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Abstract— Spiking Neural Networks (SNNs) have gained
attention for their apparent energy efficiency and significant
biological interpretability, although they also face significant
challenges such as prolonged latency and suboptimal tracking
accuracy. Recent studies have explored the application of SNNs
in object tracking tasks. Dynamic visual sensors (DVS) have
become a popular way to implement SNN-based object tracking
due to their asynchronous and spiking characteristics similar to
SNNs. However, challenges such as the high cost of DVS cam-
eras and the lack of object surface texture information hinder
the utility and performance of DVS trackers. In contrast, RGB
information has inherent advantages, including low acquisition
cost and comprehensive object surface texture representation.
However, RGB information is prone to excessive image blurring
in low-light conditions or in fast-motion scenes. To address these
challenges, we propose the “Motion Feature Extractor” and the
“RGB-DVS Fusion Module”. The “Motion Feature Extractor”
can replace the DVS camera at a very low cost, and the “RGB-
DVS Fusion Module” can deeply fuse the feature information
of the two to make up for their respective deficiencies. In
addition, we adopt a conversion method to obtain a lossless
SNN version of the model. Through experiments, our model
achieves a 13.6% improvement in the expected average overlap
(EAO) index using only 1.47% of the energy consumption of
SiamRPN (VOT2016 dataset). In addition, we deployed the
model to a robot and then conducted tracking experiments,
which confirmed that the model can operate on the robot
losslessly with satisfactory results.

I. INTRODUCTION

Spiking Neural Networks (SNNs) are efficient and low-
power models that emulate brain dynamics. The Leaky
Integrate-and-Fire (LIF) and IF models are widely used
in SNNs to simulate biological neuron behavior and to
understand the temporal dynamics of membrane potential
changes in response to synaptic inputs [1], [2].

Single-object tracking using Spiking Neural Networks
(SNNs) and Dynamic Vision Sensors (DVS) is gaining
significant attention [3]-[7], [7]. DVS technology captures
pixel-level brightness changes asynchronously, aiding in
tracking fast-moving objects and operating in low-light con-
ditions [8]-[10]. Combining DVS with SNNs enhances dy-
namic object tracking capabilities. Recent advances include
twin-network trackers that use the LIF and Siam models
for efficient event-based tracking [11], [12]. For instance,
STNet [13] uses greyscale maps of RGB frames combined
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with event streams for tracking, achieving relatively good
results. However, it does not globally integrate RGB frame
signals, which restricts its tracking capability to dynamic
objects only.

Robot tracking is a key area of robotics research, with
most current methods relying on particle filtering [14] due
to real-time performance needs, but its accuracy in complex
scenes is impacted. While deep learning-based approaches
offer improved accuracy [15], their high energy demands
limit deployment on robots. Spike-based trackers can lever-
age SNNs to enable high-precision tracking efficiently on
robots, combining low energy consumption with speed. How-
ever, the challenge lies in the ambiguity of information in
dynamic scenes, which exacerbates the accuracy limitations
of SNN-based tracking.

In summary, current technologies cannot fully leverage
the advantages of both DVS and RGB frames. Additionally,
existing SNN tracking methods cannot achieve efficient
tracking in dynamic scenes. To address these challenges, our
contributions are summarized as follows:

o Considering the high cost of current DVS cameras, we
propose a low-cost alternative called Motion Feature Ex-
tractor (MFE). Experiments show that MFE effectively
replaces DVS functionality with excellent moving object
extraction capability.

« We introduce a fusion module that integrates RGB-DVS
information, allowing seamless incorporation of both
into neural network inputs, combining RGB frame rich-
ness with DVS’s dynamic response to enhance tracker
performance.

« We propose a spike-based high-performance RGB-DVS
dual-input tracker with significantly reduced energy
consumption.

e Our approach achieves SOTA results on challenging
tracking datasets, with a 13.6% improvement in ex-
pected average overlap (EAO) while using only 1.47%
of the energy of the original siamRPN model. The
model was also successfully deployed on a mobile
robot platform and tested in real dynamic scenarios with
satisfactory results.

II. RELATED WORK
A. Dynamic Vision Sensor (DVS)

The DVS [16] is a bio-inspired optical sensor that captures
dynamic changes by outputting events based on changes
in pixel intensity, rather than recording video at a fixed
frame rate. It generates events with location, timestamp, and
polarity data whenever a change in light intensity exceeds a
threshold.
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B. SiamRPN

Siamese Region Proposal Network (SiamRPN) [17] ad-
vances visual object tracking by combining a Siamese net-
work for feature extraction with a Region Proposal Network
(RPN) for object localization. This approach balances speed
and accuracy, making it ideal for real-time applications. The
Siamese network learns feature representations, while the
RPN localizes objects within the frame.

C. Spiking Neural Networks

Conventional artificial neural networks (ANNSs) mimic
biological neural networks but are energy-intensive, unlike
the human brain, which operates on about 30 watts. Spiking
Neural Networks (SNNs) improve energy efficiency by using
electrical pulse signals, employing Leaky Integrate-and-Fire
(LIF) and Integrate-and-Fire (IF) neurons to replicate elec-
trophysiological properties, as described by Eq.1.

dv

T = —(V(1) = Viest) + RI(1), @

where 7, is the neuron’s leakage index, constant at 1 for
IF neurons and variable for LIF neurons. V represents the
membrane voltage, I(¢) is the external input current, Vg is
the resting potential, and R is the input resistance.

When the membrane potential V' hits the threshold Vi,
the neuron fires a spike, causing the potential to decrease as
described by Eq.2.

V=V—s«Viy,if V.>Vy, 2

where s refers to the spike. In practical applications, the IF
neuron model in SNNGs is often paired with a synapse model
to simulate neuron connections and information transfer.
However, SNNs face challenges such as limited structural
support, accessibility issues, low performance, and weak
hardware support, leading to their use only in simpler tasks.
This paper seeks to address these issues by enhancing the
scale and complexity of SNN models through algorithm
optimization using a mainstream ANN to SNN conversion
method.

D. ANN to SNN

In recent years, the conversion from ANNs to SNNs
has become a prominent topic, with numerous methods
advancing the technology significantly. The subtraction reset
method [18], while retaining spike intensity information,
abandons the fixed reset potential. The Temporal Separation
(TS) [1] method introduced in 2022, which separates the
accumulation and firing phases, effectively reduces errors
caused by incorrect spike emission sequences. T. Bu and oth-
ers proposed a membrane potential initialization theory [19],
suggesting that initializing the membrane potential to half
of the threshold can achieve lossless conversion. Y. Hu and
others developed a conversion method for deep ResNet [20],
addressing the challenges posed by bottleneck structures.

III. METHOD

In this section, we describe the generation of motion
feature information, the fusion of RGB-DVS information,
and the conversion of the siamRPN model.

A. Motion Feature Extractor(MFE)

Fig. 1. Motion feature extractor(MFE), which generates low-noise object
motion (DVS) information. pos_threshold is the positive luminance change
threshold, and neg_threshold is the negative luminance change threshold.

DVS cameras excel at capturing dynamic objects due to
their event-driven design, generating asynchronous informa-
tion based on pixel brightness changes. However, their high
cost limits widespread use at the edge. Most current tracking
research [10], [21] relies on accumulating information within
a time window to extract motion features. To address this,
we introduce the Motion Feature Extractor (MFE), a cost-
effective algorithm for motion feature extraction without
requiring expensive DVS cameras.

The motion information generation, as detailed in Alg.1
and Fig.1, begins by converting adjacent RGB frames (frgp)
to greyscale maps (fGrey). The global luminance change (G)
is derived by subtracting these greyscale maps. Pixels with
G above the positive threshold are set to 255 (Gpos), those
below the negative threshold to -255 (Gy.e), and others to 0,
forming the initial motion feature (F). This feature is then
refined by subtracting global luminance variation, followed
by thresholding: pixels above the threshold are set to 255 for
positive motion features (F),;), and those below are set to -
255 for negative motion features (Fy,g). Only positive motion
features are used in this work.

B. DVS-RGB Fusion Module

We aim to leverage the event-driven nature of DVS to
enhance the tracker’s focus on the target object. Ideally,
DVS excels when the target is dynamic and the background
static. However, if the background is dynamic and the target
static, DVS can introduce significant noise, reducing the
effectiveness of region-of-interest delineation. To address
this, we propose an RGB-DVS fusion module.

The architecture of the fusion module, detailed in Fig. 2,
involves splitting the DVS signal into two branches. Branch

1429



Fig. 2. RGB-DVS Fusion Module Architecture: DVS information is separated into target and background using attention and reverse attention modules,
then combined in channels. The channel attention module identifies the focus area, which is then multiplied with RGB information to emphasize the target

object.

Algorithm 1 Algorithm of MFE
Set threshold s, thresholdyeq
Input: frgp (t), frGB (t + 1)
Output:
fGrey(t) < Grey(fr(t))
fGrey(t+ 1) A Grey(fRGB(t + 1))
G« fGrey(t + 1) 7fGrey(t)
Initialize all-zero frames Gpos, Greg
Gpos|G > threshold,] < 255
Gieg[G < thresholdyeg) < —255
F«+ Gpos + Gneg
F+F—-G
Initialize all-zero frames Fjos, Freg
Fpos[F > threshold,yos) < 255
Foeg[F < thresholdye,] < —255
return  Fg, Fyeq

1 uses the Attention module [22] to extract valid target
information, as described in Eqs.3 and 4.

Xaw = Attention(x), 3)

XN = LN (xAtt); €]

Attention denotes the Attention function, LN is the layer
norm, and x represents the DVS input, all with an embedding
dimension of 127 and an input size of 127x127. Since
template and search frames differ in size, event information
is upsampled or downsampled using ’nearest’ sampling,
then restored post-attention. Branch 2 utilizes the Reverse
Attention [23] module to determine the probability that a
point is background, as shown in Eq.5.

Xrey = RA(X), 5

Where RA denotes the reverse attention function. The outputs
of the two branches are concatenated along the channel
dimension and then processed through a Channel-wise atten-
tion layer [24] to extract the relevant background and object
information, as detailed in Eqs.6 and 7.

Xcar = Concat (xLNyxrev)a (6)

xca = CA(xca), )

Concat refers to concatenation, and CA denotes channel-wise
attention. In Fig. 2, the reverse attention layer includes two
pooling layers with an output size of 1. The pooled channel
attention values are convolved with k = 1 and ReLU, then
summed for output. The resulting xca is processed with a
sigmoid function, and the two-channel values are merged
into a single channel, as shown in Eqs.8 and 9.

Xsig = Sigmoid (xca ), 8

Xpvs = Xsig[0] 4+ xsig[1]. ©)

The processed DVS signal highlights object positions and
reduces noise from the dynamic background. Finally, the
RGB frames xgrgp are multiplied by the processed DVS
signals xpys to emphasize regions of interest based on DVS
data while utilizing the rich features of the RGB frames for
object recognition, as shown in Eq.10.

Xfea = XDVS * XRGB- (10)

C. Spiking-Based Tracker

Building on the RGB-DVS fusion tracking strategy, we
develop a spiking neural network (SNN) model for enhanced
compatibility with spiking inputs. SNNs offer faster process-
ing and greater energy efficiency, making them suitable for
deployment on mobile robots.
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Fig. 3.  Fusion tracker framework. Where the pseudo-DVS signal is
generated using MFE.

1) Overall Architecture: The overall architecture of the
model, shown in Fig.3, includes the fusion module, back-
bone, and Spike-RPN head. We use Spike-ResNet50 as
the backbone. The Spike-RPN head utilizes a bottleneck
structure that sums spikes directly. The model’s backbone
can be adjusted based on efficiency and precision needs. To
minimize energy consumption, the model omits an additional
encoder, using only the first layer of IF neurons for encoding.

Fig. 4. Synaptic inhibition. When the input feature map is too large, the
synaptic inhibitory structure can suppress redundant neurons to transmit
spikes. Then we can realize the ANN to SNN conversion of the CenterClip
structure in ANN.

2) Acquisition and Training of SNNs: Given the cumber-
some and resource-intensive nature of direct SNN training,
we use ANN to SNN transformation for obtaining and
training SNNs. The main steps are: i) training the ANN to
obtain weight data; ii) replacing the ReLU activation function
with IF neurons; and iii) using channel normalization to scale
weights to the maximum channel activation value and bias,
converting incompatible operators. In step i), we use the pre-
trained SiamRPN network as a model and initiate training
with it. Initially, the pre-trained model is fixed while the
fusion module is initialized. After ten rounds, we release
the SiamRPN backbone for feature extraction optimization.
This study employs ResNet50 or optionally AlexNet as
the backbone. The final ten rounds involve releasing all
parameters to fully optimize the tracker. Parameter settings

Fig. 5. Flowchart of Wake-on-Speech Tracking: The array microphone
receives the wake-up sound and calculates the sound source angle using
the TDOA algorithm. ROS commands control the robot’s rotation. After
rotation, the robot’s vision sensor and object detection algorithm detect the
sound source position and pass it to the tracker, which is then activated to
start tracking the target.

for the training process and model structure are detailed in
Tab. I, where 'Used layers’ indicates layers used by RPN
for feature extraction with each increment representing an
additional Resnet layer. "Weighted” in RPN denotes whether
results are weighted against the outcome and serves as an
inference component in SiamRPN. All other parameters as
well as the model structure are consistent with siamRPN. The

TABLE I
MODEL PARAMETERS SETTING

Module Parameter Value
Backbone  Used layers [2,3,4]
Type Resnet50
Adjust In channels  [512,1024,2048]
Out channels  [256,256,256]
RPN Type ’MultiRPN’
Weighted False

CentreClip structure within the RPN crops redundant features
and reduces the feature map size. Since no existing methods
address its transformation, we propose a synaptic inhibition
method for conversion, as shown in Fig.4 and described in
Eq.11.

f, if neuronf €ER,

0, if neuronf ¢ R,

| N
Si—

Y

Where sﬁ denotes the spike of neuron i in layer /, neuronﬁ

represents neuron i in layer /, and R is the set of neurons
allowed for feature transmission. Inhibiting certain synapses
and spikes reduces the number of feature neurons and the
feature map size.
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Fig. 6.  Summit-XL robot platform.

D. Algorithm Deployment and Robot Control

Effective algorithm deployment and robot control are
crucial for optimal tracking model performance. We designed
a system for voice wake-up and autonomous target selection,
as shown in Fig.5. The process involves porting the algorithm
to the robot platform and connecting it to the ROS instruction
set, with the camera as the input source using the RTSP
protocol. The first two frames initialize motion information
and the tracker.

There are two target selection methods: i)Acoustic Source
Localization. The robot, equipped with an array microphone
and an SNN-based target detector [25], wakes up on com-
mand, calculates the sound source direction using Time Dif-
ference of Arrival (TDOA), and moves towards it. The object
detector locates the sound source, and the tracker starts. The
robot adjusts its pose based on the angular difference to the
target, issuing velocity commands to move and rotate. It stops
1.5 meters from the target for safety and resumes tracking if
the target deviates beyond this distance. ii)Manual Selection.
The tracker is started directly. After manually selecting the
target during the second frame, tracking begins from the third
frame. The first two frames are used for initialization. The
detailed algorithm has been attached to the appendix.

IV. EXPERIMENTS

In this section, we performed comparative experiments
to validate the effectiveness of our methods and model.
The experiments utilized an Intel Core i17-8700K CPU
and an NVIDIA RTX2080Ti GPU, with datasets including
VOT2016 [26], VOT2018 [27], and OTB2015 (OTB100).
Comparison data for other state-of-the-art models were
sourced from relevant papers. We also assessed the tracker’s
real-world object-tracking capability and robot compatibility
using the Summit-XL (Fig.6), which features an Intel Core
i3-9100 CPU, 7.16 GB of RAM, four independent drive
wheels, and an axis gimbal camera.

A. Ablation study and Comparison with Advanced Trackers

We compared our proposed tracker with Spiking
SiamFC++, SiamSNN, and SiamRPN to evaluate the fusion
module’s effectiveness. Metrics include Accuracy (A), Ro-
bustness (R), Expected Average Overlap (EAO), Precision,
and Success. Results are in Tab.Il.

Fig. 7. Tracker tracking effect in dynamic scenes. The robot tracking results
show the tracking results of the Summit-XL in the dynamic scene, and the
real-time tracking results show the real-time tracking results of the Summit-
XL. The upper part of the real-time tracking results shows the results of
tracking a person and the lower part shows the results of tracking a cup.

The results show that our model significantly outperforms
mainstream methods, with the EAO metric exceeding SOTA
by 13.6% and 5.4% from VOT2016 to VOT2018, respec-
tively, and achieving SOTA on OTB2015. Additionally, our
model, in comparison with SiamRPN in the ablation study,
surpasses it across all metrics, validating the fusion module’s
effectiveness.

B. Energy Efficiency

Energy consumption is crucial for model inference cost
and limits tracking capacity in robotic systems. Following
works [2], [29], [30], FLOPs measures model complexity,
while energy denotes model energy cost. Horowitz et
al. [29], [31] specify energy costs as 4.6pJ(FLOAT32
MAC)/0.9pJ(FLOAT32 AC)/3.2pJ(INT MAC)/0.1pJ(INT
AC). To measure SNN’s and ANN’s energy consumption
more rationally, we use the average FLOPs based on
the conversion sample dataset. Specifically, we define
SNN/ANN FLOPs as:

(12)

D1~

t=1

FLoPs=Y.Y's'(t) + Y. ¥ p,
! [
s'(t) represents the sum of spikes of all neurons in layer /
at time ¢, while }; }" p is the sum of MAC operations across
layers. The ANN model involves only MAC operations, so s
is 0. The SNN model includes both AC and MAC operations,
with neither s nor p being 0. Here, s represents integer AC
operations. Energy consumption for SiamRPN is from related
papers [17]. As shown in Tab. III, our fusion module sig-
nificantly increased energy consumption, impacting mobile
deployment and practicality. However, after conversion to
SNN, our model improved energy efficiency by 67.7 times
compared to SiamRPN [32], using only 1.47% of SiamRPN’s
energy. Thus, our algorithm not only provides superior
tracking performance but also enhances energy efficiency.

C. Robotics Experiments

We deployed the algorithmic model to the Summit-XL
robotic platform via a removable hard drive or network, con-
figuring the runtime environment. ROS controlled Summit-
XL’s motion and information transmission, while Rviz mon-

1432



TABLE I
COMPARISON WITH OTHER WORKS UNDER THE VOT AND OTB DATASET

Model VOT2016 VOT2018 OTB2015
A R EAO A R EAO Precision  Success

Spiking siamFC++ [28] 0.600 0.359 0.302 0.556 0.445 0.255 0.854 0.644

SiamSNN [11] 0.497 0.630 0.210 0.460 0.860 0.176 0.528 0.443

SiamRPN [17] 0.560 0.260 0.344 0.490 0.460 0.244 0.851 0.637

Our model 0.629 0.210 0.438 0.579 0.323 0.309 0.874 0.661

TABLE III

ENERGY EFFICIENCY achieved compatibility with both DVS and RGB inputs for
the first time. Additionally, we have proposed a framework
for object tracking based on SNNs, utilizing the method of
FLOPs _ Power(w) Energy() converting ANNs to SNNs for training and acquisition. Com-
ANN 9.54E+11 137.2 4.39 pared to other advanced trackers, our tracker has achieved
SiamRPN [17]  4.33E+09 3.36 2.1E-02 state-of-the-art levels in both accuracy and energy consump-
SNN(Ours) 1.25E+08  9.6E-04 3.1E-04 tion. To the best of our knowledge, this tracker outperforms
Ratio( Siaorr:ﬁfN) 34.64 3500 67.7 current state-of-the-art SNN-based object trackers. Further-

itored the system remotely or locally. After deployment, we
conducted two experiments on the Summit-XL.

Experiment 1: We tested object tracking algorithms on
pre-recorded dynamic scene videos using both the Summit-
XL and a computer to compare tracking accuracy. The
task was to track a person holding a mineral water bottle
in a 1194-frame video featuring stills, slow, medium, and
fast movements. Tracking accuracy was calculated based on
results from both platforms, using Eq.13.

TP
TP+ FP+NP’

where Accuracy denotes accuracy, TP refers to correctly
tracked targets, FP refers to incorrectly tracked targets, and
FN refers to missed targets. The tracking accuracy on both
platforms was 92.7%. Results show no difference in detection
ability between the Summit-XL and PC, indicating our model
deploys to mobile robot platforms without loss. Some results
are shown in Fig.7.

Experiment 2: We deployed the model to Summit-XL to
evaluate its tracking capability. After testing in real-world
scenarios, Summit-XL tracked the target objects— a moving
person and a water bottle—smoothly. Fig.7 shows real-time
tracking results, with the top row for the person and the
bottom row for the water bottle. For uplink testing, Summit-
XL is woken by voice, determines target position using audio
signal time differences, rotates towards the target, uses a
detection model to identify it, and tracks it. For downlink
testing, the tracker is started remotely, targets are framed on
screen, and tracking begins. Results show Summit-XL tracks
smoothly without needing to reinitialize.

13)

Accuracy =

V. CONCLUSION

In summary, we have designed Motion Feature Extractor,
that can replace the DVS signal at a lower cost, and We have

more, we have conducted robot experiments to confirm that
our tracker can be deployed on mobile robots with edge
computing power. Experimental results demonstrate that we
can achieve SOTA results at extremely low costs. We believe
that this approach holds significant importance for future
object tracking on power-efficient neuromorphic electronic
and photonic SNN chips, as well as for dynamic real-world
object tracking based on edge computing power in practical
scenarios.
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