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Abstract

Object tracking in challenging conditions, such as high-speed motion and extreme lighting,
demands robust perception capabilities. Event cameras, with their high temporal resolu-
tion and dynamic range, complement conventional frame-based sensors. Leveraging both
frame and event modalities, we propose the Spatio-Temporal Collaboration Network (STC-
Net) to deeply integrate spatial and temporal information. Our approach introduces an
Adaptive Spiking Neuron (ASN) module to process raw event streams, preserving high
temporal resolution while filtering noise. A High-order Spatio-Temporal Fusion (HSTF)
module aligns and fuses RGB semantics with event dynamics. Experiments on the FE108
and VisEvent datasets demonstrate state-of-the-art performance, outperforming existing
RGB-Event trackers by 3.7% in RPR and 2.0% in RSR on the FE108 benchmark. Abla-
tion studies validate the effectiveness of each key component. Project will be available at
https://github.com/wangnan0623/STC-Net.

Keywords: Visual object tracking · Event cameras · Multimodal fusion · Spatio-temporal features
· Adaptive spiking neurons

1 Introduction

Object tracking is a fundamental task in the field of computer vision [1–4], which aims to estimate
the position and size of a given target in subsequent video frames based on its initial bounding box.
In recent years, the advancement of deep learning methods has greatly propelled the development
of visual tracking, revealing substantial potential and enabling a wide range of applications, such
as intelligent video surveillance, robotics, and autonomous driving. However, most existing deep
learning-based trackers [5–9] rely on conventional frame-based cameras as sensing devices and
often struggle in challenging scenarios, including low illumination, fast motion, and background
clutter.
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To address these limitations, some researchers resort to bio-inspired event cameras for more
accurate and robust object tracking. Different from conventional frame-based cameras which
capture the absolute light intensity in a synchronous manner, event cameras measure pixel-
level log-intensity light changes and output a stream of asynchronous events to represent visual
information. This unique mechanism allows event cameras to capture motion information with
microsecond-level latency, a high dynamic range (up to 140 dB), and low power consumption
[10, 11]. Moreover, since event cameras record changes in light intensity rather than absolute
intensity, they can work in extreme conditions such as low light and overexposure, where frame-
based cameras fail to capture complete information.

Despite benefits, event cameras struggle to capture slow-moving or static objects and often
lack fine-grained texture information, which is crucial for high-performance tracking. Therefore,
integrating frame (RGB) and event cameras has become a natural direction toward more reliable
object tracking. Early studies [12–14] validated the feasibility of improving tracking performance
through RGB-Event (RGB-E) fusion. Subsequent research has largely focused on designing mul-
timodal feature fusion modules to enhance interaction between the two modalities. For instance,
Zhang et al. [15] introduced a cross-domain feature integrator to effectively and adaptively fuse
visual cues from both the frame and event domains. Wang et al. [16] built a simple but effective
cross-modality transformer module, achieving more effective and robust tracking. Zhang et al. [17]
designed a event-guided alignment framework that performs cross-modality and cross-frame-rate
alignment simultaneously.

However, most of these methods overlook the temporal information in event data and fail to
leverage its high temporal resolution. Moreover, they typically establish only shallow feature-level
fusion, lacking deeper, high-level synergistic relationships between the two modalities.

In this work, we propose a Spatio-Temporal Collaboration Network (STC-Net) that fully
exploits both spatial and temporal cues from RGB-Event data for robust tracking in challenging
scenarios. Our main contributions are summarized as follows:

• We propose STC-Net, a tracking framework that deeply integrates spatial appearance from
RGB and high-temporal-resolution dynamics from events through a carefully designed two-
pronged approach.

• We propose an Adaptive Spiking Neuron (ASN) Module for event stream processing, which
dynamically adjusts firing thresholds and membrane time constants to filter noise and enhance
motion-related events, effectively preserving high-resolution temporal dynamics.

• We design a High-order Spatio-Temporal Feature Fusion (HSTF) Module that facilitates deep
cross-modal interaction in frequency, spatial, and channel dimensions, enabling complementary
fusion of rich appearance semantics from RGB and precise temporal dynamics from events.

• We conduct extensive experiments on two public RGB-Event tracking benchmarks, FE108
and VisEvent, demonstrating that our method outperforms state-of-the-art trackers. Ablation
studies further validate the effectiveness of each proposed component.

2 Related work

2.1 Visual Object Tracking

Most of the current trackers are developed based on RGB cameras and track the target object
frame by frame. These methods can be divided into two categories: correlation filter (CF)-based
trackers [18–20] and deep learning-based trackers [5–8, 21, 22]. CF-based approaches learn a dis-
criminative filter from the initial target appearance and apply it to subsequent frames through
correlation operations. In contrast, deep trackers typically employ Siamese or Transformer archi-
tectures to extract features from template and search regions, and estimate similarity maps via
cross-correlation or attention mechanisms [2, 23, 24].

Even though traditional CNN-based RGB trackers or novel Transformer-based trackers
have already achieved impressive accuracy in well-conditioned environments, their performance
degrades significantly under challenging conditions such as low illumination, high-speed motion,
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and complex background clutter. This performance degradation stems largely from the funda-
mental limitations of conventional frame-based sensing: limited dynamic range, susceptibility to
motion blur, and fixed, low temporal sampling rates.

To overcome these issues, researchers have begun to explore event-based tracking, leveraging
the unique characteristics of bio-inspired event cameras [10, 25, 26]. Unlike frame-based sensors,
event cameras capture brightness changes asynchronously at microsecond temporal resolution,
offering high dynamic range (140 dB) and immunity to motion blur. Early event-based trackers,
such as the mean-shift approach by Litzenberger et al. [27], applied clustering techniques directly
to the event stream for real-time vehicle and pedestrian tracking. Others have drawn inspiration
from spiking neural networks (SNNs) [4]. For example, Pikatkowska et al.[28] introduced Gaussian
mixture models into the clustering algorithm for multiple persons tracking in the occurrence of
high occlusions. Chen et al. [29] proposed a synchronous representation strategy to encode spatio-
temporal information of asynchronous events. Yao et al. [30] introduced a temporal attention
mechanism in SNN to weight event frames according to their importance, addressing the sparsity
and uneven distribution of event data.

Despite these advances, purely event-based methods often struggle when event data are too
sparse (e.g., slow-moving or static targets) or lack rich appearance semantics, leading to unreli-
able localization. This has motivated the growing interest in RGB-Event (RGB-E) multi-modal
tracking, which seeks to combine the complementary strengths of both sensing modalities. How-
ever, considering the vast distribution gap between RGB and Event data, designing an effective
cross-modal information fusion strategy remains a challenge for RGB-E tracking.

2.2 Spiking Neuron Model for Event Processing

Spiking Neural Networks (SNNs) have emerged as a powerful paradigm for processing asyn-
chronous event streams due to their biological plausibility and inherent temporal dynamics. Unlike
traditional Artificial Neural Networks (ANNs) that operate on static, frame-based representa-
tions, SNNs process information as a sequence of spikes over time, making them a natural fit for
event data processing.

SNNs are built upon spiking neuron models, with the Leaky Integrate-and-Fire (LIF) [31]
being one of the most widely adopted model due to its balance between biological plausibility
and computational efficiency. A key property of LIF neurons is their temporal memory: they
integrate incoming spikes into a membrane potential that decays over time, and only emit an
output spike when the accumulated potential exceeds a threshold. This inherent property is
highly advantageous for processing event streams. Events originating from a moving target tend
to form dense spatio-temporal clusters, leading to rapid potential accumulation in a LIF neuron
and subsequent firing. In contrast, sparse noise events or those from static backgrounds are less
likely to trigger a response. Consequently, a single layer of LIF neurons can act as an effective
filter, enhancing signal and suppressing noise based on temporal frequency.

However, standard LIF neurons employ fixed parameters—the firing threshold and membrane
time constant—which struggle to accommodate the widely varying event statistics (e.g., density,
motion speed) across different scenes. An improperly initialized threshold may miss true signals
or amplify noise, while a fixed time constant cannot optimally balance integration for both fast
and slow motion.

Recent works have explored adaptive mechanisms to enhance the flexibility of spiking neurons.
Wu et al. [32] proposed BD-LIF neurons, which are capable of emitting both +1 and -1 spikes
while dynamically adjusting the firing threshold based on membrane potential depolarization
rate, achieving competitive accuracy in object detection. Fang et al. [33] proposed the Parametric
LIF (PLIF) neuron, making τ learnable during training to reduce sensitivity to initial values.
Zhang et al. [34] introduced STNet, which dynamically adjusts the firing threshold based on
global spatial feature statistics. Nagaraj et al. [35] demonstrated that a lightweight single-layer
spiking architecture with fixed parameters can separate objects by motion speed without extensive
training. Most recently, Zhang et al. [36] proposed BA-LIF, which generates a spatial attention
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map from inputs to dynamically adjust τ—assigning small values (slow decay) to salient regions
to preserve information, and large values (fast decay) to background to accelerate noise leakage.

Despite these advances, existing adaptive mechanisms still exhibit certain limitations. PLIF
[33] introduces layer-wise learnable constants but lacks input-dependent adaptation, making it
unable to respond to per-frame variations. STNet [34] achieves dynamic threshold adjustment
but relies on global spatial statistics, potentially overlooking fine-grained local patterns criti-
cal for distinguishing target from background. BA-LIF [36] incorporates spatial attention for
adaptive decay, yet primarily focuses on spatial modulation without jointly considering tempo-
ral characteristics such as event density and motion variance. These observations motivate our
design of the ASN module, which comprehensively integrates both threshold adaptation based
on local event statistics and decay adaptation via channel attention, enabling more fine-grained
and context-aware filtering of event data.

2.3 Multi-modal Feature Fusion Strategies

Effective integration of RGB and Event data is crucial for achieving robust tracking in challeng-
ing conditions. While theoretical frameworks [37] explain the superiority of multi-modal sensing,
designing a practical fusion strategy remains non-trivial due to two core challenges: (1) the inher-
ent heterogeneity between dense RGB appearance semantics and sparse, high-temporal-resolution
event streams, and (2) the difficulty of modeling deep, synergistic relationships beyond simple
feature combination. Existing approaches can be categorized by the stage at which modalities
are integrated:

Early Fusion (Pixel-Level). This strategy concatenates raw or minimally processed inputs
(e.g., RGB frames with event accumulations) before feeding them into a single network [38–41].
While computationally efficient, it requires precise spatial alignment. More critically, it forces the
network to learn directly from the low-level disparity between intensity values and event counts,
potentially obscuring the distinct characteristics of each modality. Furthermore, by collapsing
asynchronous events into synchronous image channels, it discards the fine-grained temporal
structure that is a key advantage of event-based sensing.

Late Fusion (Decision-Level). In this paradigm, each modality is processed through inde-
pendent pipelines; their final outputs (e.g., confidence maps) are combined via weighted averaging
or learnable aggregation [42–44]. Although modular, this approach only interacts at the decision
level, failing to exploit the rich, complementary information available at intermediate feature
levels where RGB semantics and event-based motion cues could be most mutually reinforcing.

Middle Fusion (Feature-Level). As the dominant paradigm in recent works [15–17, 45–48],
middle fusion integrates intermediate features from separate or shared backbones. This balances
modality-specific processing with cross-modal interaction. The design of the fusion operation
is pivotal. Common choices include concatenation, summation, and attention mechanisms [49].
Systematic studies in related domains [50] and empirical evaluations in RGB-Event tracking [16]
suggest that feature-level fusion, particularly via concatenation, offers a good trade-off, as it
preserves complete modality-specific information.

However, prevalent middle-fusion implementations suffer from two significant limitations.
First, they predominantly rely on first-order or simplistic second-order interactions (e.g., con-
catenation, basic attention). These mechanisms treat the two feature sets as largely independent,
lacking the expressiveness to capture complex, high-order synergies across spatial, temporal,
and channel dimensions. Second, they almost universally rely on event data converted into syn-
chronous pseudo-frames for compatibility with standard backbones, thereby sacrificing the native
microsecond temporal resolution of the raw event stream.

Our work directly confronts these shortcomings. We introduce an adaptive spiking neu-
ron module to process event streams, preserving their high-temporal-resolution dynamics, and
propose a high-order spatio-temporal feature fusion module to enable deep, structured cross-
modal interaction. This two-pronged approach exploits the complementary strengths inherent in
RGB-Event data for visual tracking.
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3 Proposed method

3.1 Network Overview

Fig. 1: Overall architecture of the proposed Spatio-Temporal Collaboration Network (STC-Net).
The event stream is first processed by an adaptive spiking neuron module to suppress noise
and enhance motion-related event clusters. Both the RGB image and the enhanced event rep-
resentation are then fed into a shared ResNet-18 backbone for feature extraction. The resulting
dual-modal features are fused through the proposed High-order Spatio-Temporal Feature (HSTF)
module, enabling deep cross-modal interaction. The fused features are subsequently passed to a
classifier and a regressor to predict target confidence scores and bounding-box offsets, respec-
tively. The best-scored proposal is selected as the tracking output for the current frame, and the
process is repeated sequentially throughout the video.

As shown in Figure 1, the overall architecture of our proposed Spatio-Temporal Collaboration
Network (STC-Net) consists of three main components: the feature extractor (including back-
bone, adaptive spiking neuron, and HSTF module), the target classifier, and the bounding-box
regressor. Following the DiMP [51] framework, the template and search branches share the same
architecture and weights. Each branch takes an RGB image and its corresponding aggregated
events as input. The event input first passes through an adaptive spiking neuron module, which
suppresses noise in the event stream while enhancing event clusters triggered by moving objects.
Subsequently, both the RGB and processed event data are fed into a shared backbone (ResNet-18)
for feature extraction. The resulting dual-modal features are then passed to the HSTF module to
achieve deep cross-modal interaction and fusion. Both the target classifier and the bounding-box
regressor receive the fused features from the feature extractor. Given a template set of fused fea-
tures and their corresponding target boxes, the model predictor learns the weights of the target
classifier. These weights are then applied to the features extracted from the search branch to pre-
dict target confidence scores. Meanwhile, the bounding-box regressor estimates the IoU between
the ground-truth and predicted bounding boxes.

The adaptive spiking neuron (ASN) module and the high-order spatio-temporal feature fusion
(HSTF) module serve as the two core innovations of our approach, aiming to address the lim-
itations of temporal dynamics and shallow fusion. The ASN module processes event input and
leverages the memory mechanism of spiking neurons to adaptively retain dense event clusters
triggered by moving objects while filtering out irrelevant noise. The HSTF module collaboratively
utilizes high-order information across frequency, spatial, and channel dimensions, enabling deep
interaction and complementary fusion between RGB and event features.
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3.2 Events Representation

Different from visible sensors that capture the global information by synchronously recording the
absolute intensity of all pixels in a frame-wise manner, event cameras respond asynchronously
to per-pixel log-intensity changes. Each pixel independently emits a discrete event when the
logarithmic brightness (I) change exceeds a predefined threshold (C) [11]:

I(x, y, t) − I(x, y, t− ∆t) ≥ pC (1)

where p ∈ {+1,−1} denotes the polarity of the brightness change, and ∆t is the tiny time period
since the last event at location (x, y)T .

The output of an event camera can be formally described as a spatio-temporal stream of raw
events ε:

ε = {ei = (xi, yi, ti, pi)|i ∈ I} , I = [1, 2, ..., n] (2)

where (xi, yi) represent the spatial coordinate where the event emits, ti is the microsecond-
resolution timestamp, and pi indicates the polarity. Each event thus carries 2D spatial, 1D
temporal, and 1D polarity information (often summarized as 2S–1T–1P).

To interface with synchronous deep learning frameworks, raw events are commonly aggregated
over a fixed time window T into image-like representations. The resulting event frame, capturing
events within a window [t, t + T ), is defined as:

FT (t) = Q (ei | ti ∈ [t, t + T )) (3)

where Q(·) denotes an aggregation function—such as non-polarity accumulation, polarity-aware
summation, or logic-based merging—that maps the asynchronous event stream to a synchronous
2D grid.

In this work, to preserve the high temporal resolution of events while maintaining alignment
with RGB frames, we partition the exposure period of each RGB image into n sub-intervals.
Within each sub-interval, events are accumulated into an event frame, with polarity information
retained to encode the direction of brightness changes. This representation provides a balance
between temporal granularity and computational efficiency. Crucially, by preserving multiple
frames within an RGB exposure, it retains more temporal information than a single pseudo-frame,
providing richer sequential input for our subsequent Adaptive Spiking Neuron (ASN) module and
enabling more effective multi-modal fusion.

3.3 Adaptive Spiking Neuron Module

Directly utilizing raw asynchronous and sparse event streams for object tracking presents two
main difficulties. First, event cameras are susceptible to noise. The resulting noise events are
indistinguishable from true signal events by magnitude, making filtering difficult. Second, while
events inherently encode high-temporal-resolution motion information, effectively extracting and
utilizing these temporal cues—especially to separate moving objects from static background or
noise—remains challenging.

To address this, we propose an Adaptive Spiking Neuron (ASN) module that dynamically
adjusts both firing threshold and membrane decay based on input characteristics. Instead of
using a full SNN architecture, we only use a single layer of ASN to process raw event data. The
membrane dynamics of standard LIF model can be defined as [33]:



















Charge: V (t) =

(

1 −
1

τ

)

V (t− 1) +
1

τ
X(t)

Fire: S(t) = Θ(V (t) − Vth)

Reset: H(t) = (1 − S(t))V (t) + S(t)Vreset

(4)

where V (t) and V (t−1) represent the membrane potential of the neuron at time t and t−1, X(t)
represents the input to neuron at time t, H(t) represents the membrane potential after the trigger
of a spike, and Θ(·) denotes the Heaviside step function. The accumulated membrane potential
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decays over time and the decay rate is controlled by the decay factor τ . The integration progress
1
τ
X(t) makes the neuron able to remember current input information, while the leakage progress

(1 − 1
τ

)V (t − 1) can be seen as forgetting some information from the past. If the accumulated
membrane potential V (t) exceeds the threshold Vth at any point, the neuron emits an output spike
and resets its membrane potential (here we assume the reset membrane potential Vreset = 0).

Fig. 2: Membrane potential dynamics of a spiking neuron. The red dashed line indicates the
firing threshold of the neuron. As the input spike frequency increases over time steps (illustrated
by the denser spike train), the neuron’s membrane potential accumulates more rapidly. Under a
fixed threshold, a higher input frequency leads to a greater likelihood of reaching the threshold
and emitting an output spike, which aligns with our description of how spiking neurons can
effectively respond to motion-related event clusters.

As shown in Figure 2, the behavior of a spiking neuron is governed by its membrane dynamics:
when stimulated by a single input spike, its membrane potential rises sharply and then gradually
decays toward the resting state. However, when the neuron receives a stream of spikes in close
succession, the membrane potential accumulates continuously until reaching a firing threshold,
at which point an output spike is emitted. In other words, a neuron only generates an output
spike when the input event frequency exceeds a certain threshold. In raw event streams, events
caused by a moving target tend to cluster within a small spatial region and exhibit higher tem-
poral frequency, whereas events from static background variations (e.g., due to camera shake or
illumination changes) appear with lower frequency, and noise events are entirely irregular. By
exploiting this property of spiking neurons in conjunction with the frequency characteristics of
event data, our ASN module can effectively distinguish target-related events from background
and noise based on their temporal firing patterns, thereby obtaining a cleaner and more informa-
tive event representation. As shown in Figure 3, the adjust process of Vth and τ can be defined
as:

The adaptive firing threshold Vth at time step t is computed by combining three event
characteristics:

Vth = V base
th + σ (ωd · d + ωm · σ + ωc · ∆) (5)

where V base
th

is the base threshold, d is the event density, σ is the local motion pattern variance,
∆ is the temporal change between consecutive frames, and ωd, ωm, ωc are learnable weights. σ(·)
denotes the sigmoid activation function.

Instead of using a fixed τ , we compute an adaptive decay factor β for each channel. This
formulation arises from the relationship between the decay factor β and the membrane time con-
stant τ in the LIF model: β = 1− 1

τ
. Directly optimizing τ would pose numerical stability issues,

as τ appears in the denominator and small values could lead to gradient explosion. By optimiz-
ing β instead, we maintain stability while preserving the dynamic decay behavior. Specifically,
β ∈ (0, 1) corresponds to τ ∈ (1,∞), ensuring stable membrane potential updates. The adaptive
β is computed as:

β = σ (W2 · ReLU (W1 · [A(E(t)),M(E(t))])) (6)
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Fig. 3: Architecture of the proposed Adaptive Spiking Neuron (ASN) module. The input event
stream E(t) is first processed by a 3×3 spatial weighting kernel K (weights: center 0.2, periph-
ery 0.1) to aggregate local neighborhood information. The input E(t) feeds into two adaptive
branches: (1) the threshold adaptation branch computes a dynamic firing threshold Vth based
on event density d, motion variance σ, and temporal change ∆; (2) the decay adaptation branch
generates an adaptive decay factor β via a channel attention mechanism that processes concate-
nated average- and max-pooled features. The adaptive LIF neuron integrates these components
to generate a gating signal S(t), which is then element-wise multiplied with the spatially weighted
input Ẽ(t) to produce the final output E′(t) = Ẽ(t)⊙S(t). This operation retains motion-related
features while suppressing noise.

where σ(·) is the sigmoid function, W1 and W2 are learnable linear transformations, A and
M denote the average pooling and max pooling, and [·, ·] denotes concatenation. The adaptive
membrane dynamics then become:

V (t) = β(t) · V (t−1) + (1 − β(t)) · Ẽ(t) (7)

where Ẽ(t) = K ∗ E(t) is the input after 3×3 spatial neighborhood weighting with kernel K
initialized to emphasize central events. Specifically, we employ a 3×3 convolutional kernel with
central weight 0.2 and peripheral weights 0.1 for each of the eight neighboring pixels. This design
is motivated by the observation that moving objects trigger events not at a single fixed pixel,
but across a small spatial region over consecutive time steps. By aggregating inputs from the
local neighborhood, our architecture effectively captures temporal correlations between adjacent
events, enabling robust detection of motion patterns that would otherwise be missed by per-
pixel processing. This approach enhances the network’s ability to isolate events belonging to
fast-moving objects while maintaining spatial specificity.

Our ASN module employs only a single layer of spiking neurons to capture the temporal
information present in event data. This mitigates the energy and latency overhead of the neu-
ral architecture while maintaining the ability to filter noise and enhance motion-related events
through adaptive threshold and membrane dynamics.

3.4 High-order Spatio-Temporal Fusion Module

Traditional fusion methods often employ simple operations such as concatenation, addition,
or second-order attention mechanisms, which fail to fully exploit the synergistic relationships
between RGB and event modalities. To overcome this limitation, we propose a High-order
Spatio-Temporal Feature (HSTF) fusion module that systematically explores high-order interac-
tions across both spatial and channel dimensions, enabling deep complementary integration of
appearance semantics from RGB and temporal dynamics from events.

The ASN module processes event streams in their native temporal format and outputs 5D
features of shape [T,B,C,H,W ]. However, directly propagating this temporal dimension through
the entire network would incur significant computational cost with limited performance gains.
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Fig. 4: Detailed architecture of our proposed High-order Spatio-Temporal Feature Fusion (HSTF)
Module. RGB and event features are first processed by frequency-domain interaction via FFT to
capture global correlations. The frequency-enhanced features then pass through a Multi-Context
Modulation (MCM) block with multi-scale kernels for spatial interaction, followed by a High-
order Channel Interaction (HCI) block with recursive squeeze-and-excitation to model channel
dependencies. Finally, an Adaptive Weight (AW) block learns channel-wise fusion weights before
concatenation.

To enable efficient yet effective fusion with RGB features, we collapse the temporal dimension
via averaging before feeding event features into the HSTF module, yielding a 4D tensor of shape
[B,C,H,W ]. This design choice preserves the motion-enhanced representations learned by ASN
while ensuring compatibility with the subsequent fusion operations.

As illustrated in Figure 4, the HSTF module operates on multi-scale features extracted from
the backbone network. For each scale level (the output of Layer2 and Layer3 of the ResNet-18), the
module processes RGB features FRGB ∈ R

B×C×H×W and event features Fevent ∈ R
B×C×H×W

through a two-stage pipeline:

1. First-order Frequency-domain Interaction: Establishing initial cross-modal correlations
through frequency-domain multiplication.

2. High-order Spatial-Channel domain Interaction: Enhancing spatial synergistic rela-
tionships via multi-scale contextual modulation and modeling inter-dependencies across
channels.

Frequency-domain Interaction: Several works have explored the frequency domain in
computer vision [3, 47, 52]. Inspired by the frequency-domain equivalence of spatial correlations,
we transform RGB and event features into the frequency domain using 2D Fast Fourier Transform
(FFT) to establish efficient first-order interactions. Given RGB features FRGB and event features
Fevent, their frequency representations are obtained as:

FRGB = FFT(FRGB), Fevent = FFT(Fevent) (8)
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The cross-modal correlation in frequency domain is computed through element-wise multipli-
cation:

Fatt = FRGB ⊙Fevent (9)

where ⊙ denotes Hadamard product.
The resulting attention map is transformed back to spatial domain via inverse FFT (IFFT)

and normalized. The frequency-enhanced features are then obtained by element-wise multiplying
the original features with this attention map. This frequency-domain interaction efficiently cap-
tures global spatial correlations while avoiding the computational overhead of traditional matrix
multiplication operations.

High-order Spatial-Channel domain Interaction: Building upon the frequency-
enhanced features, we design a Multi-Context Modulation (MCM) block for spatial interactions
and a High-order Channel Interaction (HCI) block to capture complex feature dependencies.
After this two stages, the RGB and event features are adaptively weighted and concatenated via
an Adaptive Weight (AW) block to produce the final fused representation.

The MCM block employs a bidirectional guidance mechanism where each modality provides
contextual information to modulate the other. For RGB feature modulation guided by event
features:

Fmc
e = F freq

e ⊗ σ(M(F freq
e )) (10)

F s
r = F freq

r ⊗ σ(Fr) + Fmc
e (11)

where M is a multi-context module that extracts features at three scales (kernel sizes 1, 3, and
5), and σ denotes the sigmoid function. This bidirectional modulation enables each modality
to selectively emphasize regions that are informative in the complementary modality, fostering
synergistic spatial relationships.

The HCI block extends the squeeze-and-excitation mechanism to high-order formulations
to capture complex inter-dependencies across feature channels. For K-order channel interac-
tion, we recursively apply squeeze-and-excitation attention with residual connections. For k =
1, 2, . . . ,K, the process for RGB features is defined as:

F̃ (0)
r = F s

r (12)

W (k)
r = σ

(

F2

(

ReLU
(

F1

(

GAP(F̃ (k−1)
r )

))))

(13)

F̃ (k)
r = F̃ (k−1)

r ⊗W (k)
r + F s

r (14)

where GAP is global average pooling, F1 and F2 are linear transformations, σ is the sigmoid
activation, and ⊗ denotes element-wise multiplication. Event features undergo the same process.

To adaptively balance the contributions of RGB and event modalities, we apply an Adaptive
Weight (AW) block to learn channel-wise fusion weights:

W r

cat = σ
(

FC
(

GAP(F̃ (k)
r )

))

(15)

W e

cat = σ
(

FC
(

GAP(F̃ (k)
e )

))

(16)

The weighted features are then concatenated to produce the final fused representation:

Ffused = Concat
[

W r

cat ⊗ F̃ (k)
r , W e

cat ⊗ F̃ (k)
e

]

(17)

This hierarchical fusion strategy progressively integrates complementary information from
RGB and event modalities: frequency-domain interactions capture global correlations, spatial
interactions model contextual relationships, and channel interactions encode complex inter-
dependencies. The resulting fused features preserve both rich appearance semantics and precise
temporal dynamics, enabling robust tracking in challenging scenarios.
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4 Experiments

4.1 Datasets and Evaluation Metric

We evaluate our STC-Net on two realistic event-frame-based dataset: FE108 [15] and VisEv-
ent [16]. The FE108 dataset contains 108 video sequences, which are divided into 76 training
sequences and 32 testing sequences. It provides a variety types of challenging scenarios, such as
low-illumination, overexposure, multiple objects and motion blur. Compared with FE108, VisEv-
ent dataset contains 820 video sequences with more outdoor scenes. It also includes more complex
scenarios, such as abrupt motion of the camera and cases where the target completely leaves the
video sequence. Following [15, 17], we remove sequences that miss event data or have misaligned
timestamps, leaving 268 sequences for training and 176 for testing.

To evaluate the tracking performance of our proposed network, two widely used metrics,
success rate (SR) and precision rate (PR), are adopted to quantitatively compare the performance
of different trackers. Both SR and PR are calculated based on the ratio of successfully tracked
frames to the total number of frames. Specifically, SR is determined by whether the Intersection
over Union (IoU) between the predicted bounding box and the ground-truth bounding box exceeds
a certain threshold. In contrast, PR is assessed by whether the distance between the center points
of the predicted and ground-truth bounding boxes is less than a given threshold. For SR, we
calculate the area under curve (AUC) of an SR plot as representative SR (RSR). For PR, we
used the PR score associated with a 20-pixel threshold as representative PR (RPR) [15].

4.2 Experimental Settings

We adopt the pretrained ResNet-18 as the backbone to extract frame and event features. Following
[17, 51], the loss function is defied as:

L = βLcls + Lbb (18)

where Lcls is the target classification loss and Lbb is the bounding box regressor loss. β is set to
100.

Based on Python 3.8 and PyTorch 2.0 deep learning API, we trained our network for 60 epochs
with a batch size of 24 using Adam optimizer with the default parameters. The initial learning
rate for the feature extraction network, the ASN module, the HSTF module, the classifier, and
the regressor are set to 1e − 4, 1e − 5, 1e − 4, 1e − 3, 1e − 3, respectively. The learning rate is
adjusted by the CosineAnnealingLR strategy. Our network is run on a single Nvidia RTX 3090
GPU with 24G memory.

4.3 Comparison with State-of-the art Trackers

To comprehensively evaluate the effectiveness of our proposed STC-Net, we conduct extensive
comparisons with seven state-of-the-art tracking methods on both FE108 and VisEvent datasets.
The compared methods include conventional frame-based trackers which are extended to multi-
modality and trackers designed for RGB-E dual-modal. These baselines represent the current
state-of-the-art in both conventional frame-based tracking and emerging RGB-Event multimodal
tracking, providing a comprehensive benchmark for evaluation.

FE108 Dataset: As shown in Table 1, our STC-Net achieves the best performance on the
FE108 dataset with 89.0% RPR and 57.8% RSR, significantly outperforming all compared
methods. Our method shows substantial improvements over traditional frame-based approaches.
Specifically, STC-Net outperforms DiMP18 by 3.9% in RPR and 0.7% in RSR, demonstrating
the advantage of incorporating event data. Compared to ATOM, we achieve a gain of 7.2% in
RPR and 2.3% in RSR. The improvements are even more pronounced when compared to Siamese-
based trackers: 55.5% higher RPR than SiamRPN++ and 49.9% higher RPR than SiamFC++.
These results validate that event data provides critical complementary information, especially in
challenging scenarios where frame-based cameras fail. STC-Net also outperforms the state-of-the-
art RGB-Event tracker AFNet by 3.7% in RPR and 2.0% in RSR. This performance gain can be
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attributed to our adaptive spiking neuron module that effectively preserves temporal dynamics
and the high-order spatio-temporal fusion module that enables deeper cross-modal interactions.
While AFNet focuses on aligning the two modalities and enhancing features via cross-correlation,
our method goes a step further by explicitly modeling high-order interactions across frequency,
spatial, and channel dimensions, enabling deeper synergistic fusion beyond alignment and basic
feature enhancement.

Table 1: Experimental Results (RPR | RSR) on the FE108
Dataset. The Results of Baseline Trackers are Borrowed from FE108
[15] Benchmark

STC-Net(Ours) CLNet[53] PrDiMP18[54] SiamRPN++[55]
89.0 | 57.8 55.5 | 34.4 80.5 | 53.0 33.5 | 21.8

ATOM[56] AFNet[17] SiamFC++[57] DiMP18[51]
81.8 | 55.5 85.3 | 55.8 39.1 | 23.8 85.1 | 57.1

VisEvent Dataset: Figure 5 presents the precision and success plots on the larger and
more challenging VisEvent dataset. Our STC-Net achieves 64.0% overall RPR and 46.8% RSR,
surpassing the runner-up method by 3.1% and 1.0%, respectively. Our method’s consistent supe-
riority on this dataset demonstrates its generalization capability and robustness across diverse
environments. The precision plot shows that STC-Net maintains high tracking accuracy even at
strict threshold settings, indicating precise localization capability. The success plot reveals that
our method achieves higher overlap ratios with ground truth bounding boxes, suggesting better
target representation and scale estimation.

Fig. 5: Precision (left) and Success (right) plots on VisEvent dataset. Our method achieves the
best performance on both metrics, outperforming state-of-the-art trackers.

4.4 Ablation Study

To validate the effectiveness of each key component in our proposed STC-Net, we conduct com-
prehensive ablation studies on the FE108 dataset. The ablation experiments are designed to
isolate and quantify the contributions of the input modal, the Adaptive Spiking Neuron (ASN)
module and the High-order Spatio-Temporal Feature (HSTF) fusion module. The experimental
results are presented in Table 2.

Input Modal: The analysis of input modalities reveals several important insights. Variant
A (RGB-only) achieves 74.7% RPR and 49.3% RSR, representing the baseline performance of
conventional frame-based tracking. Variant B (Event-only) demonstrates the unique capability
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Table 2: Ablation study on the FE108 dataset. Variants A-
C compare different input combinations, while variants D-E
progressively add our proposed ASN and HSTF modules to
demonstrate their individual and combined effectiveness.

Variant
Input Module Results (%)

Frame Event ASN HSTF RPR RSR

A ✓ 74.7 49.3
B ✓ 83.0 53.1
C ✓ ✓ 81.7 54.5
D ✓ ✓ ✓ 86.0 56.7
E (Ours) ✓ ✓ ✓ ✓ 89.0 57.8

of event data, achieving 83.0% RPR and 53.1% RSR. Notably, event data provides superior pre-
cision (83.0% vs 74.7% RPR), outperforming RGB-only tracking by a significant margin. This
advantage can be attributed to the characteristics of the FE108 dataset, which contains numerous
sequences with low illumination and overexposure—scenarios where frame-based cameras strug-
gle but event cameras excel due to their high dynamic range and immunity to lighting variations.
These results highlight the complementary value of event data in challenging visual conditions.
Variant C (simple concatenation of both modalities) achieves 81.7% RPR and 54.5% RSR. While
its precision (81.7%) is slightly lower than Event-only (83.0%), it still substantially outperforms
RGB-only tracking (74.7%), confirming the value of incorporating event data. More importantly,
its success rate (54.5% RSR) surpasses both unimodal approaches (49.3% and 53.1%), demon-
strating that even simple fusion can leverage complementary strengths from both modalities to
achieve more robust tracking.

ASN Module: The effectiveness of our Adaptive Spiking Neuron module is clearly demon-
strated by comparing Variant D (with ASN) against Variant C (without ASN). Variant D
achieves 86.0% RPR and 56.7% RSR, representing improvements of +4.3% RPR and +2.2%
RSR over Variant C. These gains validate the importance of specialized event processing, which
stems from three key designs: (1) The learnable threshold mechanism dynamically adapts to
event density and motion patterns; (2) The adaptive membrane time constants maintain tempo-
ral coherence across frames; (3) The spatial neighborhood weighting captures local correlations
among adjacent events, complementing temporal integration for robust detection of fast-moving
objects.

The dynamic threshold adjustment mechanism enables ASN to automatically regulate its
sensitivity based on input characteristics. When a moving target generates dense event clusters,
ASN appropriately raises the firing threshold to prevent over-activation and maintain selectivity.
Conversely, when event signals are sparse due to slow motion or low contrast, ASN lowers the
threshold to ensure meaningful events are not missed.

Similarly, the adaptive membrane time constants allow ASN to optimally balance temporal
integration and forgetting. This is particularly beneficial when event frequency fluctuates signif-
icantly—during rapid acceleration or deceleration of moving objects. Classical LIF neurons with
fixed parameters often either retain too much historical information (causing temporal blur) or
forget too quickly (losing motion continuity). Our ASN module dynamically adjusts its mem-
ory characteristics to match the temporal dynamics of the input, resulting in more stable and
coherent event representations.

As illustrated in Figure 6, we present a comparative visualization to validate the effectiveness
of ASN module: (a) raw event stream input, (b) events filtered by classical LIF neurons with
fixed parameters, and (c) events processed by our proposed ASN module. The visual compari-
son reveals two key advantages. First, ASN demonstrates superior noise suppression capability,
effectively filtering out scattered noise while preserving dense event clusters triggered by moving
targets—crucial for maintaining clean representations in real-world scenarios. Second, compared
to fixed-parameter LIF neurons, our ASN exhibits adaptive behavior that better handles vary-
ing event patterns. By providing cleaner and more informative event representations, the ASN
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Fig. 6: Visual comparison of event processing results. (a) Raw event stream input; (b) Events
filtered by classical LIF neurons with fixed parameters; (c) Events processed by our proposed
ASN module. The ASN module effectively suppresses scattered noise while preserving dense event
clusters corresponding to moving UAV/vehicle.

module enables the network to focus more quickly on moving targets and reduces the number of
training iterations required for convergence.

Table 3: Comparison of different fusion strategies on the FE108 dataset. Best results are high-
lighted in bold.

Strategy Add Concat CMT[16] SREF[45] CDMS[15] MCP[58] HSTF(Ours)

RPR (%) 62.4 86.0 88.4 87.9 87.5 87.9 89.0
RSR (%) 40.3 56.7 57.8 57.4 58.7 56.9 57.8

HSTF module: The impact of our High-order Spatio-Temporal Feature fusion module is
evaluated by comparing Variant E (full STC-Net) against Variant D (ASN only). Variant E
achieves the best performance with 89.0% RPR and 57.8% RSR, showing additional improvements
of +3.0% RPR and +1.1% RSR. These gains demonstrate that simple concatenation fusion
(Variant D) is insufficient for fully exploiting RGB-Event complementarity. Table 3 shows the
results of different fusion strategies, where our HSTF module outperforms all compared methods.
Notably, HSTF achieves 89.0% RPR, surpassing CMT (88.4%), SREF (87.9%), CDMS (87.5%),
and MCP (87.9%), while maintaining competitive RSR performance. These results validate the
effectiveness of our high-order interaction design. Our HSTF module enables deeper synergistic
integration through: (1) Frequency-domain interactions that efficiently capture global spatial
correlations while avoiding computational overhead; (2) High-order spatial interactions via multi-
context modulation that selectively emphasize informative regions across modalities; (3) High-

order channel interactions that model complex inter-dependencies through recursive squeeze-
and-excitation mechanisms. By progressively integrating information across frequency, spatial,
and channel domains, this hierarchical fusion strategy ensures comprehensive multi-dimensional
feature representation.

The complete improvement trajectory from Variant A (74.7% RPR) to Variant E (89.0%
RPR) reveals strong synergistic effects among all components. The total gain of 14.3% RPR
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demonstrates that: (1) Event data provides crucial temporal information missing in RGB; (2)
ASN processing optimizes event representations for tracking; (3) HSTF fusion maximizes cross-
modal complementarity. Importantly, the interaction between ASN and HSTF is multiplicative
rather than additive—ASN provides cleaner event features that HSTF can more effectively fuse
with RGB semantics. This synergy explains why our full STC-Net substantially outperforms both
unimodal approaches and simple fusion baselines.

5 Conclusion

In this paper, we propose a Spatio-Temporal Collaboration Network (STC-Net) for robust RGB-
Event object tracking, which consists of two key components: an Adaptive Spiking Neuron
(ASN) module and a High-order Spatio-Temporal Feature (HSTF) fusion module. The pro-
posed ASN module effectively filters noise and enhances motion-related events through adaptive
threshold and membrane dynamics. Subsequently, the HSTF module enables deep cross-modal
interaction by exploring high-order synergistic relationships in frequency, spatial, and channel
dimensions. Extensive experiments on the FE108 and VisEvent benchmarks demonstrate that
our STC-Net achieves state-of-the-art performance in various challenging conditions. The pro-
posed method offers an effective approach to leveraging the complementary strengths of frame
and event modalities for reliable object tracking.
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