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 A B S T R A C T

Background subtraction (BGS) is utilized to detect moving objects in a video and is commonly employed at 
the onset of object tracking and human recognition processes. Nevertheless, existing BGS techniques utilizing 
deep learning still encounter challenges with various background noises in videos, including variations in 
lighting, shifts in camera angles, and disturbances like air turbulence or swaying trees. To address this problem, 
we design a spiking autoencoder network, termed SAEN-BGS, based on noise resilience and time-sequence 
sensitivity of spiking neural networks (SNNs) to enhance the separation of foreground and background. To 
eliminate unnecessary background noise and preserve the important foreground elements, we begin by creating 
the continuous spiking conv-and-dconv block, which serves as the fundamental building block for the decoder 
in SAEN-BGS. Moreover, in striving for enhanced energy efficiency, we introduce a novel self-distillation 
spiking supervised learning method grounded in ANN-to-SNN frameworks, resulting in decreased power 
consumption. In extensive experiments conducted on CDnet-2014 and DAVIS-2016 datasets, our approach 
demonstrates superior segmentation performance relative to other baseline methods, even when challenged by 
complex scenarios with dynamic backgrounds.
1. Introduction

Background subtraction (BGS) is used to differentiate between mov-
ing objects in the foreground and the background in videos captured 
from real-life settings [1–6]. It has a wide variety of uses, such as urban 
traffic detection [7], long-term video monitoring [8], optical motion 
capture [9], and social signal processing [10].

Traditional BGS methods concentrate on improving performance 
in two particular domains. One potential approach is to develop fea-
ture representations that possess increased resilience, such as texture 
features [11], color features [12] and edge features [13]. The second 
option aims to generate background models with greater accuracy, 
such as Kernel density estimate (KDE) [14], mixture of Gaussians 
(MoG) [15], subspace learning models [16], and principal component 
analysis (PCA) [16]. Nevertheless, they, referred to as pixel-level BGS 
approaches, rely exclusively on manually created features to classify 
individual pixels as either foreground or background, and are highly 
sensitive to changes in the environment, such as differences in lighting 
and weather conditions.

Several BGS methods that rely on data-driven deep learning tech-
niques demonstrate improved performance by incorporating convolu-
tional neural networks (CNNs). In general, they can be classified as 
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unsupervised BGS and supervised BGS. While many unsupervised BGS 
methods, such as SemanticBGS [17], enhance their performance by 
integrating semantic segmentation models with traditional BGS algo-
rithms. However, they are erroneously perceived as the foremost sub-
jects in dim lighting or shadows, regardless of alterations in the back-
drop. In supervised BGS methods like those outlined in [18,19], they 
typically entail training on the first sequence of frames in test videos, 
resulting in acceptable outcomes yet unresolved of the constraints of 
unsupervised BGS methods. To address that, various methods utilizing 
an autoencoder (AE) for nonlinear dimensionality reduction, such as 
those mentioned in [20–24], have been investigated for reconstructing 
backgrounds to enhance the segmentation of foregrounds. During this 
process, they primarily depend on extracting a low-dimensional feature 
with minimal noise in the encoder, which is subsequently utilized to 
accomplish the downstream task of background reconstruction through 
supervised or unsupervised methods in the decoder. Although they 
can achieve superior segmentation on static backgrounds, there is 
still progress to be made for dynamic backgrounds. Intuitively, these 
AE-based BGS methods may inadvertently overlook the necessity of 
being robust against background noise closely related to the temporal 
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data mining, AI training, and similar technologies. 
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information between frames. Conversely, the decrease in power usage 
by the trained autoencoder during the inference phase will become 
increasingly important as the size and complexity of the autoencoder 
used in background subtraction grow. Practically, an advanced BGS 
technology utilizing neural networks is expected to provide exceptional 
performance and energy efficiency during its inference stage.

In this paper, we introduce a spiking autoencoder network for back-
ground subtraction (SAEN-BGS) to address the issues mentioned above, 
inspired by the natural noise resistance and sensitivity to temporal 
sequences of SNNs. To enhance the prominence of the foreground 
elements and reduce background interference effectively, we develop 
a continuous spiking conv-and-dconv block as a fundamental build-
ing block for constructing the decoder in SAEN-BGS. Afterward, to 
implement an energy-efficient inference, we further present a self-
distillation spiking supervised learning algorithm based on ANN-to-SNN 
frameworks. Finally, extensive experiments on CDnet-2014 and DAVIS-
2016 datasets demonstrate the superiority of the proposed method over 
baselines.

Our main contributions are summarized as follows:

• To address the background noise stemming from inadequate 
temporal information extraction, a spiking autoencoder network 
(SAEN-BGS) is developed using the noise resilience and time-
sequence sensitivity of spiking neural networks.

• This is the first instance of solving background subtraction from 
a spike-based perspective, where a continuous spiking convolu-
tional and deconvolutional (conv-and-dconv) block is employed 
to enhance foreground features and diminish background noise 
within the decoder.

• To achieve energy efficiency, a novel self-distillation spiking su-
pervised learning method is proposed within the ANN-to-SNN 
framework.

• The empirical evaluations on CDnet-2014 and DAVIS-2016
demonstrate the superiority of the proposed method. Remark-
ably, even in challenging dynamic backgrounds, our method still 
outperforms other baselines.

The remainder of the paper is organized as follows. We review 
some related works in Section 2. In Section 3, the proposed neural 
networks are introduced. In Section 4, experimental results on real-
world datasets demonstrate that the suggested algorithms outperform 
the SOTA methods. Finally, conclusions are drawn in Section 5.

2. Related work

2.1. Background subtraction method

BGS approaches, which aim to distinguish between foreground and 
background in videos, can be broadly classified as unsupervised or 
supervised techniques. Unsupervised BGS methods focus on creating 
a background model to differentiate between foreground and back-
ground. For instance, Stauffer et al. [25] propose an online Gaus-
sian Mixture Model (GMM) to update parameters pixel-wise and use 
multiple Gaussian distributions to represent pixel color distributions. 
Elgammal et al. [26] improve upon this by utilizing Kernel Density 
Estimation (KDE), a non-parametric method, to describe pixel inten-
sity distributions. On the other hand, Barnich et al. [27] present a 
model that utilizes distances to classify pixels through the capture of 
local spatial features to establish the background model. St-Charles 
et al. [28] create PAWCS, a word-based approach that combines color 
and texture characteristics by treating pixels as background words 
and continually adjusting their trustworthiness according to persis-
tence. Then Braham et al. [17] design a post-processing procedure 
for the background subtraction algorithm using semantic segmentation 
prediction. SuBSENSE [29] improves detection accuracy through the 
inclusion of color features and pixel-level feedback. More recently, Isik 
2 
et al. [30] introduce SWCD, a pixel-wise sliding-window technique that 
updates the background model with a dynamic control system, while 
Lee et al. [31] devise a multi-step algorithm to decrease false positives 
in dynamic backgrounds. What is more, An et al. [32] develop an 
unsupervised background subtraction approach which constructs open-
vocabulary instance-level background models through zero-shot object 
detection, and then identifies foreground by comparing new frame 
detections with these models.

Conversely, supervised BGS algorithms adjust neural network pa-
rameters via reducing the differences between labels and training 
frames using loss function optimization. Braham et al. [18] pioneer the 
use of CNNs in BGS with ConvNets, achieving impressive results on the 
CDnet-2014 dataset, despite employing a costly patch-based training 
approach. Wang et al. [19] propose a multiscale CNN with a cascading 
structure, which analyzes individual frames without background frames 
but requires 200 test video frames for training. Similarly, Babaee 
et al. [33] develop a video-group-optimized CNN for processing all 
videos. Sakkos et al. [34] introduce a 3D CNN designed to capture 
both temporal and color information. However, these techniques rely 
on utilizing partial frames from test videos during training, which could 
limit their effectiveness with previously unseen videos.

2.2. Autoencoder-based BGS method

Recent research has integrated nonlinear dimensionality reduction 
techniques using AE to improve the differentiation between foreground 
and background components, enabling the extraction of enhanced fea-
ture data through an iterative optimization approach. Lim et al. [20] 
propose an AE for background subtraction, where the encoder is re-
sponsible for extracting feature vectors, and the decoder converts these 
vectors into segmentation maps by utilizing the current frame, a pre-
vious frame, and a background model as input. In [21], Mandal et al. 
introduce 3DFR, which involves three feature reduction networks and 
utilizes 50 past frames to aid in the current frame’s learning process. 
In addition, Lim et al. design two robust AEs, known as FgSegNet_M 
and FgSegNet_S [22], which produce multi-scale features in the encoder 
section. Note that these techniques necessitate a labeled frame from 
the test video for the purpose of training. Then Tezcan et al. propose 
a CNN-based on UNET architecture called BSUV-Net [23], which takes 
the current frame and two background frames as input. At the same 
time, BSUV-Net 2.0 [24] and Fast BSUV-Net 2.0 [24] are introduced 
and achieve similar levels of effectiveness.

2.3. Low-power computational framework

Recently, as the parameters and operators of neural networks have 
grown, the research community has become increasingly interested in 
the power consumption of neural networks. As shown in Fig.  1, SNNs 
offer a natural solution because they have a similar way of transmitting 
information as the brain, using spike neurons like the leaky integrate-
and-fire (LIF) neurons instead of traditional artificial neurons, such 
as ReLU-activated neurons. Brain-like LIF model corresponds to its 
physical circuit. The soma constantly receives integrated input from 
dendrites. When the sum of total input exceeds a certain threshold 
𝜗, an output spike is generated and then delivered to other neurons 
by the axon. After firing a spike, the membrane potential is reset to 
𝑉𝑟𝑒𝑠𝑡. SNNs have the advantage of lower power consumption during 
the inference stage. Besides, SNNs have successfully permeated into a 
myriad of application domains such as image and speech recognition, 
object detection, autonomous driving and other intelligence-related 
real-world applications [35–37]. Currently, there are three types of 
spiking learning frameworks in terms of implementation: (1) due to 
the discreteness of spikes and the intrinsic non-differentiability of spike 
firing function impeding the direct applicability of the traditional back-
propagation (BP), surrogate-based BP algorithm thus can be derived 
by replacing the spiking function with differential functions or adding 
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Fig. 1. Brain-like leaky integrate-and-fire (LIF) model corresponds to its physical 
circuit. The soma constantly receives integrated input from dendrites. When the sum 
of total input exceeds a certain threshold 𝜗, an output spike is generated and then 
delivered to other neurons by the axon. After firing a spike, the membrane potential 
is reset to 𝑉𝑟𝑒𝑠𝑡.

some limitation or clipping to the BP process (e.g., [38]). (2) Based 
on spike-timing-dependent-plasticity (STDP) algorithm, SNN models 
learn each module separately (e.g., [39]). (3) Different from the above 
SNN algorithms, the ANN-to-SNN algorithms assume that SNNs have 
equal efficiency as the counterpart traditional neural networks such as 
(e.g., [40]).

3. Methodology

3.1. Problem formulation

BGS serves as a fundamental research topic in video processing 
and has been widely investigated nowadays. Given a sequence 𝑿 of 
consecutive frames X1, . . . , X𝑁  with a scene cluttered by various 
moving objects, such as cars or pedestrians, and the expected output 
is a sequence 𝑿̂ of frames 𝑋̂1, …, 𝑋̂𝑁  showing the backgrounds of 
each scene without those objects. Typically, supervised BGS methods 
require the assistance of the given label/mask 𝑴 . Despite the current 
BGS methods have made much progress on separation performance, 
it is inevitable that they still get stuck in background noises, such as 
lighting variation, camera moving and weather changes. Thus, they 
are erroneously perceived as the foremost subjects in dim lighting or 
shadows, regardless of alterations in the backdrop. This is verified 
by the experimental result in Fig.  2, where the continuous frames 
from𝑡 = 902 to𝑡 = 905 are randomly chosen. As compared with ZBS 
[32] and BSUV-Net 2.0 [24], snow and the car in the background 
are erroneously perceived as the foremost subjects, respectively. In 
the subsequent section, we introduce a novel SNN model aimed at 
enhancing separation performance. This model incorporates a continu-
ous spiking conv-and-dconv block along with a unique self-distillation 
spiking learning algorithm.

Given a SNN 𝐒 used for BGS, its internal process is spike-event 
driven. First, the input frame X  needs to be encoded into spike trains 
𝑖

3 
Fig. 2. Separation performance of our method and two state-of-the-art baselines over 
five continuous frames in the badweather video with high background noise.

𝑠𝑖 = 𝑠1𝑖 ,… , 𝑠𝑇𝑖  by rate coding [38], where 𝑇  indicates the length of the 
encoding time window. Then the encoded spike trains 𝑠𝑖 pass over 𝐒, 
and the outputs of intermediate layers are composed of spike trains and 
spike counts. Finally, the expected output mask can be described as 
𝑴̂ = 𝐒(𝑋𝑖). Besides, 𝐒 is inherently sensitive to temporal information, 
beneficial to alleviating the issues of current BGS methods.

3.2. SAEN-BGS

As mentioned above, we engage to solve the existing problem 
that current BGS methods tend to be influenced by background noise, 
resulting from the insufficient extraction of temporal information by 
our above analysis. Additionally, the increasing number of parameters 
and operations in neural networks poses a potential challenge. For-
tunately, SNNs have inherent sensitivity to temporal information and 
are friendly to low-energy computation attributed to the spike-based 
mechanism. Therefore, to address these issues, we apply the spike-
based computation to devise a SAEN-BGS model for BGS. In detail, from 
the perspectives of model structure and learning strategy, we design a 
continuous spiking conv-and-dconv block and propose a self-distillation 
spiking learning algorithm, respectively. As shown in Fig.  3, the pro-
posed model is composed of an encoding layer, a spiking encoder, a 
spiking decoder and a decoding layer. CNN-based conv module and 
CNN-based dconv module, respectively, represent a convolutional layer 
and a deconvolutional layer to transmit real values rather than spikes. 
Details of the proposed SAEN-BGS model are described below.

3.2.1. Neuron model
Our model comprises two types of neurons: ReLU-activated neurons 

and integrate-and-fire (IF) neurons. ReLU-activated neurons, commonly 
used in traditional neural networks, clip activations below zero. IF 
neurons, inspired by biological spike-based information transmission, 
are utilized in SNNs, which replace LIF neurons for simplicity. Synaptic 
transmission between presynaptic and postsynaptic neurons is driven 
by the positive correlation between presynaptic spike timing and mem-
brane potentials. In a simulation time window 𝑁𝑡, the input spikes to 
neuron 𝑗 in layer 𝑙 are integrated into subthreshold membrane potential 
𝑈 𝑙
𝑗  at each time step 𝑡. Thus, the membrane potential of neuron 𝑗 in 

layer 𝑙 is modeled as [40]: 

𝑈 𝑙[𝑡] = 𝑈 𝑙[𝑡 − 1] + 𝑅𝐼 𝑙[𝑡] − 𝜗𝑆𝑙[𝑡 − 1], (1)
𝑗 𝑗 𝑗 𝑗
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Fig. 3. Architecture of the proposed SAEN-BGS. Each spiking layer integrates a CNN-based module and a spike-based module with shared weights. The CNN-based module facilitates 
the spike-based module training but is inactive during inference. The spike-based module processes each frame in 10 time steps.
in which 𝐼 𝑙𝑗 [𝑡] =
∑

𝑖 𝑤
𝑙−1
𝑗𝑖 𝑆𝑙−1

𝑖 [𝑡] + 𝑏𝑙𝑗 and 𝑆𝑙
𝑗 [𝑡] = 𝛿(𝑈 𝑙

𝑗 [𝑡] − 𝜗) with the 
indicator function 

𝛿(𝑥) =

{

1, if 𝑥 ≥ 0
0, otherwise.

(2)

The synaptic weight 𝑤𝑙−1
𝑗𝑖  affects connection from presynaptic neuron 

𝑖 in layer 𝑙 − 1 and 𝑏𝑙𝑗 is a constant injecting current. Moreover, 
𝑆𝑙
𝑗 [𝑡 − 1] signifies the occurrence of a spike emitted by the neuron 

𝑗 at the previous time step 𝑡 − 1, and 𝐼 𝑙𝑗 [𝑡] represents the synaptic 
current generated by the integration of incoming spike trains 𝑡. At time 
𝑡, the membrane potential 𝑈 𝑙

𝑗 (𝑡) exceeds the predefined threshold 𝜗
(commonly set to 𝜗 = 1), leading to the initiation of an action potential, 
also known as a spike. That is: 

𝑈 𝑙
𝑗 (𝑡) ≥ 𝜗 ,

𝑑𝑈 𝑙
𝑗 (𝑡)

𝑑𝑡
> 0. (3)

Following the generation of a spike, the membrane potential 𝑈 𝑙
𝑗 (𝑡) is 

reset to the resting potential 𝑈𝑟𝑒𝑠𝑡 and remains in a refractory state for 
a specific duration. Synaptic weight, or synapse conductance, changes 
according to presynaptic and postsynaptic neuronal activities. This 
variability, driven by synaptic plasticity, enables neuronal learning. En-
coding methods are categorized into spike-rate-based (counting spikes 
over time) and spike-time-based (focusing on precise spike timing). Our 
encoding method is detailed in the next subsection.

3.2.2. Encoding and decoding layers
The encoding layer and the decoding layer serve as the input and 

output modules, respectively, in our proposed model. Time-varying 
input currents, treated as real-valued inputs, are directly incorporated 
into Eq. (1) at each time step. This neural encoding method eliminates 
the sampling errors associated with rate coding, enabling precise and 
efficient inference [38]. It can be denoted as 𝑠 = 𝜙(𝑥), where 𝑠
and 𝑥 indicate the produced spike trains and the real-value input, 
respectively. As illustrated in Fig.  3, the spiking layer processes both 
spike trains and spike counts as inputs.

To facilitate pattern classification, the output spike trains from the 
SNNs must be decoded into distinct pattern classes. This decoding can 
be accomplished at the SNNs’ output layer using either discrete spike 
counts or continuous aggregated membrane potentials (without spik-
ing). Utilizing aggregated membrane potentials provides a smoother 
learning process, as it allows for the computation of continuous error 
gradients at the output layer [40]. Therefore, a convolutional layer as 
the decoding layer is employed.
4 
3.2.3. Spiking conv-and-dconv block
The spiking conv-and-dconv block is designed for information com-

pression and deconvolution for feature reconstruction, which has
proven effective in various generative tasks [41]. Specifically, we 
propose that applying deconvolution (dconv) after convolution (conv) 
filtering can help reduce background noise. The spiking conv-and-
dconv block primarily consists of a spiking conv layer and a spiking 
dconv layer. In SAEN-BGS, the decoder is constructed using three 
such blocks. Each spiking layer integrates a CNN-based module for 
parameter training and a spike-based module for inference (testing or 
validation), with shared parameters, e.g., convolution kernels. In this 
block, the kernel size of the spiking conv layer is set to 1×1×𝐶𝑜𝑢𝑡, where 
𝐶𝑜𝑢𝑡 denotes the number of output channels. Since the output channel 
number from the preceding spiking layer exceeds that of the current 
spiking conv layer, the block effectively compresses channel informa-
tion, which may aid in suppressing background noise. As illustrated in 
Fig.  4, the results indicate that the background noise in the outputs 
of the proposed conv-and-dconv spiking blocks is significantly reduced 
compared to that in the front encoder, thus confirming the effectiveness 
of our designed block.

3.3. Self-distillation spiking learning algorithm

Our proposed algorithm aims to provide energy-efficient learning 
for our SAEN-BGS, inspired by the ANN-to-SNN framework in [40], 
where the CNN-based module serves as the teacher overseeing the 
SNN-based counterpart in its learning process, assuming that the spike 
counts from the spike-based module can be accurately estimated by the 
actual values from the CNN-based module. However, approximation 
loss exists along with performance degradation, especially in noisy 
circumstances. In addition, it is not advisable to make sweeping gen-
eralizations to new data sourced from the identical distribution. To 
address that, as shown in Fig.  5, a learning pathway is built to inde-
pendently pass over every CNN-based module via linear interpolation 
𝜂𝑥𝑙 + (1 − 𝜂)𝑎𝑙 of real-valued data 𝑥𝑙 and approximated spike count 𝑎𝑙, 
where the hyperparameter 𝜂 is set 0.5 as default. This is motivated by 
the multi-task learning [42] and the self-distillation learning mecha-
nism [43]. Concretely, this design aims to further boost the robustness 
of spike-based modules to noise by using the approximated spike count 
from the CNN-based module, and reduce the bias of the CNN-based 
module in the learning process by the new learning pathway over every 
CNN-based module. Since it can be seen as increasing new auxiliary 
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Fig. 4. Outputs of intermediate layers of SAEN-BGS model over a randomly selected frame.
Fig. 5. Frameworks of our proposed self-distillation spiking learning algorithm.
sub-networks within the network itself, the learning process can be 
termed as self-distillation in multi-task views, so-called self-distillation 
spiking learning algorithm. The main task is to train the spike-based 
module by sharing weights from the CNN-based module, while the 
related task is to train the CNN-based module itself. As shown in Fig. 
6, we illustrate the heatmap of activation in all spiking layers, which 
presents the sparsity of activation on spike neurons directly. More 
experimental results are presented at Section 4.

For the BGS problem, our goal is to minimize the negative log-
likelihood loss between the ground-truth mask 𝑴 and the estimated 
outputs 𝑴̂ . Given frames X1, . . . , X𝑁  with labels M1, . . . , M𝑁 , the SAEN-
BGS outputs are denoted as 𝑀̂1, . . . , 𝑀̂𝑁 . The loss function  can be 
formulated as: 

(𝑴̂ ,𝑴) = − 1
𝑁
∑

𝑀𝑖 log 𝑀̂𝑖. (4)

𝑁 𝑖=1

5 
As mentioned above, to achieve the multi-task learning, the overall 
loss function 𝑎𝑙𝑙 is applied, where 𝑴̂ and 𝑴̂ 𝑟, represent the outputs 
of main task (along the pathway of 𝑠𝑖 and 𝑐𝑖) and related task (along 
the pathway of 𝑥𝑖), respectively. The hyperparameter 𝛼 is equal to 0.8:

𝑚𝑎𝑖𝑛 = (𝑴̂ ,𝑴), (5)

𝑎𝑢𝑥 = (𝑴̂ 𝑟,𝑴), (6)

𝑎𝑙𝑙 = 𝛼𝑚𝑎𝑖𝑛 + (1 − 𝛼)𝑎𝑢𝑥. (7)

As for the non-differentiable nature of spike generation, the error 
backpropagation (BP) method cannot be directly applicable to the 
training process. To that end, we apply the ANN-to-SNN rule by spike 
count approximation. Next, the spike count from neuron 𝑖 at layer 𝑙 is 
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Fig. 6. Illustration of activation heatmap of spiking layer in our SAEN-BGS over an input.
 

formulated as: 

𝑐𝑙𝑖 =
𝑁𝑡
∑

𝑡=1
𝑆𝑙
𝑖 [𝑡]. (8)

The relationship between ANN activation functions and SNN spike 
counts is established through shared weights, modeled mathematically 
as: 

𝛥𝑡 = 𝜌( 𝜗
𝑈 𝑙
𝑗∕𝑁𝑡

), (9)

in which the aggregated action potential of neuron 𝑗 in layer 𝑙 is written 
as 𝑈 𝑙

𝑗 =
∑

𝑖 𝑤
𝑙−1
𝑗𝑖 𝑐𝑙−1𝑖 + 𝑏𝑙𝑗𝑁𝑡. 𝜗, 𝜌 and 𝛥𝑡 denote the firing threshold, 

the non-linear transformation of ReLU-activated neurons, and the time 
step, respectively. Hence, the approximated spike count 𝑎𝑙𝑗 is obtained 
as: 

𝑎𝑙𝑗 =
𝑁𝑡
𝛥𝑡

= 1
𝜗
𝜌(
∑

𝑖
𝑤𝑙−1

𝑗𝑖 𝑐𝑙−1𝑖 + 𝑏𝑙𝑗𝑁𝑡). (10)

Thus, 𝑎𝑙𝑗 is determined by the ReLU activation in the CNN-based 
module, using the spike count 𝑐𝑙−1𝑖  as input and 𝑏𝑙𝑗𝑁𝑡 as the bias term. 
This simplification enables error gradient estimation at the spike-train 
level using CNN-based modules, following the tandem learning rule 
with firing rates instead of spike timings [40].

The overall process of self-distillation spiking learning is shown in 
Algorithm 1. In a training epoch, training frames 𝑿 as input to SAEN-
BGS 𝐅 is first encoded into spike trains 𝑠0 and spike counts 𝑐0 at encoder 
layer of 𝐅 obeyed by Eq. (1). It notes that the original 𝑿 is also copied 
as one of the outputs of the encoding layer, namely 𝑥0, to pass the 
CNN-based module of the first spiking layer. Then the resulting ten 
spiking layers all receive the spike trains 𝑠𝓁−1, spike counts 𝑐𝓁−1, real-
value output 𝑥𝓁−1 and approximated spike count 𝑎𝓁−1 from the previous 
blocks and output the new spike trains 𝑠𝓁 , spike counts 𝑐𝓁 , real-value 
output 𝑥𝓁 and approximated spike count 𝑎𝓁 . Besides, the decoding layer 
processes the spike counts and real-value output from the last spiking 
layer in the decoder and outputs the mask predictions 𝑴̂ , 𝑴̂ 𝑟. Finally, 
we construct the loss function using Eq. (7) and update the parameters 
of SAEN-BGS by SGD.
6 
4. Experiments

4.1. Experimental setup

We present the experimental setup for the CDnet-2014 [44] and 
DAVIS-2016 [45] datasets. The proposed neural networks are imple-
mented using the PyTorch framework [46], with the negative log-
likelihood loss as the objective function and RMSprop as the optimizer. 
It should be noted that in addition to our SAEN-BGS, we also display 
the performance of the counterpart CNNs (AEN-BGS) to demonstrate 
the energy efficiency of our proposed self-distillation spiking learning 
constantly.

4.1.1. Baselines
To verify the segmentation performance and efficient energy con-

sumption of our proposed SAEN-BGS, we compare it with the counter-
part AEN-BGS, and several state-of-the-art methods, including ZBS [32],
CwisarDH [47], Spectral-360 [48], FTSG [49], SuBSENSE [50], DeepBS
[33], SemanticBGS [17], IUTIS-5 [51], BSUV-Net [23], IUTIS-5+
SemanticBGS [23], BSUV-Net 2.0 [24], WisenetMD [31], RTSS [52], 
SWCD [30] and PAWCS [28].

4.1.2. Training details
We evaluate our SAEN-BGS and other baselines on CDnet-2014 and 

DAVIS-2016 datasets. The training details for our SAEN-BGS and its 
counterpart AEN-BGS, are as follows. It should be noted that except for 
AEN-BGS, other baselines keep their original setting.

The CDnet-2014 dataset comprises 53 videos across 11 categories, 
all used to evaluate our proposed SAEN-BGS. In consistency with [24], 
we also follow the two training schemes employed: a small training 
set with 200 randomly selected frames from each video and a large 
training set with randomly selected 70% of the frames from each video. 
Additionally, since the video frame dimensions vary from 240 × 240 to 
526 × 720, all frames and ground truth are resized to 240 × 320 for 
simplicity. The batch size is set to 8, with training over 100 epochs. As 
for the learning rate (LR), our SAEN-BGS sets 0.0005 to the night videos 
and camera jitter categories except for other categories using an initial 
LR of 0.0002. For its counterpart AEN-BGS, LR is set to 0.001, except for 
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Algorithm 1: Self-Distillation Spiking Learning
Require: Training frames 𝑿; Ground truth masks 𝑴 ; Total epoch 𝐄; SAEN-BGS 𝐅 = {Neural Encoding 𝜙, Encoder 𝐅𝑒𝑛 = (Conv1, Conv2,
Conv3, Conv4), Decoder 𝐅𝑑𝑒 = (⟨Conv5, DConv1⟩, ⟨Conv6, DConv2⟩, ⟨Conv7, DConv3⟩), Decoding Layer Conv8} with parameter 𝜃𝐅, ⟨⋅⟩
denotes Spiking Conv-and-DConv Block; Learning rate 𝛾; Hyperparameter 𝛼.

Ensure: Model parameters 𝜃∗𝐅.
for 𝑒 ← 1 to 𝐄 do
for 𝑖 ← 1 to 𝑙𝑒𝑛(𝑿) do

1 // Extract training data 
2 𝑥 ← 𝑿[𝑖], 𝑦 ← 𝑴[𝑖]
3 // In encoding layer
4 𝑠0, 𝑐0, 𝑥0, 𝑎0 ← 𝜙(𝑥), 𝑥, 𝑥, 0 (as in Eq. (1))
5 // In spiking layers
6 for 𝓁 ← 1 to 10 do
7 𝑥′𝑙−1 ← 𝜂𝑥𝑙−1 + (1 − 𝜂)𝑎𝑙−1

8 𝑠𝓁 , 𝑐𝓁 , 𝑥𝓁 , 𝑎𝓁 ← 𝐅[𝓁](𝑠𝓁−1, 𝑐𝓁−1, 𝑥′𝓁−1) 
9 end 
10 // In decoding layer
11 𝑦̂, 𝑦̂𝑟 ← Conv8(𝑐10, 𝜂𝑥10 + (1 − 𝜂)𝑎10) 
12 // Construct loss functions
13 𝑚𝑎𝑖𝑛 ← Eq. (5) with input of 𝑦̂ and 𝑦
14 𝑎𝑢𝑥 ← Eq. (6) with input of 𝑦̂𝑟 and 𝑦
15 𝑎𝑙𝑙 ← 𝛼𝑚𝑎𝑖𝑛 + (1 − 𝛼)𝑎𝑢𝑥 (as in Eq. (7)) 
16 // Update parameters of SAEN-BGS
17 𝜃𝐅 ← 𝜃𝐅-𝛾∇𝜃𝐅𝑎𝑙𝑙

18 𝜃∗𝐅 ← 𝜃𝐅
end 
end 
the night videos and PTZ categories under the large training set with 
an initial LR of 0.0002. Regarding LR adapter techniques, our SAEN-
BGS uses the MultiStepLR scheduler for the intermittent object motion 
category and the ReduceLROnPlateau scheduler for night videos in the 
small training set and the PTZ category, while the StepLR scheduler is 
used for all other videos. Then the counterpart AEN-BGS utilizes the 
ReduceLROnPlateau scheduler as an early stopping strategy, except for 
night videos in the large training set and the PTZ category in the small 
training set applying the StepLR scheduler. Additionally, our SAEN-BGS 
only spends a time window of 10 ms with a time step of 1 ms.

Over the DAVIS-2016 dataset, there exist almost no BGS methods 
evaluating. Thus, we train on the large training set scheme with ran-
domly selected 70% of the frames from each video, aimed to validate 
the overall performance. All frames and ground truths are resized to 
240 × 320. The batch size is set to 8, over 200 training epochs and LR 
is set to 0.001 for AEN-BGS and 0.0002 for SAEN-BGS. For LR adapter, 
AEN-BGS uses the StepLRMulti scheduler, while SAEN-BGS employs the 
StepLR scheduler. The time window length (10 ms) and time step (1 ms) 
remain consistent with those used for the CDnet-2014 dataset.

4.1.3. Basic evaluation metrics
To assess the performance of BGS, seven evaluation metrics are 

employed: False Positive Rate (FPR), False Negative Rate (FNR), Recall 
(Rec), Precision (Pre), Specificity (Spe), Percentage of Wrong Classifi-
cations (PWC), and F-measure (Fm). These metrics are derived from the 
definitions of true positive (TP), false positive (FP), false negative (FN), 
and true negative (TN). Specifically, TP and FP represent pixels cor-
rectly and incorrectly classified as foreground, respectively, while TN 
and FN denote pixels correctly and incorrectly classified as background. 
The seven metrics are defined as follows:
FPR = 𝐹𝑃

𝐹𝑃 + 𝑇𝑁
, FNR = 𝐹𝑁

𝑇𝑃 + 𝐹𝑁
,

Rec = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

, Pre = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

,

Spe = 𝑇𝑁 , PWC =
(𝐹𝑁 + 𝐹𝑃 )

,

𝑇𝑁 + 𝐹𝑃 𝑇𝑃 + 𝐹𝑁 + 𝐹𝑃 + 𝑇𝑁

7 
Fm = 2 × Pre × Rec
Pre + Rec . (11)

Clearly, lower FPR, FNR, and PWC values indicate better performance, 
while higher Rec, Pre, Spe, and Fm reflect superior results. Except for 
PWC, the units of all other metrics are %.

4.1.4. Energy evaluation metrics
To verify the energy efficiency of our SAEN-BGS learned by our 

proposed self-distillation spiking learning algorithm, we compute the 
energy used in model inference according to [54], which is a common 
way to compare the energy consumption in SNNs. The computational 
cost is measured by the total number of Floating-Point Operations 
(FLOPs), which corresponds to matrix–vector multiplications and scales 
proportionally. Note that energy calculations focus on the SNN model 
during the test phase, where CNN-based modules are inactive. For each 
layer 𝑙𝑖, the FLOPs of the CNN-based module are given by: 
𝐹𝐿𝑂𝑃𝑠𝐴𝑁𝑁_𝑀𝑜𝑑𝑢𝑙𝑒(𝑙𝑖) =
{

𝑘2 × 𝑂2 × 𝐶𝑖𝑛 × 𝐶𝑜𝑢𝑡, if 𝑙𝑖 denotes the convolutional layer,
𝐶𝑖𝑛 × 𝐶𝑜𝑢𝑡, if 𝑙𝑖 denotes the linear layer,

(12)

where 𝑘 and 𝑂 denote the kernel size and output feature map size, 
respectively, while 𝐶𝑖𝑛 and 𝐶𝑜𝑢𝑡 represent the channel numbers of the 
input and output. To compute the FLOPs of the spike-based module for 
each spiking layer 𝑙𝑖, the spiking rate 𝑅𝑠(𝑙𝑖), as SNN consumes energy 
only during spike firing, can be defined as: 

𝑅𝑠(𝑙𝑖) =
#spikes per layer 𝑙𝑖 over all time steps

#neurons per layer 𝑙𝑖
, (13)

i.e., the average firing rate per neuron. For the whole SNN, the average 
spike rate (AvR𝑠) is equal to 1

11
∑11

𝑙=1 𝑅𝑠(𝑙). Therefore, FLOPs for the 
spike-based module per spiking layer are calculated as: 

(14)
𝐹𝐿𝑂𝑃𝑠𝑆𝑝𝑖𝑘𝑒_𝑀𝑜𝑑𝑢𝑙𝑒(𝑙𝑖) = 𝐹𝐿𝑂𝑃𝑠𝐴𝑁𝑁_𝑀𝑜𝑑𝑢𝑙𝑒(𝑙𝑖) × 𝑅𝑠(𝑙𝑖).
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Fig. 7. Visual comparison of top BGS algorithms on sample frames from different categories of CDNet-2014.
Table 1
Evaluation results on CDnet 2014 dataset under the small training set (randomly selected 200 frames per video) among different compared models using several evaluation metrics.
Blue indicates the best. Red indicates the second.
 Model Rec (↑) Spe (↑) FPR (↓) FNR (↓) PWC (↓) Fm (↑) Pre (↑) 
 AEN-BGS 91.97 99.84 0.12 8.01 0.296 92.34 92.74  
 SAEN-BGS 89.59 99.78 0.20 10.38 0.388 90.12 90.71  
 CwisarDH [47] 66.08 99.48 0.52 33.92 1.527 68.12 77.25  
 Spectral-360 [48] 73.45 98.61 1.39 26.55 2.272 67.32 70.54  
 FTSG [49] 76.57 99.22 0.78 23.43 1.376 72.83 76.96  
 SuBSENSE [50] 80.70 98.84 1.16 19.30 1.842 73.31 74.63  
 CascadeCNN [53] 95.06 99.68 0.32 4.94 0.405 90.09 89.97  
 DeepBS [33] 75.45 99.05 0.95 24.55 1.992 74.58 83.32  
 SemanticBGS [17] 78.90 99.61 0.39 21.10 1.072 83.05 78.92  
 IUTIS-5 [51] 78.49 99.48 0.52 21.51 1.199 80.87 77.17  
Table 2
Evaluation results on CDnet 2014 dataset under the large training set (randomly selected 70% frames per one video) among different compared models using several evaluation 
metrics. Blue indicates the best. Red indicates the second.
 Model Rec (↑) Spe (↑) FPR (↓) FNR (↓) PWC (↓) Fm (↑) Pre (↑) 
 AEN-BGS 94.69 99.91 0.07 5.29 0.162 94.60 94.56  
 SAEN-BGS 92.92 99.88 0.11 7.05 0.229 92.82 92.74  
 ZBS [32] 84.03 99.81 0.19 15.97 0.563 85.15 88.02  
 IUTIS-5 [51] 78.49 99.48 0.52 21.51 1.199 80.87 77.17  
 BSUV-Net [23] 82.03 99.46 0.54 17.97 1.140 78.68 81.13  
 IUTIS-5+SemanticBGS [23] 78.90 99.61 0.39 21.10 1.072 78.92 83.05  
 BSUV-Net+SemanticBGS [23] 81.79 99.44 0.56 18.21 1.133 79.86 83.19  
 BSUV-Net 2.0 [24] 81.36 99.79 0.21 18.64 0.761 83.87 90.11  
 Fast BSUV-Net 2.0 [24] 81.81 99.56 0.44 18.19 0.905 80.39 84.25  
 WisenetMD [31] 81.79 99.04 0.96 18.21 1.614 76.68 75.35  
Thus, the total inference energy consumption for the CNN-based mod-
ule (𝐸𝐴𝑁𝑁_𝑀𝑜𝑑𝑢𝑙𝑒) and the spike-based module (𝐸𝑆𝑝𝑖𝑘𝑒_𝑀𝑜𝑑𝑢𝑙𝑒) is calcu-
lated as:

𝐸𝐴𝑁𝑁_𝑀𝑜𝑑𝑢𝑙𝑒 =
∑

𝑙𝑖

𝐹𝐿𝑂𝑃𝑠𝐴𝑁𝑁_𝑀𝑜𝑑𝑢𝑙𝑒(𝑙𝑖) × 𝐸𝑀𝐴𝐶 , (15)

𝐸𝑆𝑝𝑖𝑘𝑒_𝑀𝑜𝑑𝑢𝑙𝑒 =
∑

𝑙𝑖

𝐹𝐿𝑂𝑃𝑠𝑆𝑝𝑖𝑘𝑒_𝑀𝑜𝑑𝑢𝑙𝑒(𝑙𝑖) × 𝐸𝐴𝐶 , (16)

where 𝐸𝐴𝐶 , 𝐸𝑀𝐴𝐶 are derived from a standard 45 nm Complementary 
Metal–Oxide–Semiconductor (CMOS) process, with 𝐸𝑀𝐴𝐶 = 4.6𝑝𝐽 and 
𝐸𝐴𝐶 = 0.9𝑝𝐽 for 32 bit FP [55]. Here, we also utilize AvR𝑠 as the other 
metric to represent power consumption.
8 
4.2. Performance comparison

We begin by assessing the performance on the CDnet-2014 dataset 
in this section. Table  1 displays measurements for various algorithms 
when utilizing a limited training dataset. The counterpart AEN-BGS 
excels over the other nine methods in terms of specificity, FPR, PWC, 
F-measure, and precision, while also ranking second in recall and 
FNR. It confirms that our network designs are effective. Moreover, 
the proposed SAEN-BGS achieves similar performance to AEN-BGS, 
demonstrating that our model can still perform well with a limited 
training dataset. The results in Table  2 for the large training set show 
that our SAEN-BGS approach continues to outperform other current 
methods. Further examination of the F-measure in 11 categories, as 
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Fig. 8. Visual comparison of top BGS algorithms on sample frames from different categories of DAVIS-2016 dataset.
Table 3
F-measure comparison of different BGS algorithms according to the per-category on CDNet-2014 dataset. Blue indicates the best. Red indicates the second.
 Model Bad.

Wthr
Low.
Frm.
Rate

Nig.
Vid

PTZ Thrml Shadow Int.
Obj.
Mot

Cam.
Jtr

Dyn.
Bkgr

Base-line Turb Overall  

 AEN-BGS 96.44 94.56 90.75 87.76 97.53 95.83 94.54 96.75 96.28 97.47 92.75 94.60   SAEN-BGS 95.67 93.16 87.67 85.88 95.51 93.83 90.60 96.22 94.96 96.49 91.34 92.85   ZBS [32] 92.29 74.33 68.00 81.33 86.98 97.65 87.58 95.45 92.90 96.53 63.58 85.15   BSUV-Net [23] 87.13 67.97 69.87 62.82 85.81 92.33 74.99 77.43 79.67 96.93 70.51 78.68   BSUV-
Net+SemanticBGS 
[23]

87.30 67.88 68.15 65.62 84.55 96.64 76.01 77.88 81.76 96.40 76.31 79.86  

 BSUV-Net 2.0 [24] 88.44 79.02 58.57 70.37 89.32 95.62 82.63 90.04 90.57 96.20 81.74 83.87   Fast BSUV-Net 2.0 
[24]

89.09 78.24 65.51 50.14 83.79 88.90 90.16 88.28 73.20 96.94 79.98 80.39  
 IUTIS-
5+SemanticBGS 
[23]

82.60 78.88 50.14 56.73 82.19 94.78 78.78 83.88 94.89 96.04 69.21 78.92  

 IUTIS-5 [51] 82.48 77.43 52.90 42.82 83.03 90.84 72.96 83.32 89.02 95.67 78.36 77.17   WisenetMD [31] 86.16 64.04 57.01 33.67 81.52 89.84 72.64 82.28 83.76 94.87 83.04 76.68   RTSS [52] 86.62 67.71 52.95 54.89 85.10 95.51 78.64 83.96 93.25 95.97 76.30 79.17   SWCD [30] 82.33 73.74 58.07 45.45 85.81 87.79 70.92 74.11 86.45 92.14 77.35 75.83   PAWCS [28] 81.52 65.88 41.52 46.15 83.24 89.13 77.64 81.37 89.38 93.97 64.50 74.03  
Table 4
Results comparison of different approaches on DAVIS-2016 dataset. Blue indicates the 
best. Red indicates the second.
 Model Fm (↑) 
 AEN-BGS 87.40  
 SAEN-BGS 85.20  
 ZBS [32] 69.04  
 BSUV-Net 2.0 [24] 63.62  

Table 5
Comparison of parameter number and energy between the counterpart AEN-BGS, ZBS 
and BSUV-Net 2.0. BOLD indicates the best.
 Model Param (↓) Energy (↓) 
 AEN-BGS 1.8M 4.10e+10  
 ZBS [32] 105.4M 8.23e+10  
 BSUV-Net 2.0 [24] 30.3M 1.92e+11  

shown in Table  3, shows that our SAEN-BGS and the AEN-BGS perform 
the best overall, with some limitations in the shadow and baseline 
categories. It reflects that our design model structure can benefit to 
9 
improving BGS performance. Alternatively, Fig.  7 provides a visual 
comparison of different approaches by showcasing one frame from 
each of seven videos spanning various categories. AEN-BGS, SAEN-
BGS, and BSUV-Net 2.0 have shown superior performance compared 
to other baseline models. Additionally, our SAEN-BGS model shows 
superior visual performance compared to BSUV-Net 2.0 in categories 
with dynamic backgrounds such as Cam.Jir, Dyn.Bkgr, and Bad.Wthr, 
while achieving similar results to AEN-BGS.

In order to assess the effectiveness of our SAEN-BGS, we com-
pare it to two other top-performing methods (ZBS [32] and BSUV-Net 
2.0 [24]) as well as the similar AEN-BGS on the DAVIS-2016 dataset. 
According to Table  4, our SAEN-BGS displays a notable increase of 
over 15% in F-measure compared to ZBS and BSUV-Net 2.0. Moreover, 
as shown in Fig.  8, our SAEN-BGS and the competing AEN-BGS both 
generate visually accurate solutions that closely match the ground 
truth, unlike the two other top-performing baseline methods. It is 
worth mentioning that DAVIS-2016 is more challenging than CDnet-
2014 because it has more categories and fewer shots in each category. 
Hence, it is evident that the ZBS and BSUV-Net 2.0 models can easily be 
deceived by the intricate background objects in DAVIS-2016. Our pro-
posed SAEN-BGS and its counterpart AEN-BGS are able to circumvent 
this issue.
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Table 6
Energy performance comparison between our proposed SAEN-BGS and its counterpart AEN-BGS under the small training set (randomly selected 200 frames per video) on CDnet-2014 
dataset. BOLD indicates the best.
 Scene Model Rec (↑) Spe (↑) FPR (↓) FNR (↓) PWC (↓) Fm (↑) Pre (↑) AvR𝑠 (↓) Energy (↓) 
 Baseline AEN-BGS 95.05 99.81 0.18 4.94 0.375 95.18 95.31 100.0 4.10e+10  
 SAEN-BGS 94.07 99.78 0.21 5.92 0.430 94.19 94.30 12.06 3.84e+9  
 Bad.Wthr AEN-BGS 93.36 99.91 0.08 6.63 0.196 94.30 95.27 100.0 4.10e+10  
 SAEN-BGS 92.32 99.83 0.16 7.67 0.327 92.37 92.42 11.50 3.09e+9  
 Cam.Jtr AEN-BGS 94.29 99.76 0.23 5.70 0.429 93.89 93.48 100.0 4.10e+10  
 SAEN-BGS 90.62 99.67 0.32 9.30 0.653 91.05 91.48 11.98 3.78e+9  
 Dyn.Bkgr AEN-BGS 93.95 99.95 0.04 6.04 0.101 94.26 94.58 100.0 4.10e+10  
 SAEN-BGS 91.91 99.92 0.07 8.08 0.174 92.85 93.81 12.25 3.73e+9  
 Int.Obj.Mot AEN-BGS 90.11 99.92 0.07 9.88 0.171 91.40 92.73 100.0 4.10e+10  
 SAEN-BGS 86.40 99.91 0.08 13.59 0.240 89.12 92.02 12.15 3.69e+9  
 Low.Frm.Rate AEN-BGS 93.75 99.78 0.21 6.24 0.336 92.03 90.38 100.0 4.10e+10  
 SAEN-BGS 88.73 99.76 0.23 11.26 0.475 89.12 89.52 12.62 4.20e+9  
 Nig.Vid AEN-BGS 85.23 99.91 0.08 14.76 0.212 87.78 90.50 100.0 4.10e+10  
 SAEN-BGS 80.48 99.90 0.09 19.51 0.265 84.35 88.61 12.46 5.09e+9  
 PTZ AEN-BGS 88.32 99.87 0.12 11.67 0.212 86.67 85.09 100.0 4.10e+10  
 SAEN-BGS 84.77 99.89 0.10 15.22 0.185 83.14 81.57 12.80 4.77e+9  
 Shadow AEN-BGS 93.54 99.77 0.22 6.45 0.459 93.75 93.97 100.0 4.10e+10  
 SAEN-BGS 91.77 99.63 0.36 8.22 0.647 91.17 90.57 12.38 4.47e+9  
 Thrml AEN-BGS 94.62 99.70 0.29 5.37 0.692 95.48 96.35 100.0 4.10e+10  
 SAEN-BGS 93.39 99.41 0.58 6.60 1.025 93.02 92.66 11.97 3.84e+9  
 Turb AEN-BGS 89.54 99.96 0.03 10.45 0.079 91.01 92.54 100.0 4.10e+10  
 SAEN-BGS 91.12 99.94 0.05 8.87 0.113 91.01 90.90 12.37 3.98e+9  
Table 7
Energy performance between our proposed SAEN-BGS and its counterpart AEN-BGS under the large training set (randomly selected 70% frames per video) on CDnet-2014 dataset.
BOLD indicates the best.
 Scene Model Rec (↑) Spe (↑) FPR (↓) FNR (↓) PWC (↓) Fm (↑) Pre (↑) AvR𝑠 (↓) Energy (↓) 
 Baseline AEN-BGS 97.66 99.87 0.12 2.33 0.221 97.47 97.27 100.0 4.10e+10  
 SAEN-BGS 97.04 99.81 0.18 2.95 0.308 96.49 95.94 12.42 5.52e+9  
 Bad.Wthr AEN-BGS 96.05 99.96 0.03 3.94 0.089 96.44 96.82 100.0 4.10e+10  
 SAEN-BGS 95.42 99.94 0.05 4.57 0.108 95.67 95.91 12.27 5.93e+9  
 Cam.Jtr AEN-BGS 96.54 99.85 0.14 3.45 0.290 96.75 96.96 100.0 4.10e+10  
 SAEN-BGS 96.22 99.82 0.17 3.77 0.337 96.22 96.23 12.41 5.43e+9  
 Dyn.Bkgr AEN-BGS 96.20 99.97 0.02 3.79 0.059 96.28 96.36 100.0 4.10e+10  
 SAEN-BGS 94.51 99.95 0.04 5.48 0.084 94.69 94.88 12.77 7.49e+9  
 Int.Obj.Mot AEN-BGS 94.04 99.95 0.04 5.95 0.091 94.54 95.05 100.0 4.10e+10  
 SAEN-BGS 90.48 99.92 0.07 9.51 0.158 90.60 90.72 12.69 6.30e+9  
 Low.Frm.Rate AEN-BGS 94.64 99.91 0.08 5.35 0.166 94.56 94.48 100.0 4.10e+10  
 SAEN-BGS 93.31 99.89 0.10 6.68 0.209 93.16 93.01 12.91 6.05e+9  
 Nig.Vid AEN-BGS 88.62 99.94 0.05 11.37 0.136 90.75 92.98 100.0 4.10e+10  
 SAEN-BGS 86.50 99.91 0.08 13.49 0.183 87.67 88.86 12.69 1.00e+10  
 PTZ AEN-BGS 92.58 99.95 0.04 7.41 0.069 87.76 83.41 100.0 4.10e+10  
 SAEN-BGS 89.13 99.95 0.04 10.86 0.078 85.88 82.87 12.56 5.44e+9  
 Shadow AEN-BGS 95.96 99.82 0.17 4.03 0.325 95.83 95.70 100.0 4.10e+10  
 SAEN-BGS 94.24 99.73 0.26 5.75 0.478 93.89 93.54 13.18 9.61e+9  
 Thrml AEN-BGS 97.25 99.86 0.13 2.74 0.282 97.53 97.81 100.0 4.10e+10  
 SAEN-BGS 94.42 99.80 0.19 5.57 0.508 95.51 96.63 13.05 1.05e+10  
 Turb AEN-BGS 92.15 99.97 0.02 7.84 0.053 92.75 93.36 100.0 4.10e+10  
 SAEN-BGS 91.05 99.96 0.03 8.94 0.064 91.34 91.63 12.42 7.29e+9  
Overall, these experiments effectively showcase our suggested tech-
niques for improving BGS performance, as our SAEN-BGS has proven 
to surpass the current benchmarks. When dealing with practical situ-
ations, our main focus is on achieving efficient energy consumption, 
which involves striking a balance between effectiveness and energy effi-
ciency. Ultimately, efficient energy consumption decreases the amount 
of active neurons, but this comes at the expense of effectiveness. We 
10 
will validate the energy performance of AEN-BGS and SAEN-BGS in the 
upcoming experiments.

4.3. Energy comparison

We not only improve segmentation performance but also verify our 
power consumption. According to Eqs.  (12) and (14), it is evident that 
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Table 8
Energy performance between our proposed SAEN-BGS and its counterpart AEN-BGS on 
DAVIS-2016 dataset. BOLD indicates the best.
 Model Fm (↑) AvR𝑠 (↓) Energy (↓) 
 AEN-BGS 87.40 100.0 4.10e+10  
 SAEN-BGS 85.20 13.97 1.17e+10  

the calculation of flops for ANNs is independent of the particular task, 
unlike SNNs. In order to do this, we initially calculate the parameter 
count and energy of AEN-BGS, BSUV-Net 2.0, and ZBS, all of which 
rely on ANNs and demonstrate superior performance compared to 
other baseline models. According to the data in Table  5, AEN-BGS has 
significantly fewer parameters and uses less energy than both ZBS and 
BSUV-Net 2.0. We will then compare our SAEN-BGS with its counter-
part CNN (AEN-BGS) on CDnet-2014 and DAVIS-2016 individually to 
demonstrate the energy efficiency of our SAEN-BGS.

In CDnet-2014, we evaluate not just the seven fundamental metrics 
but also two additional energy metrics (Energy and AvR𝑠) across 11 
categories, following the two previously mentioned training schemes. 
Our SAEN-BGS demonstrates similar performance to AEN-BGS across 
the seven fundamental metrics, as shown in Tables  6 and 7. Our method 
achieves significantly lower AvR𝑠 and energy consumption with an 
average neuron activation of only 12% and energy savings ranging from 
74% to 92%. Furthermore, we also perform energy comparisons on 
DAVIS-2016 using a large training set scheme. As shown in Table  8, our 
SAEN-BGS achieves a comparable F-measure with significantly lower 
energy usage, with just 13.97% neuron activation and almost 71% less 
energy consumed.

In summary, SAEN-BGS is suggested for situations with limited en-
ergy, whereas AEN-BGS is the choice for less crucial energy limitations.

5. Conclusion

This paper proposes a spiking autoencoder network (termed SAEN-
BGS) for background subtraction to address sensitivity to temporal 
background noise. The continuous spiking conv-dconv block is de-
signed for temporal feature refinement, which achieves an average 
7% higher F-measure on CDnet-2014 and 16% higher F-measure on 
average over DAVIS-2016 compared with other baselines. These results 
demonstrate our superior capability to disentangle foreground temporal 
patterns from noisy backgrounds. Then, we present the self-auxiliary 
spiking learning under the ANN-to-SNN framework, which facilitates 
our SAEN-BGS to reduce energy by more than 50% compared to state-
of-the-art baselines while maintaining at least 70% energy saving com-
pared to its counterpart. These findings suggest that spike-event-driven 
SNNs inherently suppress background noise propagation.

This approach has produced significant outcomes on commonly 
utilized benchmarks. Nevertheless, it does possess specific constraints. 
Compared to conventional neural networks, there are fewer established 
libraries and frameworks for working with SNNs, which can hinder 
development and experimentation. Furthermore, as the size of the 
network increases, the tradeoff between efficiency and effectiveness 
can become problematic, particularly with standard training algorithms 
using backpropagation.
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