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Abstract

Brain-inspired spiking neural networks (SNNs) have the ca-
pability of energy-efficient processing of temporal informa-
tion. However, leveraging the rich dynamic characteris-
tics of SNNs and prior works in artificial neural networks
(ANNs) to construct an effective object detection model for
visual tasks remains an open question for further explo-
ration. To develop a directly-trained , low energy con-
sumption and high-performance multi-scale SNN model, we
propose a novel interpretable object detection framework
Multi-scale Spiking Detector (MSD). Initially, we propose
a spiking convolutional neuron as a core component of the
Optic Nerve Nucleus Block (ONNB), designed to signifi-
cantly enhance the deep feature extraction capabilities of
SNNs. ONNB enables direct training with improved energy
efficiency, demonstrating superior performance compared
to state-of-the-art ANN-to-SNN conversion and SNN tech-
niques. In addition, we propose a Multi-scale Spiking De-
tection Framework to emulate the biological response and
comprehension of stimuli from different objects. Wherein,
spiking multi-scale fusion and the spiking detector are em-
ployed to integrate features across different depths and to
detect response outcomes, respectively. Our method out-
performs state-of-the-art ANN detectors, with only 7.8 M
parameters and 6.43 mJ energy consumption. MSD obtains
the mean average precision (mAP) of 62.0% and 66.3% on
COCO and Gen1 datasets, respectively.

1. Introduction
Object detection is a significant topic in computer vi-
sion, widely applied in multi-object tracking [53, 54],
autonomous driving [10, 26, 47], robotics [21, 38], re-
mote sensing [11, 12, 46] and medical image analysis
[18, 29], etc. Achieving real-time object detection on em-
bedded computing devices while balancing computational
efficiency and high energy efficiency has always been a re-
search focus.

Spiking Neural Networks (SNNs), often referred to as
third-generation neural networks [35, 43], hold the potential

Figure 1. Illustration of the visual perception stimulation. We
examine membrane potential changes in visual cortex neurons to
explore dendritic and neural heterogeneity and further present an
efficient trainable neuron model that transmits information via by-
pass pathways by simulating these changes.

to become a more efficient, biologically inspired approach
to object detection. Specifically, SNNs utilize binary signals
(spikes) rather than continuous signals for neuron commu-
nication, which significantly reduces the overhead associ-
ated with data transmission and storage. Moreover, SNNs
exhibit asynchronous computation and event-driven com-
munication, enabling them to avoid unnecessary computa-
tions and synchronization costs. SNNs exhibit outstanding
energy efficiency when deployed on neuromorphic hard-
ware [36, 39]. However, most existing SNN object detec-
tion tasks are converted from ANN, which has limitations
in this operation. Spiking-Yolo [23] requires 3500 time
steps to match the performance of artificial neural network
(ANN). Spike Calibration [28] reduces the time steps to the
order of hundreds, but the performance is limited by the
baseline ANN model. Moreover, most ANN-to-SNN meth-
ods are not suitable for sparse event data, as their dynamic
design is aimed at approximating the expected activations
of ANN, making them unable to capture spatiotemporal in-
formation of DVS data [6] and difficult to train directly.

Additionally, as illustrated in Fig 1, during cognitive
tasks, image signals stimulate brain perception regions,
where neural nuclei in the visual cortex, upon receiving
electrical signals, transmit information through fast or by-
pass neural circuits due to dendritic heterogeneity, thus pre-
venting information loss. Neuroscientists have observed
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Figure 2. Visualization of the biological inspirations for enhancing SNN modeling with temporal dendritic heterogeneity. Artificial neuron
model used in ANNs lacks temporal memory, while the spiking neuron model in SNNs incorporates single-scale temporal memory in the
neuron’s membrane potential. Spiking Convolution Neuron is designed by integrating the LIF firing model.

significant temporal heterogeneity in brain circuits and re-
sponses required for real-world temporal computation tasks,
including neural heterogeneity [15], dendritic heterogeneity
[16], and synaptic heterogeneity [3]. To account for the het-
erogeneity and interactions between neurons, it is essential
to simulate the potential firing model of neurons in response
to stimuli. However, it presents a major challenge for net-
work modeling due to the high computational and storage
overhead associated with the numerous synapses involved.
Therefore, when simulating large-scale neural networks, it
becomes necessary to introduce simplified neuron models.
As illustrated in Fig. 2, most existing SNNs designed for
real-world temporal computation tasks use leaky integrate-
and-fire (LIF) neurons [1], effectively capturing temporal
information across different time scales by fully leveraging
the inherent temporal heterogeneity. Inspired by such bio-
logical mechanisms, the research objective is to achieve this
efficiency in real-time object detection using SNNs.

Unfortunately, when SNNs perform deep feature ex-
traction, they inevitably encounter the problem of vanish-
ing/exploding gradients, and performing multi-scale trans-
formations on channels and dimensions while extracting
features at different scales leads to increased energy con-
sumption in non-spiking convolutional operations [45]. Ex-
isting object detection models [23, 51], limited by shal-
low architectures, suffer from low utilization of multi-scale
feature information [34]. Furthermore, for deployment on
neuromorphic hardware where only spike operations are al-
lowed, SNNs need to achieve high-performance and effi-
cient processing of static images and event data with few
time steps.

To tackle these issues and develop a directly-trained and
high-performance multi-scale object detection model based
on SNN, we propose a novel interpretable Multi-scale Spik-
ing Detector (MSD). Initially, we introduce the Optic Nerve
Nucleus Block (ONNB), a novel module that incorporates
the Spiking Convolutional Neuron as its core component,
specifically designed to significantly enhance the deep fea-
ture extraction capabilities of SNNs. ONNB enables direct
training with improved energy efficiency, demonstrating su-
perior performance compared to state-of-the-art ANN-to-
SNN conversion techniques. In addition, we propose a
multi-scale spiking detection framework to emulate the bi-
ological response and comprehension of stimuli from dif-
ferent objects. Wherein, spiking multi-scale fusion and the
spiking detector are employed to integrate features across
different depths and to detect response outcomes, respec-
tively. MSD effectively handles both static images and
event data, demonstrating superior performance and lower
energy consumption compared to other convert and hybrid
SNNs for object detection.

We summarize the main contributions as follows.
• We introduce a innovative Multi-scale Spiking Detector

(MSD), which could fuse multi-scale spatiotemporal fea-
tures of SNNs, be trained directly, and achieve better per-
formance than ANN-to-SNN conversion methods.

• We design a spiking convolutional neuron as a core com-
poment of Optic Nerve Nucleus Block (ONNB), achiev-
ing excitation through full spiking and theoretically ana-
lyzing the capability of extracting deep features, avoiding
the vanishing/exploding gradient problem.

• We propose a detection framework that integrates multi-
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scale spike signals, capable of simulating biological re-
sponses and processing stimuli from different objects.
Experiments on the public datasets show that MSD
achieves excellent performance while reducing energy
consumption by 82.9%.

2. Related Work
2.1. Spiking Neural Networks

The training strategies for deep SNNs can be broadly classi-
fied into ANN-to-SNN conversion and direct SNN training.
In ANN-to-SNN conversion, the average firing rate of the
SNN is approximated by the continuous activation values of
an ANN with ReLU non-linearity [2, 8]. The performance
of the converted SNN is heavily dependent on the origi-
nal ANN, making it difficult to achieve high-performance,
low-latency SNNs, and could resulting in performance loss
during conversion. Additionally, converted SNNs struggle
to efficiently handle sparse event data, which is crucial for
neuromorphic hardware integration.

Driven by the rapid advancement of artificial neural net-
works, researchers have utilized surrogate gradients to en-
able the direct training of SNNs. Leveraging backpropaga-
tion and various encoding schemes, directly trained SNNs
can perform effectively over shorter time steps with low
power consumption [20, 37]. Zheng et al. [55] introduced
threshold-dependent batch normalization (tdBN) within the
STBP framework, allowing SNNs to scale from shallow
(<10 layers) to deeper architectures (up to 50 layers). Fur-
ther works by Hu et al. [17] and Fang et al. [9] have
achieved high performance on classification tasks. Some
studies have explored deep directly trained SNNs for re-
gression tasks like object tracking and image reconstruc-
tion. However, the application to object detection remains
limited.

2.2. Spiking Object Detection

Mainstream deep learning detectors fall into two categories:
two-stage frameworks (e.g., RCNN [13]) and one-stage
frameworks (e.g., YOLO [42], SSD [33], Transformers
[56]). While high-performing, these models are energy-
intensive, driving interest in more efficient SNN-based ap-
proaches.

Additionally, in object detection, key visual sensors in-
clude frame-based and event-based cameras [27, 40], with
the latter excelling in challenging conditions like motion
blur, overexposure, and low light. Early methods [22, 23,
28] used ANN-to-SNN conversion, but faced long inference
times and were unsuitable for event camera data. Hybrid ar-
chitectures [19, 30] combining SNN backbones with ANN
detection heads added complexity. FSHNN [4] combines
STDP, STBP, and Monte Carlo Dropout methods, reducing
the time step requirement to 300 steps. However, the model

still faces challenges in deployment on mobile robotic plat-
forms, and its detection accuracy remains inferior to that
of current mainstream ANN models like YOLOv5. Liu et
al. [32] were the first to deploy an SNN-based object detec-
tion system on a robot, but the performance was suboptimal.
Luo et al. [34] proposed the Integer-Valued Training and
Spike-Driven Inference Spiking Neural Network, but it still
faces issues related to large energy model parameters and
high energy consumption. In this work, we propose using
fully directly trained SNNs for object detection, offering a
novel and efficient solution.

2.3. SNNs Training Method

The development of SNNs has long been constrained by
training methodologies. To enable deeper SNN architec-
tures, two primary training approaches have been devel-
oped. The ANN-to-SNN method replaces ReLU activation
functions with spiking neurons, aiming to simulate contin-
uous activation by controlling the firing rates of these neu-
rons. While this approach can achieve high performance,
it typically requires long time steps and struggles with se-
quence tasks that leverage the spatiotemporal dynamics of
SNNs. To address the non-differentiable nature of SNNs,
researchers have used surrogate gradients [25, 44, 52] to
approximate the derivative of spiking functions. Wu et
al. introduced the spatio-temporal backpropagation (STBP)
framework [49], which considers both spatial and temporal
dependencies during training, and later enhanced it with a
neuron normalization technique [48]. Gu et al. proposed
spatio-temporal credit assignment (STCA) with a tempo-
ral loss function [14]. Kim et al. developed batch normal-
ization through time (BNTT) for BPTT [24], while Zheng
et al. introduced threshold-dependent batch normalization
(tdBN) for STBP [55]. This direct training is more flexi-
ble and requires fewer time steps but often results in per-
formance that is inferior to that of artificial neural net-
works with the same architecture. Leveraging these emerg-
ing techniques, direct training methods can be used to build
low-latency, high-accuracy SNNs [7, 41]. In this work, we
focus on utilizing directly trained SNNs for object detec-
tion, as this approach offers greater architectural flexibility.

3. Proposed Method
3.1. Preliminary Definition

Event Input Considering the spatiotemporal characteris-
tics of SNNs, static images generated by frame cameras
are duplicated and used as input frames for each time
step, while each pixel of an event camera responds in-
dependently to changes in light. When the logarithmic
change in light I(x, y, t) exceeds the threshold θth, an event
en = (xn, yn, tn, pn) is generated at the timestamp tn
for the pixel (xn, yn). The polarity pn ∈ [−1, 1] indi-
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cates an increase or decrease in light intensity. Given a
spatiotemporal window Ω, the asynchronous event stream
E = {en ∈ Ω,n = 1, · · · , N} represents a sparse point
grid in 3D space. In this paper, we split the asynchronous
event stream into time bins with a constant time window dt,
mapping the events into a 2D representation similar to an
image [45]. The network processes T fixed time steps at a
time, resulting in a total sequence of Γ = T × dt.
Energy Consumption The computational energy con-
sumption of neuromorphic hardware is often measured by
the number of operations. In ANNs, each operation in-
volves floating-point multiplications and additions (MACs),
and the computational load is typically estimated using
floating-point operations (FLOPs). SNNs, however, are
more energy-efficient in neuromorphic hardware since neu-
rons only perform accumulation computations (AC) during
spikes, and this can be achieved with a comparable num-
ber of synaptic operations (SyOPs). However, many exist-
ing SNNs introduce extra MAC operations due to design
limitations. We define the energy consumption of SNNs as
E =

∑n
i=1 Ei. Ei represents ith block:

Ei = T × (fr ×EAC ×OPAC +EMAC ×OPMAC), (1)

where T and fr denote time steps and firing rate. The en-
ergy consumption is determined by the number of AC op-
erations and MAC operations. For a 32-bit floating-point
implementation using 45nm technology, EMAC = 4.6pJ
and EAC = 0.9pJ .

3.2. Spiking Convolutional Neuron

Neurons are the fundamental units of neural networks, con-
verting a large number of synaptic inputs into meaningful
action potential outputs. In ANNs, neuron models typi-
cally disregard temporal dynamics, focusing on information
propagation in the spatial domain. While this approach sim-
plifies computation, it fails to capture the temporal charac-
teristics of biological neurons. In contrast, SNNs use spik-
ing neurons, which are more biologically realistic because
they emulate the membrane potential dynamics and spike-
based communication schemes, making them a more faith-
ful representation of biological processes.

As illustrate in Fig. 2, among spiking neuron models,
the Leaky Integrate-and-Fire (LIF) model, the Quadratic
Integrate-and-Fire (QIF) model, and the Adaptive Exponen-
tial Integrate-and-Fire (AdEx) model are the most promi-
nent. The LIF model, in particular, strikes a balance be-
tween biological realism and computational complexity,
making it widely used for constructing SNNs. Addition-
ally, spiking neurons incorporate rich biological features
and consume less energy compared to ANN neurons. We
are able to train deep SNNs with a speedup of tens of times

by iterative LIF model [48], which can be describe as:

V t+1,n+1(i) =kτ1V
t,n+1(i)(1− ot,n+1(i))

+

l(n)∑
j=1

ωn
ijo

t+1,n(j),
(2)

ot+1,n+1(i) = f(V t+1,n+1(i)− Vth), (3)

where n and l(n) denote the n-th layer and its neuron num-
ber, respectively, V t+1,n+1(i) is the membrane potential of
the i-th neuron in layer n + 1 at time step t, and τ is the
decay factor for leakage. ωn

ij represents the synaptic weight
from the j-th neuron in the pre-layer (layer n) to the i-th
neuron in the post-layer (layer n + 1). The synaptic input
is the sum of j spikes ot+1,n(j) multiplied by the synap-
tic weights ωn

ij from the previous layer n. f(·) is the step
function, defined as f(x) = 0 when x < 0 and f(x) = 1
otherwise. As shown in Fig. 2, a spike activity is con-
trolled by the threshold Vth. Once a neuron fires at time
step t+ 1,Vt+1,n+1 is reset to Vrest.

Additionally, to resolve the issue of indistinguishable
spikes in backpropagation, we utilize the surrogate gradi-
ent [49], which can be expressed as:

∂ot,n(i)

∂V t,n(i)
=

1

a
Signal(| V t,n(i)− Vth |) ≤ a

2
, (4)

where a where a is introduced to ensure that the gradient
integrates to 1 and to determine the steepness of the curve.
We utilize the tdBN [55] normalization method, which takes
both spatial and temporal domains into account. tdBN can
be described as:

tdBN(It+1(i)) = λi
αVth(I

t+1(i)− µci)√
σ2
ci + ϵ

+ βi, (5)

V t+1,n+1(i) = τV t,n+1(i)(1−ot,n+1(i))+tdBN(It+1(i)),
(6)

where µci,σ2
ci are the mean and variance for each chan-

nel computed using mini-batch continuous inputs, given
by It+1(i) =

∑l(n)
j=1 ω

n
ijo

t+1,n(j), ϵ is a small constant to
avoid division by zero, while λi and βi are two trainable
parameters, α is a threshold-related hyperparameter.

As shown in Algorithm 1, we introduce the working
principle of a spiking convolutional neuron (SCN). SCN
controls membrane potential mem updates through LIF and
decay factors. The Spike Conv performs convolution oper-
ations with time step, aiding in capturing the dynamic char-
acteristics of time-series or spike data. tdBN applies batch
normalization to data with a time dimension.

3.3. Optic Nerve Nucleus Block

In neuroscience, multiple neurons form a neural network
interconnected by synapses, enabling complex signal trans-
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Algorithm 1 Algorithm of Spiking Convolutional Neuron

Input: X ∈ RT×C×H×W (T = Time Window)
Output: X ∈ RT×C×H×W

1: 1. LIF
2: mem = zerolike.X[0]
3: spike = zerolike.X[0]
4: Xmem = zerolike.X[0]
5: memold = 0
6: for i ∈ range(T ) : do
7: if T>0 then
8: mem = memold ∗ decay ∗ (1− spike) +X[i]
9: else

10: mem = X[i]
11: end if
12: spike = SiLU(mem)
13: memold = mem.clone()
14: Xmem[i] = spike
15: end for
16: return Xmem

17: 2. Spike Conv
18: H = (height− kernel + 2 ∗ padding)/stride+ 1
19: W = (width− kernel + 2 ∗ padding)/stride+ 1
20: Y = zero tensor
21: Y = [T,B,Cout, h, w]
22: for i ∈ range(T ) : do
23: Y [i] = Conv2D(input[i], weights, bias, stride, pad)
24: end for
25: return Y
26: 3. tdBN
27: Xinput = [N,C, T,H,W ](N = batch)
28: Transpose Xinput to [C, T,N,H,W ]
29: Reset Running Stats()
30: if affine: then
31: weight = α ∗ thresh (α=scale factor)
32: bias = 0
33: end if
34: Transpose Back
35: Xoutput = nn.BatchNorm3d(Xoutput)
36: Output = tdBN(Spike Conv(LIF(Input)))
37: return Output

mission and processing. Neurons communicate via electro-
chemical signals (action potentials) and can group into neu-
ral nuclei to perform specific functions. Currently, SNNs
primarily utilize a residual structure similar to ResNet. The
SCN can be seen as comprising multiple neurons of the Op-
tic Nerve Nucleus Block, where signals retain initial infor-
mation as they pass through layers, with bypass signals en-
hancing transmission to prevent information loss.

As illustrated in Fig. 3, We define the Optic Nerve Nu-
cleus Block (ONNB) to achieve residual learning by con-
straining the final LIF activation function to each residual

Figure 3. Overall architecture of the optic nerve nucleus block
(ONNB) is designed to enable residual learning by applying the
final LIF activation function to each residual and shortcut path.

and shortcut path. When a spike is received by each path:

Xt = F r(Xt−1) + F s(Xt−1) = 2, (7)

which means that the non-spike convolution operation in
the next block will introduce MAC operations. where Xt

is the output of the t-th block F r(·) is residual path and
F s(·) is shortcut path. Despite attempts to use AND or
IAND operations to avoid this issue, they resulted in in-
tolerable performance losses. For the MSResNet[17], it ig-
nores the non-spiking convolution operations on the short-
cut path. When the dimensions or the number of channels in
the network change continuously, the energy consumption
caused by this component cannot be overlooked. We de-
sign Spiking Neuron (SN) from the perspective of reducing
parameters and avoiding MAC operations, where the resid-
ual path adopts the structure of two SCNs. On the shortcut
path, considering the continuous downsampling process in
the object detection task, we employ maxpooling to reduce
parameters while introducing SCN to convert information
into sparse spikes, enabling the entire network to operate in
a fully spiking manner.

Given static image or event stream is represented as
X = {Xt}Tt=1. The format of input data Xt at each time
step t is C×H×W , where C denotes the number of chan-
nels and H×W represents the resolution. In the backbone,
the first convolutional layer is trained to convert the input
into spikes, with LIF neurons integrating the weighted input
and generating output spike sequences when the membrane
potential exceeds the trained firing threshold. Subsequently,
ONNBs are utilized to extract target features from various
dimensions and channel counts, enhancing the robustness
of the network.

We construct the core components of ONNB by assem-
bling two convolution modules (Conv), each comprising
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standard convolution, batch normalization and SiLU acti-
vation layers, along with several SNs. The output of the
Conv is represented as follows:

ConvM(X) = SiLU(BN [conv(X)]), (8)

where conv(·) denotes the convolution operation.
In the ONNB, the input feature map X ∈ RT×Cin×H×W

undergoes a Conv, resulting in the output X ∈
RT×C×H×W . Then, the output is split into two parts which
halve the number of channels, with one feature map serv-
ing as input to the Spike Neuron (SN), and the other as
input for feature fusion. Subsequently, the input feature
map X ∈ RT×0.5C×H×W is sequentially passed through
n SNs, retaining the output features from each SN. After-
wards, these output features are concatenated together to
obtain X ∈ RT×0.5(n+3)C×H×W . Finally, we pass the
fused feature map through a Conv to resize the output fea-
ture map to T × C ×H ×W .

SN(X) = [SCN(SCN(X)),SCN(Maxpool(X))], (9)

ONNB(X) = Conv[Conv(X), Sp(X),

SN(Sp(X)), · · · ,SN(· · · SN(Sp(X))],
(10)

where [·] denotes concatenate operation, Sp(·) denotes split
operation which split the input into two along the chan-
nel dimension, · · · encompasses the operations of pass-
ing through n SNs, which have been omitted for brevity.
Each branch is concatenated to obtain the output feature
map X ∈ RT×0.5(n+3)C×H×W , which is subsequently pro-
cessed to produce the output X ∈ RT×C×H×W through a
Conv layer.

We concatenate 2 Conv layers and n SNs at each stage
as depicted in Fig. 3. Different stages employ varying quan-
tities of SNs in ONNB. The outputs from stages 3 and 4 are
used as inputs C3 and C4 for the subsequent feature fusion
operation within the multi-scale spiking detection frame-
work. Additionally, the output from stage 4 undergoes pool-
ing operation SPPF to yield C5.

3.4. Multi-scale Spiking Detection Framework

Feature pyramid innovatively integrates and outputs infor-
mation at different scales through a top-down pathway, sig-
nificantly enhancing the network’s detection performance
for multi-scale objects. As illustrated in Fig. 4, we achieve
this by leveraging ONNB to learn the spike response of fea-
tures at different depths during the fusion process, merging
fine-grained features from adjacent lower levels by SCN to
generate high-quality feature representations for each scale.

For detector head, we introduce spikes into the Decou-
ple Head to provide distinct features for classification and
regression tasks. The SCN can automatically adjust the im-
portance of each sub-task through spike-driven excitation,

Figure 4. Overall architecture of the multi-scale spiking detection
framework (MSDF), which integrates features at different scales
and simulates biological perception of objects by the responses of
spiking convolutional neuron (SCN) in decouple head.

allowing the two branches to focus on their respective fea-
tures and predictions.

As a classification and regression task for SNN models,
the main challenge in object detection is to transform the
extracted features into precise continuous value representa-
tions of bounding box coordinates using spike trains. Here,
we input the final membrane potentials of the neurons into
each detector to generate anchors of varying sizes. After ap-
plying NMS-free processing, we obtain the final class coor-
dinates and bounding box coordinates for different objects.

4. Experimental Results
4.1. Implementation Details

We apply mosaic data augmentation with a 0.5 stochas-
tic probability. Utilizing the Stochastic Gradient Descent
(SGD) optimizer, we set the momentum to 0.9 and com-
mence training with a learning rate of 0.01, which is then
decayed using cosine annealing to 0.0001. Our training uti-
lizes a batch size of 32 and 300 epochs, resizing input im-
ages to 640× 640 pixels sourced from COCO 2017.

The experiments are conducted in the PyTorch frame-
work, utilizing a workstation equipped with an RTX 3090
Ti 24-GB GPU and 32-GB RAM. We set the reset value
Vreset of LIF neurons to 0, the membrane time constant τ
to 0.25, the threshold Vth to 0.5, and the coefficient α to 1.

4.2. Datasets

MS COCO dataset [31] is a primary static dataset for ob-
ject detection. COCO 2017 val contains 80 classes, consist-
ing of 118K training images and 5K validation images. We
train on the train 2017 set, tuned hyperparameters using the
val 2017 set, and evaluated on the test 2017 set, comparing
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with state-of-the-art object detectors.
Gen1 dataset [5] is a large-scale neuromorphic dataset de-
signed for object detection, featuring 39 hours of open-road
and various driving scenarios recorded with an ATIS sensor
at a resolution of 304×240 pixels. It is divided into training,
validation, and testing sets, and includes more than 255,000
manually labeled bounding boxes for pedestrians and ve-
hicles. For each label, we process the event stream from
2.5 seconds prior, dividing it into T slices as input for the
model. Training is conducted over 50 epochs and maintains
the same hyperparameters as COCO 2017.

4.3. Comparison Experiments and Analysis

We conduct experiments to evaluate the performance of our
proposed method with several existing state-of-the-art ob-
ject detectors on two commonly used benchmarks.

Table 1. Comparison experiments on COCO 2017 dataset.

Method Params(M)Power(mJ)mAP@0.5@mAP@0.5:0.95

Spiking-Yolo [23] 10.2 - - 25.7
Bayesian Optim [22] 10.2 - - 25.9
Spike Calib [28] 17.1 - 45.4 -
EMS-YOLO [45] 26.9 29.0 50.1 30.1
Meta-SpikeFormer [50] 16.8 34.8 45.0 -
Meta-SpikeFormer(YOLO) [50] 16.8 70.7 50.3 -
SpikeYOLO [34] 13.2 23.1 59.2 42.5
MSD 7.8 6.4 62.0 45.3

Results on COCO 2017 dataset As it illustrate in Table 1,
we obtain 62.0% mAP@50 and 45.3%mAP@0.5:0.95,
which is +2.8% and + 2.8% higher than the prior state-
of-the-art SNN, higher than the prior state-of-the-art SNN.
MSD also shows significant advantages over existing SNNs
in terms of parameters and power consumption, with 7.8
M parameters and 6.4 mJ, outperforming current methods.
The comparison results with ANN-based object detection
methods are presented in the Supplementary Materials.

Additionally, as illustrate in Fig. 1, we showcase the
MSD’s detection results on dense, occluded, small objects,
and complex backgrounds, all of which demonstrate out-
standing detection performance on COCO 2017 dataset.
MSD accurately localizes and identifies pedestrians con-
cealed near vehicles, overlapping pedestrians, and distant
small-scale targets, demonstrating its capability to handle
such challenging scenarios effectively. MSD demonstrates
exceptional proficiency in accurately detecting densely oc-
cluded objects, showcasing its robustness in challenging en-
vironments with complex backgrounds.
Results on Gen1 dataset: As shown in Table 2, MSD
significantly improved the performance benchmark of the
Gen1 dataset in SNNs. With 7.8M parameters and 6.51mJ
energy consumption, it outperforms the state-of-the-art
SNN model by 8% in mAP@0.5 and 8% in mAP@0.5:0.95,
demonstrating the promising potential of SNNs in han-
dling neuromorphic data. Compared to SpikeYOLO with

T×D set to 5×1, MSD achieves a +0.3 mAP@0.5 and +0.4
mAP@0.5:0.95 improvement, while using less than 40.9%
of the parameters and 40.8% of the energy consumption.

Moreover, we showcase the MSD’s detection results on
Gen1 dataset in Fig. 6. The visualization results show the
varying performance of the proposed method on event cam-
era data. MSD can accurately detect occluded moving ob-
jects and distant targets, demonstrating the promising po-
tential of SNNs in processing neuromorphic data.

Table 2. Comparison experiments results on Gen1 dataset.

Method Params(M) Power(mJ) T × D mAP@0.5 @mAP@0.5:0.95

EMS-YOLO [45] 14.4 3.4 5 59.0 31.0
Spiking-Yolo [23] 7.9 102.3 500 44.2 -
Tr-Spiking-Yolo [51] 7.9 0.9 5 45.3 -
SpikeYOLO [34] 13.2 11.0 5×1 66.0 38.5
MSD 7.8 6.51 5×1 66.3 38.9

4.4. Ablation Study

To better understand the effectiveness of proposed methods
in reducing energy consumption, we conducted ablation ex-
periments of the proposed method on the Gen1 dataset.

Table 3. Ablation experiment on Gen1 dataset.

Method Params(M) Power(mJ) T × D mAP@0.5 @mAP@0.5:0.95

Baseline 8.8 38.2 1 56.8 37.4
+ONNB 7.8 11.3 5×1 64.3 34.2
+MSDF 7.7 20.9 5×1 59.1 41.1
MSD (ONNB+MSDF) 7.8 6.5 5×1 66.3 38.9

Effect of ONNB: In Table 3, ONNB significantly improves
performance with a minimal increase in parameters. We
obtain 64.3% mAP@50 and 34.2% mAP@0.5 0.95 by de-
ploying ONNB with 26.9mJ power and 1.0M parameter re-
duction. In Table 3, ONNB significantly improves perfor-
mance with a minimal increase in parameters. In the vi-
sualized detection results shown in Fig. 5, the introduction
of ONNB significantly reduces missed detections and im-
proves the accuracy of detecting low-quality objects.
Effect of MSDF: MSDF positively impacts the perfor-
mance of both the baseline and our final network. Ad-
ditionally, we found that MSDF has a minimal impact
on the model’s parameter count while significantly reduc-
ing energy consumption. Only by deploying MSDF on
the baseline, we still achieved performance reductions of
2.3% mAP@50 and 6.1% mAP@0.5:0.95. We finaly ob-
tain 66.3% mAP@50 and 38.9% mAP@0.5:0.95 in MSD
by adding ONNB and MSDF. Wherein, we reduced en-
ergy consumption 82.9% and parameter count by 11.2%. In
the visualized detection results shown in Fig. 5, MSDF im-
proves the detection accuracy of objects at different scales.
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Baseline ONNB MSDF MSD

Figure 5. Object detection results on the COCO 2017 dataset. The first three columns compare the effect of Baseline, ONNB, MSDF. The
fourth columns compare the MSD performance. MSD could accurately locate and identify pedestrians hidden near vehicles, overlapping
pedestrians, and small-scale distant targets, demonstrating proposed methods effectiveness in handling such challenging scenarios.

Baseline ONNB MSDF MSD

Figure 6. Object detection results on the Gen1 dataset. By compar-
ing the visualization results of the proposed methods across differ-
ent scenarios, we obtain varying performance on data containing
temporal information.

5. Limitations

Although our model achieves competitive performance with
small amount of parameters, it still presents two main lim-

itations. Initially, the further ablation experiments of our
model with varying depths and parameters have not been
conducted, limiting a more in-depth analysis of ONNB and
MSDF. Furthermore, the affects of membrane potential re-
set mechanism in learning dynamics and convergence re-
main unclear and warrants further investigation.

6. Conclusion
In this work, we propose a directly-trained Multi-scale
Spiking Detector. Initially, a plug-and-play, brain-inspired
Optic Nerve Nucleus Block exhibit low energy consump-
tion and high efficiency, facilitating deployment on SNN
neuromorphic hardware. Additionally, Multi-scale Spiking
Detection Framework achieve performance comparable to
ANNs in shorter time steps. This work greatly reduces the
performance gap between SNNs and ANNs in object detec-
tion tasks. In future work, we will further investigate the
use of pulse neurons in multi-visual task applications and
address the current limitations.
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