robust representations, showing
that motion cues effectively compensate for appearance
loss. To further quantify this, we analyze the full occlusion
progression in Fig. 8. Appearance responses decline with
occlusion, while motion remains stable, causing fusion to
favor motion. IoU curves follow the same trend: tracking
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Figure 9. Qualitative comparison of EvoTrack with other SOTA
trackers under various occlusions on the FEOT dataset. The upper
row shows frames, the bottom row shows forward time-surfaces.

accuracy drops as appearance deteriorates, whereas motion-
based predictions effectively mitigate occlusion failure.
Qualitative Results. We qualitatively compare EvoTrack
with SOTA methods under various occlusions in Fig. 9. Ex-
isting trackers can track targets under partial occlusion with
minor drift but fail under severe cases. In contrast, Evo-
Track achieves stable tracking of both linear and nonlinear
targets, even during short-term full occlusion, thanks to the
EMA with transient motion cues. These results demonstrate
our philosophy that temporal motion prediction effectively
mitigates appearance degradation under occlusion.

6. Conclusion
In this work, we propose an occlusion-robust visual tracking
framework that leverages temporal motion prediction to
alleviate spatial appearance degradation. We introduce
an event-based motion autoregression module that models
nonlinear target motion by jointly exploiting global trajecto-
ries from frames and local dynamics from events, enabling
accurate prediction during occlusion and rapid recovery
afterward. Additionally, we employ a Gaussian-distributed
masking strategy to extract occlusion-robust invariant rep-
resentations of targets. Moreover, we construct a high-
resolution frame-event tracking dataset with pixel-level
alignment and occlusion-level annotations, on which the
proposed framework demonstrates superior performance.
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