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Abstract

In recent years, with the advancements in brain science, spik-
ing neural networks (SNNs) have garnered significant atten-
tion. SNNs can generate spikes that mimic the function of
neurons transmission in humans brain, thereby significantly
reducing computational costs by the event-driven nature dur-
ing training. While deep SNNs have shown impressive per-
formance on classification tasks, they still face challenges
in more complex tasks such as object detection. In this pa-
per, we propose SpikingYOLOX, extending the structure of
the original YOLOX by introducing signed spiking neurons
and fast Fourier convolution (FFC). The designed ternary
signed spiking neurons could generate three kinds of spikes
to obtain more robust features in the deep layer of the back-
bone. Meanwhile, we integrate FFC with SNN modules to
enhance object detection performance, because its global re-
ceptive field is beneficial to the object detection task. Exten-
sive experiments demonstrate that the proposed SpikingY-
OLOX achieves state-of-the-art performance among other
SNN-based object detection methods.

Introduction
Significant advancements in deep learning have greatly en-
hanced the performance of object detection algorithms in
terms of both accuracy and real-time processing. Object de-
tection focuses on identifying and locating multiple overlap-
ping objects within an image, providing precise bounding
boxes for each object. Techniques based on deep networks,
such as Convolutional Neural Networks (CNNs), Region-
based CNNs (R-CNN), and single-shot detectors like YOLO
(You Only Look Once), have been widely adopted. Notably,
the YOLO series (Redmon et al. 2016; Redmon and Farhadi
2017, 2018; Bochkovskiy, Wang, and Liao 2020; Jocher
2020; Li et al. 2022a; Ge et al. 2021; Wang, Bochkovskiy,
and Liao 2023) has consistently pursued optimal speed and
accuracy for real-time applications. These methods have
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demonstrated remarkable potential and applicability across
various domains, including autonomous driving, surveil-
lance, and medical imaging analysis. However, as data vol-
umes increase and model sizes grow, there is an urgent
need to develop low-energy consumption object detection
models. Spiking neural networks (SNNs), regarded as po-
tential competitors to artificial neural networks (ANNs) for
their high biological plausibility and low power consump-
tion (Rueckauer et al. 2017; Tavanaei et al. 2019; Xu et al.
2018, 2023), offer promising potential for implementing
energy-efficient object detection models.

Recently, SNN-based techniques have been applied to ob-
ject recognition and detection, achieving performance close
to that of ANNs on simpler classification datasets (Tavanaei
et al. 2019). To bridge the performance gap between ANNs
and SNNs, deeper network structures within SNNs, such as
ResNet, have been explored (Hwang et al. 2021; Hu, Tang,
and Pan 2021; Zheng et al. 2021; Samadzadeh et al. 2023).
Spiking-YOLO (Kim et al. 2020b) represents a pioneering
effort in this area, implementing channel-wise data-based
normalization to mitigate information loss; however, this ap-
proach led to significant performance degradation. To fur-
ther narrow the gap between ANN- and SNN-based YOLO
models in object detection, EMS-YOLO (Su et al. 2023) was
the first to apply a trained Spiking ResNet to object detec-
tion. These studies have demonstrated the high-performance
potential of SNNs in object detection, as well as their low
energy consumption. Nevertheless, when faced with more
complex datasets, such as those found in the COCO dataset,
SNNs still significantly lag behind ANNs in object detection
scenarios. Therefore, we focus on how to improve the object
detection by using SNN.

One of the bottlenecks impacting the network’s ability to
extract features when using SNN on object detection is the
size and structure of the receptive field. In the context of
convolutional kernel operations, which are commonly used
to extract local features in object detection tasks, the recep-
tive field refers to the region of the input image that a partic-
ular neuron is ”looking at.” As these operations are applied
in deep convolutional neural networks, successive convolu-
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tional and pooling layers progressively enlarge the receptive
field, allowing the network to capture more comprehensive
features from the input image. A large effective receptive
field is essential for understanding the global structure of
an image and for solving object detection tasks effectively.
However, we observe that many current popular SNNs lack
a sufficiently large receptive field, even with deeper layer
structures. (Xu et al. 2022; Shen et al. 2023) To address this
limitation and achieve a global receptive field, spectral op-
erations present a viable solution. Therefore, we introduce
Fast Fourier Convolutions (FFCs), which provide a recep-
tive field encompassing the entire image. We demonstrate
that this property of FFCs significantly enhances object de-
tection performance.

In this paper, we propose SpikingYOLOX, marking the
first application of SNNs based on the YOLOX architecture.
We integrate spiking neurons in the deeper layers for feature
extraction to implement low computational cost. To enhance
performance, we design a tenary signed spiking neuron, in-
spired by fastSNN (Hu et al. 2023), to replicate the func-
tionality of activation functions in ANNs. Additionally, we
employ FFCs in the bottleneck part of the backbone, lever-
aging their global receptive field for superior feature extrac-
tion. We evaluate our model on the COCO2017 dataset, and
our experiments demonstrate that both the signed spiking
neurons and the application of FFCs significantly improve
object detection performance. To the best of our knowledge,
this is the first application of an SNN module to the YOLOX
architecture, trained in an end-to-end manner. The contribu-
tions of this paper are as follows:

• We propose SpikingYOLOX, an innovative SNN object
detection model. This represents the first instance of inte-
grating SNNs into the YOLOX architecture, demonstrat-
ing that SNNs can achieve high-performance object de-
tection tasks with low energy consumption.

• We introduce two novel SNN modules: CSP-FFC-SNN
and SPP-SNN, to harness the strengths of both ANNs and
SNNs. The CSP-FFC-SNN module incorporates FFC to
provide a global receptive field, enhancing feature extrac-
tion and improving object detection performance. The
SPP-SNN module integrates Spatial Pyramid Pooling
(SPP) with spiking neurons to further refine detection ca-
pabilities.

• We propose a ternary signed spiking neuron to replace
traditional activation functions in ANNs. Unlike conven-
tional binary 0-1 spiking neurons, our ternary design can
generate negative spikes as well as 0-1 spikes, provid-
ing richer feature information. This allows the network
to capture more complex patterns and improves overall
detection accuracy.

By incorporating these innovations, our work advances the
field of SNN-based object detection and sets a new bench-
mark for integrating SNNs with established ANN architec-
tures like YOLOX. Extensive experiments validate the ef-
fectiveness of our proposed methods, demonstrating signifi-
cant improvements in detection performance on benchmark
datasets.

Related Work
The object detection task involves locating one or multiple
objects within an image by drawing bounding boxes around
them and identifying their classes. Consequently, deep neu-
ral networks (DNN) models for object detection are com-
posed of two primary components: one classifier that iden-
tifies the objects, and one regression module that predicts
the precise coordinates (x and y axes) and size (width and
height) of the bounding boxes. Since accurate prediction of
bounding boxes is generally more difficult because of the
regression operation, object detection is a significantly more
challenging task than image classification.

Yolo Series for Object Detection
Numerous object detection methods have been developed,
ranging from DNN-based approaches to Transformer-based
models. These methods typically consist of a feature extrac-
tion module and a detection head that produces the final re-
sults. Among CNN-based models, several high-speed and
high-performance methods have emerged, including R-CNN
(Girshick et al. 2014), Fast R-CNN (Girshick 2015), Faster
R-CNN (Ren et al. 2015), Mask R-CNN (He et al. 2017),
SSD (Liu et al. 2016), and the YOLO series (Redmon and
Farhadi 2018). Recent iterations of the YOLO series, such as
YOLOv8 (Lou et al. 2023), which introduces the C2f build-
ing block for enhanced feature extraction and fusion, and
YOLOv9 (Wang, Yeh, and Liao 2024), which proposes the
GELAN architecture and PGI for augmented training pro-
cesses, continue to advance the field.

In the realm of Transformer-based object detection,
DETR (Carion et al. 2020) stands out as the pioneering
model that introduced the Transformer architecture. DETR
employs Hungarian loss to achieve one-to-one matching
prediction, thereby eliminating the need for hand-crafted
components and post-processing steps. Since then, various
DETR variants have been proposed to enhance performance
and efficiency (Meng et al. 2021; Wang et al. 2022b; Li et al.
2022b; Liu et al. 2022). Deformable-DETR (Zhu et al. 2020)
further pushes the boundaries of Transformer-based object
detection by leveraging a multi-scale deformable attention
module to accelerate convergence.

However, as model parameters continue to increase in
both DNN-based and Transformer-based models, there is an
urgent need to develop energy-efficient models that strike a
balance between performance and computational cost. SNN
offers a promising solution by potentially reducing energy
consumption while maintaining high performance.

SNN-based Object Detection
Object detection tasks often require SNN with deep archi-
tectures to achieve high performance. There are two com-
monly used approaches for training deep SNNs. The first
approach is the ANN-to-SNN conversion method, where
ANN are converted into SNNs (Hunsberger and Eliasmith
2015; Rueckauer et al. 2017; Han, Srinivasan, and Roy
2020; Deng and Gu 2021; Simonyan and Zisserman 2014;
Li et al. 2021). This approach approximates the average fir-
ing rate of SNNs to match the continuous activation values
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Figure 1: SpikingYOLOX Network. This image shows the simple structure of our SpikingYOLOX.

Figure 2: Decoupled Head from YOLOX (Ge et al. 2021).
We apply this structure in our SpikingYOLOX.

produced by ReLU nonlinearity in ANNs. Therefore, the
performance of the converted SNN is heavily dependent on
the accuracy and efficiency of the original ANN. Spiking-
YOLO (Kim et al. 2020b) represents a pioneering effort to
develop a spike-based object detection model. In Spiking-
YOLO, the introduction of a signed neuron allows for a di-
rect mapping of leaky-ReLU into SNNs. It also implements
fine-grained, channel-wise data-based normalization to re-
duce information loss, though this approach still results in
notable performance degradation. Qiu (Qiu et al. 2023) de-
veloped a highly efficient and low-latency SNN for object
detection, using ANN quantization techniques. The Feed-
Forward Integrate-and-Fire (FewdIF) neuron is employed to
facilitate high-speed object detection. Furthermore, to sup-
port neuromorphic hardware implementations, the region-
based SNN (R-SNN) featuring the commonly used IF neu-
ron is proposed in (Jin et al. 2023). The spiking bounding
box regressor in R-SNN is designed to decode the spiking
trains from output neurons into real-valued bounding box
offsets. However, most current ANN-to-SNN models for ob-
ject detection require a significant number of time steps for
the converted SNNs, and their performance remains closely
tied to that of the original ANN models.

The second category involves directly training SNNs us-
ing surrogate gradients (Neftci, Mostafa, and Zenke 2019).
Su introduced EMS-YOLO, an energy-efficient object de-
tection model that utilizes a directly trained SNN with the
surrogate gradient method. The EMS-ResNet architecture
within EMS-YOLO incorporates fully spike-based residual
blocks, enabling low power consumption (Su et al. 2023).
Despite these advances, directly trained SNN models for ob-

ject detection still face challenges, particularly in enhancing
the feature extraction capabilities of SNNs to align with the
demands of object detection tasks.

Methodology
The goal of our research is to achieve high-performance ob-
ject detection using SNN. We modify the YOLOX (Ge et al.
2021) backbone for feature extraction and add spiking neu-
rons in the deep layer to mimic how brain works in human
beings and to extract features in an adjacent coding. Addi-
tionly, the inclusion of FFCs is aimed at leveraging its global
receptive field capabilities to enhance feature extraction and
improve the overall performance. By combining these inno-
vative elements, our research seeks to push the boundaries
of SNN-based object detection and demonstrate its potential
for achieving state-of-the-art results. We will introduce our
network in details step by step.

Network Structure
In the original YOLOX backbone, the architecture in-
corporates the DarkNet53 backbone along with Spatial
Pyramid Pooling (SPP) layers, similar to YOLOv3-SPP
(Bochkovskiy, Wang, and Liao 2020; Jocher 2020). The
Cross-Stage Partial Network (CSPNet), initially introduced
in YOLOv5 (Jocher 2020), is also utilized in YOLOX for
various model sizes (e.g., S, M, L) along with the SiLU
activation function. We further modify these modules by
integrating spiking neurons for SNN with different model
sizes. The backbone of our network is based on the modi-
fied CSPNet from YOLOv5. During training, Binary Cross
Entropy (BCE) Loss is employed for classification and ob-
ject branches in the detection head, while Intersection over
Union (IoU) Loss is used for the regression branch. These
training techniques are orthogonal to the core improvements
of YOLOX, and we have maintained them in the training
procedure for our SpikingYOLOX network.

In object detection tasks, the conflict between classifica-
tion and regression (bounding box) is well-known (Song,
Liu, and Wang 2020; Wu et al. 2020). YOLOX addresses
this by introducing a decoupled detection head, which re-
places the traditional coupled head in the YOLO series to en-
hance convergence speed during end-to-end training. At the
beginning of the decoupled head, a 1 × 1 convolution layer
is used to reduce feature channels, followed by two parallel
branches, each with two 3 × 3 convolution layers dedicated
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Figure 3: CSP-FFC-SNN (left) and SPP-SNN (right). We
use spiking neurons to replace the activation functions in
ANN to reduce computation cost and get better gradient for
backpropogation.

to classification and regression tasks, respectively. Addition-
ally, an IoU branch is added to the regression branch. Figure
2 illustrates the structure of the decoupled head. We adopt
this decoupled head in our models, maintaining the same
structure without incorporating spiking neurons.

The overall network structure is depicted in Figure 1.
We introduce spiking neurons into the deeper layer of the
backbone, precisely, in the dark5 stage, to mimic neuronal
processes when working with extracted feature maps to
achieve detection results. The CSP layers and the SPP bot-
tleneck feature specially designed for spiking neurons that
replace traditional activation functions to enhance perfor-
mance, which are CSP-FFC-SNN, SPP-SNN, and Signed
Spiking Neurons.

CSP-FFC-SNN and SPP-SNN
The Cross Stage Partial (CSP) layer, originally proposed by
Wang (Wang et al. 2020) and introduced in object detection
by YOLOv4 (Bochkovskiy, Wang, and Liao 2020), suffi-
ciently enhances both detection speed and accuracy. Its par-
tial transition layer is designed to maximize the variation in
gradient combinations. In our model, we utilize the fusion-
first structure to fully exploit gradient information, as the
surrogate function used in spiking neurons requires gradi-
ents for backpropagation during training. In the feature ex-
traction branch of the CSP, all convolution layers have been
replaced by FFC ResBlocks, which possess a global recep-
tive field for feature extraction. In the shortcut branch, an
SNN layer is introduced to replace the pure convolution and
activation layers. The SNN’s robust feature extraction capa-
bilities against noise allow for precise feature map extrac-
tion in complex backgrounds. Both the CSP layer and the
SNN branch contribute to reducing computational load, fa-
cilitating easier network training. Consequently, in our net-
work, the CSP layer has been transformed into a CSP-FFC-
SNN layer, achieving a better balance between high-quality
feature maps and computational efficiency. Figure 3 shows
the structure of CSP-FFC-SNN. Furthermore, in order to
enhance feature map quality, we apply SiLU (Ramachan-
dran, Zoph, and Le 2017), known for its smooth gradient,

which aids in effective backpropagation and improves de-
tection performance.

One sigificant advantage of SNNs is their reduced compu-
tational cost, owing to their sparse feature coding using dis-
crete spikes rather than the continuous values in ANNs. Spa-
tial Pyramid Pooling (SPP) is widely adopted in object de-
tection for its flexibility and ability to extract high-level fea-
ture maps through various pooling layers. However, the pri-
mary drawback of SPP is its computational expense during
training. The sparse coding of SNNs can significantly miti-
gate this training cost. Moreover, the fixed value of spikes is
ideally suited for pooling layers. Therefore, we replace the
activation functions with spiking neurons in the input and
output layers, transforming the traditional SPP layer into an
SPP-SNN layer. The SPP-SNN structure is also depicted in
Figure 3. Note that SPP-SNN layer is positioned in the deep-
est layer of backbone, serving as a bottleneck layer.

FFC (Chi, Jiang, and Mu 2020) is an operator that lever-
ages global context in early layers and was originally used
in image inpainting tasks to generate missing pixels within
large masks of high-resolution images. FFC is based on a
channel-wise Fast Fourier Transform (FFT) (Brigham and
Morrow 1967) , providing a global receptive field that en-
compasses the entire image. This is crucial for object detec-
tion especially when extracting features in deep layers. FFC
splits channels into two parallel branches: a local branch
with convolution layers only and a global branch using real
FFT for global context. Real FFT, applied to real-valued
signals, and its inverse ensure that the output remains real-
valued. Unlike traditional FFT, which utilizes the entire
spectrum, real FFT uses only the positive spectrum, thereby
reducing computational cost. FFCs are fully differentiable
and can easily replace conventional convolutions, enhanc-
ing efficiency by enabling trainable parameters to focus on
reasoning and generation rather than merely propagating in-
formation.

When applying FFC to our model, we adapt the original
FFC to better align with the requirements of object detec-
tion and SNN. We change the activation function to ELU
(Clevert, Unterthiner, and Hochreiter 2015), which smooths
the output in the negative range, avoiding the zero-gradient
issue of ReLU and thereby preventing gradient vanishing
in deep layers. This adjustment is critical because, in SNN
training, extremely deep networks can fail to converge with-
out proper settings. Even a VGG-sized SNN may struggle
with convergence if not configured correctly. The properties
of ELU and the extensive application of FFC inspire us to
incorporate FFC into object detection, leveraging its global
receptive field for enhanced feature extraction. FFCs are in-
tegrated into FFC residual blocks within the backbone of our
network.

Our modified FFC implementation follows these steps:

1. apply Real FFT2d to the input tensor

Real FFT2d : RH×W×C → CH×W
2 ×C ,

and concatenate real and imaginary parts

ComplexToReal : CH×W×C → RH×W
2 ×2C ;
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2. apply convolution and activation function in the fre-
quency domain to gain global receptive field

ELU •BN • Conv1× 1 : RH×W
2 ×2C → RH×W

2 ×2C ;

3. apply inverse transform to recover a spatial structure

RealToComplex : RH×W
2 ×2C → CH×W

2 ×C ,

Inverse Real FFT2d : CH×W
2 ×2C → RH×W×C .

After processing through the FFC parts, global and local
features are fused with a coefficient to balance the ratio of
local and global features. In our model, the feature splitting
ratio between local and global branches is set at 1:3 (25%
local and 75% global). This modified FFC residual block is
then applied to our SpikingYOLOX network.

Signed Spiking Neurons
Previous studies (Hu et al. 2023; Wang et al. 2022a) have
identified sequential error which is arises when spiking neu-
rons are forced to fire after receiving all potential spikes dur-
ing the ANN to SNN conversion process. In particular, this
conversion loss is eliminated and the firing rates in layer L
of the converted SNNs are identical to activations in ANNs:

Latency = T × L = (2b − 1)× L, (1)

where b and T refers to the conversion bit-precision and
conversion time steps. Eq.1 illustrates that imposing a wait-
ing period at each layer could achieve a lossless conversion.
this approach becomes impractical when dealing with deep
neural networks, particularly those with a large number of
layers (L). To address this issue, we propose a novel signed
spiking neuron to preserve the integrity of the neural firing
pattern without introducing significant latency.

In ANNs, activation functions are employed to introduce
non-linearity to model complex relationships within data. In
constract, SNNs utilize spiking neurons, which generate bi-
nary spikes (0 or 1) as outputs. While this binary represen-
tation is sufficient for event-based data, which is inherently
binary, it is less suitable for the richer and more complex fea-
ture representations required for RGB image data. Simple 0-
1 binary spikes are often insufficient to capture the full range
of features present in such data. To address this limitation,
we propose an enhancement to the spiking neuron model
by introducing signed spikes, which allow for a broader and
more nuanced range of feature representation. This approach
extends the Ignite-and-Fire (IF) neuron model (Izhikevich
2003; Vogels and Abbott 2005; Ponulak and Kasinski 2011),
creating a ternary spiking mechanism where the spiking out-
put can take on values of -1, 0, or 1. The key innovation lies
in the ability of neurons to generate negative spikes, which
provide additional information that enhances the feature ex-
traction process.

Specifically, we impose a condition where neurons are
permitted to generate a negative spike only if they have pre-
viously generated a positive spike. This is controlled by a
secondary threshold, θ′, which is set to a small value (1e-3).
The spiking function Θ is defined as:

Θ =

 1, if V l
i ≥ θ,N = N + 1,

−1, if V l
i ≤ θ′ and N ≥ 1,

0, no firing,
(2)

where N tracks the number of positive spikes a neuron
has generated (initialized at 0), and V l

i is the positive spike
threshold. In IF neurons, the total membrane charge zli(t) at
time step t is:

zli(t) =
Mt−1∑
j=1

W l
ijS

l−1
j (t) + bli, (3)

where M l−1 is the set of neurons at layer l − 1, W l
ij is

the synaptic weight between neurons i and j, bli is the bias
term, and Sl−1

j (t) indicates an input spike from neuron j at
time t. The membrane potential of the IF neuron is updated
according to:

V l
i (t) = V l

i (t− 1) + zli(t)− θΘ(V l
i (t)− θ), (4)

where θ is the firing threshold, and Θ denotes the step
function acts as the spike. In our model, Θ is replaces by
Eq.2. The membrane potential update equation with the in-
clusion of negative spikes is given by:

V l
i (t) = V l

i (t− 1) + zli(t)− θΘ(V l
i (t)− θ)

+θ′Θ(θ′ − V l
i (t))Θ(N − 1).

(5)

This modified model enables the generation of negative
spikes, thereby enhancing the capacity of SNNs to extract
features from complex data more effectively. Experimental
results demonstrate that networks incorporating these signed
spiking neurons outperform those utilizing traditional non-
signed IF neurons, indicating the effectiveness of this ap-
proach in improving object detection performance.

Experiments
Implementation Details
Our codes are fully implemented in PyTorch, with spiking
neurons built by SpikingJelly (Fang et al. 2023). We employ
our designed SpikingYOLOX backbone for feature extrac-
tion while retaining the same structure of decoupled detec-
tion head as used in YOLOX (Ge et al. 2021). We use Adam
optimizer (Kingma and Ba 2014) with the step learning
rate degradation strategy. The initial learning rate is scale-
dependent, with the maximum value of 0.01. All models are
trained on the MS-COCO 2017 dataset (Lin et al. 2014), and
the total iteration epochs for training varies according to the
model scale.

We adopt Mosaic (Bochkovskiy, Wang, and Liao 2020;
Jocher 2020) and MixUp (Zhang et al. 2018) as data
augmentation techniques. Mosaic helps the network learn
bounding box more effectively by exposing more objects
within a single image. And MixUp (Zhang et al. 2018), orig-
inally developed for image classification and adapted in Bag
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Model sizes mAP(%) 0.5:0.95mAP(%) 0.5mAP(%) 0.75mAP(%) mAP small(%) mAP medium(%) mAP large(%)
Tiny 54.28 34.6 54.0 36.3 12.9 33.9 47.7

S 57.20 37.1 56.7 39.4 16.1 36.5 50.7
M 61.76 41.4 61.4 44.3 20.0 40.9 55.6
L 62.14 42.0 61.6 44.8 21.7 41.6 55.6
X 60.99 41.0 60.6 43.6 19.2 40.7 54.7

Table 1: Quantitative performance of SpikingYOLOX on COCO2017val.

Models Params(M) AP val(%)
YOLO-MS-XS 4.5 43.1
YOLOv6-3.0-N 4.7 37.0

YOLOX-tiny 5.1 52.3
SpikingYOLOX-tiny (Ours) 5.06 54.3

YOLOv6-3.0-S 18.5 44.3
YOLO-MS-S 8.1 46.2
YOLOv8-S 11.2 44.9
YOLOv9-S 7.1 46.7
YOLOX-S 9.0 57.3

SpikingYOLOX-S (Ours) 7.8 57.2

Table 2: Performance comparison on COCO2017val. Re-
sults show that in small parameters out SpikingYOLOX
could perform the best.

Method Model 0.5mAP(%)
ANN2SNN Spiking-YOLO (T=3500) 25.7

Bayesian Optimization (T=500) 21.1
Bayesian Optimization (T=5000) 25.8
Spike Calibration (T=64) 33.1
Spike Calibration (T=128) 43.6
Spike Calibration (T=256) 45.3
Spike Calibration (T=512) 45.4

Directly Trained EMS-YOLO-ResNet34 (T=4) 50.1
SpikingYOLOX-Tiny (Ours) 54.3
SpikingYOLOX-S (Ours) 57.2

Table 3: Comparison of SNN-based object detection net-
works on COCO2017val.

of Freebies (BoF) (Zhang et al. 2019) for object detection,
blends two images and their corresponding bounding boxes
using a coefficient to mitigate overfitting. All model weights
are initialized by pretrained YOLOX weights.

Evaluation
We train our network at various scales, following the
YOLOX settings, with the exception of the nano size: Tiny,
S, M, L, and X. The nano-sized network did not converge
during training. Table 2 shows the quantitative results on
COCO2017val. It shows that our networks perform well in
object detection, especially in average mAP. However, for
models with larger parameters, there is still room for im-
provement in our approach. For instance, the performance
of X size is inferior than L size. The reason is mainly due to
the huge size that leads to a much slower convergence.

We then compare our SpikingYOLOX with other object
detection networks based on the number of parameters and

Figure 4: Detection details. In the middle we show the fea-
ture maps (left column) and detection results (right column).

Figure 5: Detection results. Different arrows point to the
exact output layer of the decoupled head. THe blue arrow
points to the IoU result.

the results are shown in Table 2. It shows that compared to
other YOLO series models, our SpikingYOLOX performs
better in small parameters, demonstrating the effectiveness
of SNNs under these conditions.

We further evaluate our network against other SNN-based
object detection methods. Due to the limited number of such
studies on MS-COCO, we were able to compare our results
with only a few existing methods: Spiking-YOLO (Kim
et al. 2020b), Bayesian Optimization (Kim et al. 2020a),
Spike Calibration (Li et al. 2022c), and EMS-YOLO (Su
et al. 2023). Table 3 shows the results of comparison. The
results show that our SpikingYOLOX currently represents
the state-of-the-art in SNN-based object detection on the
COCO dataset. Remarkably, even the smallest scale of our
model surpasses the performance of other SNN-based mod-
els, demonstrating the effectiveness and superiority of our
approach.
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Position mAP(%) 0.5:0.95mAP(%) 0.5mAP(%) 0.75mAP(%)
Dark5 57.21 37.1 56.8 39.5
Dark4 54.50 35.0 54.3 37.1
Dark3 53.95 34.3 53.7 36.3
Dark2 55.60 35.8 55.3 38.2

Table 4: Object detection performance with different spiking
neurons positions in backbone.

Neurons mAP(%) 0.5:0.95mAP(%) 0.5mAP(%) 0.75mAP(%)
Ours 56.97 37.7 56.9 39.2

IF Node 56.85 36.8 56.5 39.1

Table 5: Object detection performance with simple IF Node
and our tenary signed neurons. The baseline model is the
original YOLOX-S.

FFC mAP(%) 0.5:0.95mAP(%) 0.5mAP(%) 0.75mAP(%)
Base 57.25 37.7 57.0 40.3

Dark5 57.67 37.2 57.3 39.3
Dark4&5 54.54 34.9 54.2 37.1

Table 6: Object detection performance with different FFC
settings. The baseline is the original YOLOX-S.

Detection Details
We further investigate the procedure of the object detection
process, particularly on the quality of the extracted feature
maps. Figure 4 illustrates the extracted features within the
backbone as well as detection procedures in the detection
head. The results demonstrate that our network is capable
of extracting meaningful and accurate image features, espe-
cially when incorporating signed spiking neurons.

Next, we delve into the details inside the detection head.
Having established that our network can generate reasonable
feature maps, it is crucial to examine the workings of the de-
tection head to ensure high-performance detection results.
Figure 5 shows the details of the detection head. In its deep-
est layer, we observe 85 channels: 4 channels for bounding
boxes, 1 channel for IoU, and 80 channels corresponding to
the detection classes of MS-COCO. The detection results,
specifically the bounding box predictions, accurately align
with the output layer, demonstrating that the feature maps
from our SpikingYOLOX backbone are well-suited for high-
quality object detection tasks.

Ablation Studies
Spiking Neurons Position
When incorporating spiking neurons to our model, it is vi-
tal to determine the optimal placement within the backbone.
We experiment by introducing our signed spiking neurons
at various points in the backbone. Table 4 shows the per-
formances. For simplicity, we only replaced the activation
layers in YOLOX-S with signed spiking neurons, leaving
other structures unchanged. The results indicate that the net-
work performs best when the SNNs are applied in the deep-
est layer. We attribute this to the fact that the loss of features

due to spikes, rather than convolution operations, has a sig-
nificant impact on feature extraction. Therefore, in our Spik-
ingYOLOX model, we position the signed spiking neurons
in the dark5 layer of the backbone.

IF-Node and Signed Spiking Neurons

IF node generates only 0-1 spikes, which suffices for tasks
like image classification due to its relative simplicity. How-
ever, object detection requires the network not only to clas-
sify objects but also to precisely locate and bound them,
making it a significantly more complex task. Table 5 shows
the difference between object detection with IF node and our
signed spiking neurons. For a fair comparison, we modified
only the activation function to incorporate spiking neurons
within the YOLOX-S model. The results indicate a mod-
est but consistent improvement in performance when using
our signed spiking neurons. This suggests that the ternary-
signed neurons enhance the feature extraction process, mak-
ing them better suited for the intricate demands of object
detection compared to traditional IF neurons.

FFC Settings

A large receptive field is crutial for effcetive feature extrac-
tion and FFC with its global receptive field allows networks
to reconstruct missing pixels. Thus, in ANN-based object
detection networks, stacking multiple convolution layers is
the easiest way to achieve a larger receptive field. How-
ever, in the realm of signal processing, spectral operations
like Fourier transforminherently provide a global receptive
field, which is why we have integrated FFC into our Spik-
ingYOLOX model. Table 6 shows our ablation studies about
FFC, including two parts: the usage of FFC and the where
to best place FFC. The results demonstrate that FFC is most
effective when applied in the deepest layer of the backbone.
Conversely, excessive stacking of FFC layers can lead to a
decline in performance. Therefore, in our SpikingYOLOX
model, FFC is strategically utilized only in the dark5 layer,
the deepest layer of the backbone.

Conclusions

In this paper, we introduce SpikingYOLOX, which incor-
porates signed spiking neurons and FFC to enhance fea-
ture extraction and overall object detection performance.
The signed spiking neurons replace activation functions in
the deep layer of backbone, resulting in an SPP-SNN mod-
ule, while FFC is applied into the CSP-FFC-SNN layer to
leverage its global receptive field for improved feature ex-
traction. We train the model across various scales and our
experiments demonstrate that these innovative modules are
effective across different scales, suggesting their potential
adaptability to other computer vision tasks. Extensive ex-
periments show that SpikingYOLOX achieves outstanding
performance in the domain of SNN-based object detection
networks, clearly illustrating its advantages and potential as
a high-performance SNN architecture in many other tasks.
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