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S3Det: a fast object detector for remote sensing images based on 
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Abstract: Artificial neural networks (ANNs) have made great strides in the field of remote sensing image object detection. 
However, low detection efficiency and high power consumption have always been significant bottlenecks in remote sensing. 
Spiking neural networks (SNNs) process information in the form of sparse spikes, creating the advantage of high energy 
efficiency for computer vision tasks. However, most studies have focused on simple classification tasks, and only a few researchers 
have applied SNNs to object detection in natural images. In this study, we consider the parsimonious nature of biological brains 
and propose a fast ANN-to-SNN conversion method for remote sensing image detection. We establish a fast sparse model for 
pulse sequence perception based on group sparse features and conduct transform-domain sparse resampling of the original images 
to enable fast perception of image features and encoded pulse sequences. In addition, to meet accuracy requirements in relevant 
remote sensing scenarios, we theoretically analyze the transformation error and propose channel self-decaying weighted 
normalization (CSWN) to eliminate neuron overactivation. We propose S3Det, a remote sensing image object detection model. 
Our experiments, based on a large publicly available remote sensing dataset, show that S3Det achieves an accuracy performance 
similar to that of the ANN. Meanwhile, our transformed network is only 24.32% as sparse as the benchmark and consumes only 
1.46 W, which is 1/122 of the original algorithm’s power consumption.

Key words: Remote sensing image; Object detection; Spiking neural networks (SNNs); Spiking sequence rapid sensing (SSRS); 
Channel self-decaying weighted normalization (CSWN)
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1  Introduction

Due to the rapid development of remote sensing 

technology in recent years, the automatic analysis 

of massive remote sensing images with all-round 

intelligent technology has become urgently needed by 

academia and industry. Object detection, a fundamen‐

tal task in this domain, finds extensive application in 

essential areas such as meteorological analysis, sur‐

face surveying, and transportation planning (Chen L 

et al., 2023).

Artificial neural networks (ANNs), represented 

by convolutional neural networks (CNNs) (LeCun 

et al., 1998) and Transformers (Vaswani et al., 2017), 

have developed rapidly over the past decade and con‐

tinue to energize object detection tasks. However, 

ANNs often demand substantial computing resources, 

posing challenges for their deployment on resource-

limited devices. In contrast, spiking neural networks 
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(SNNs) (Maass, 1997) emulate the biological structure 
of the brain, encoding and transmitting information 
through 0 ‒ 1 spikes, mimicking human biological 
systems. Because spiking neurons trigger calculations 
in response to only external stimuli, they have advan‐
tages of low power consumption and fast reasoning. At 
present, SNNs have achieved excellent performance on 
a variety of hardware platforms, which also validates the 
feasibility of exploring high-performance and highly 
efficient brain-inspired intelligence through SNNs.

Despite binary spiking enabling the extreme 
energy efficiency of SNNs, the complex dynamics 
involved and the non-differentiable mathematical char‐
acteristics of spiking neurons result in a scarcity of 
training algorithms. Therefore, researchers have tried 
to find the balance of the scales in the conversion 
method. ANN-to-SNN conversion (Kim et al., 2020; Li 
et al., 2022; Hu et al., 2023; Yao et al., 2023) has already 
yielded promising results on common object detection 
datasets, such as PASCAL VOC (Everingham et al., 
2010) and COCO (Lin et al., 2014). However, as the 
number of network layers increases, the accuracy error 
caused by the conversion method further increases. 
While increasing the firing rate of discrete spikes can 
significantly mitigate these accuracy errors, it leads to 
a substantial increase in the time step, undermining 
the efficiency advantage of SNNs.

To fully harness SNNs’ efficiency advantage in 
real-time remote sensing detection scenarios, our re‐
search draws on the principles of simplicity and spar‐
sity inherent in biological information transmission. 
The simplicity of SNNs lies in their efficient coding, 
local computation, and event-driven nature. SNNs 
employ a simple encoding scheme to represent com‐
plex information, with neurons communicating pri‐
marily with their immediate neighbors, thereby re‐
ducing the energy consumption associated with long-
distance signal transmission. The event-driven char‐
acteristic ensures that neurons generate spikes only 
when there is a change in the input, leading to a more 
energy-efficient operation. The sparsity of SNNs is 
manifested in three key aspects: sparse activation, 
sparse connectivity, and sparse representation. Sparse 
activation refers to only a small fraction of neurons 
being active and generating spikes at any given time. 
This reduces the overall computational load and en‐
ergy consumption. Sparse connectivity implies that 

the connections within the neural network are not fully 
dense; instead, each neuron typically connects to only 
a subset of other neurons. Sparse representation, on 
the other hand, involves using the minimum number 
of active neurons to encode information.

Guided by the aforementioned principles, we 
incorporate the theory of compressive sensing from 
signal processing. Compressive sensing allows for 
the recovery of sparse signals from a small number 
of measurements. In the context of SNNs, this can be 
leveraged to reconstruct complete signals from sparse 
activation patterns, thereby reducing the number of 
required sensors and the amount of data. We develop 
a fast SNN model suitable for remote sensing appli‐
cations, achieving performance competitive with that 
of ANNs. The fundamental concept is to eliminate 
redundant computations and leverage the temporal 
and spatial features more effectively. In addition, we 
analyze the causes of errors in the conversion pro‐
cess and make corresponding improvements. The fol‐
lowing summarizes the contributions we have made 
in this work and highlights the benefits of the light‐
weight SNN that has been proposed:

1. Spiking sequence rapid sensing (SSRS). We 
analyze the sparse nature of spiking sequences in 
aerial images and model them using group sparse 
compressed sensing. Theoretically, we demonstrate 
that the proposed model effectively performs com‐
pressed sampling of the original spiking sequences. 
This is achieved through the minimization of a mixed 
norm model.

2. Channel self-decaying weighted normalization 
(CSWN). To address the issue of excessive activation 
of spiking neurons, we conduct an in-depth analy‐
sis of normalization errors during the conversion from 
ANN to SNN. Our findings indicate that the spike of 
inactivated neurons (SIN) error is exacerbated as the 
number of layers and channels increases. This issue is 
particularly critical for neural networks that process 
remote sensing images and must be carefully consid‐
ered. We recommend an exponentiated momentum 
decay scheme based on low-order statistics along the 
channel dimension, which offers a cost-effective solu‐
tion to this problem.

3. Depth model of remote sensing object detection. 
We develop SNN models for object detection in remote 
sensing images, achieving advanced performance and 
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efficient detection on major publicly available datasets. 
To the best of our knowledge, this is the first attempt 
to apply SNNs to object detection tasks in the field 
of remote sensing.

2  Related works

Here we introduce the remote sensing image 
object detection methods in the literature. Unlike 
natural images, remote sensing images are captured 
from an overhead perspective and include a diverse ar‐
ray of objects such as vehicles, bridges, and ships. 
These objects are characterized by arbitrary orienta‐
tions, relatively small and dense objects, and signifi‐
cant scale variations among objects. To address these, 
researchers have focused on three areas—feature refine‐
ment, anchor-free mechanisms, and optimization of 
the loss function—to develop more accurate object 
detection algorithms for high-resolution remote sensing 
images.

In terms of feature refinement, it is necessary to 
effectively augment rotated image data to maintain 
rotational invariance. Cheng et al. (2016a) proposed 
a rotation-invariant CNN (RICNN) that enhances mod‐
el generalization by using sample rotations. Based 
on the original model, Cheng et al. (2016b) further 
incorporated a Fisher discriminant layer to enhance 
classification similarity, thereby improving classifica‐
tion performance. Additionally, various methods have 
been employed to refine features through data aug‐
mentation, including quad-patch augmentation (Gong 
et al., 2022), dual-dimensional feature enhancement 
using multiscale attention CycleGAN (Liu WX et al., 
2022), and specifically synthetic mineral oversam‐
pling with mosaic and mixup (SSMup) (Chen GH 
et al., 2022), among others. Enhancing the semantic 
features of objects is also a common optimization 
method. Yang et al. (2021a) proposed a progressive 
regression method called R3Det, which increases ac‐
curacy by refining the center points of objects from 
coarse to fine granularity.

The two-stage detectors with the above-detailed 
features are all designed based on anchors. However, 
due to the enumeration and parameter adjustment dif‐
ficulty of anchors, researchers have gradually expanded 
the anchor-free algorithm. He et al. (2022) designed 

HRPNet, which converts the detection of oriented 
bounding boxes (OBBs) (Fig. 1b) into the regression 
of an angle and four radii in polar coordinates. This 
significantly reduced the computational complexity 
of the network model. Zhang C et al. (2023) used a 
coarse location module to quickly produce coarsely 
oriented boxes and then employed a region-based CNN 
(R-CNN) to complete the detection and classification 
of objects. The above models eliminate the need for 
laborious manual anchor design, offering competitive 
detection speed. Inspired by the characteristics of 
densely distributed remote sensing objects, Xie et al. 
(2024a) proposed a method called the objectness acti‐
vation network (OAN), which predicts whether each 
image patch contains an object, thereby enhancing detec‐
tion efficiency. Additionally, Xie et al. (2023) intro‐
duced the concept of collaborative learning to address 
the issues of non-universality in target features and the 
limitations of single-regression approaches. However, 
CNNs often suffer from significant feature loss during 
forward propagation, leading to missed detections and 
false positives. Consequently, some researchers have 
opted to optimize the reward and penalty mechanisms 
directly within the design of the loss function. In the 
field of remote sensing, the main challenges in design‐
ing loss functions are boundary discontinuity and incon‐
sistency with the final detection metrics. To address 
the boundary discontinuity issue, Yang et al. (2021b) 
used the Gaussian Wasserstein distance (GWD) to 
approximate the intersection over union (IoU) rota‐
tional loss. Building on Yang’s work, Huang et al. 
(2022) designed a novel general Gaussian heatmap 
label assignment (GGHL), which not only creates two-
dimensional (2D) Gaussian heatmaps but also employs 
an anchor-free adaptive label assignment strategy to 
improve detection efficiency.

Fig. 1  Two forms of remote sensing image detection boxes. 
The horizontal bounding box (HBB) (a) contains excessive 
noise compared with the oriented bounding box (OBB) (b)
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All the above methods seek data and network-
level optimizations within the framework of ANNs, 
inherently limiting the upper bound of efficiency. Even 
when anchor-free single-stage detection algorithms 
are employed, the resulting detection performance fails 
to meet the lightweight and low-latency requirements 
of the remote sensing domain. SNNs transmit infor‐
mation to downstream neurons using action potentials 
rather than the real values used in ANNs. Due to the 
sparsity of image inputs, SNNs exhibit significant 
efficiency advantages.

3  S3Det

3.1  Network architecture

Related work on the conversion of ANNs to SNNs 
and their proof of equivalence can be found in the 
supplementary materials. The overall network struc‐
ture of S3Det is shown in Fig. 2. First, the image is 
preprocessed with conventional operations, includ‐
ing cropping, scaling, and rotation. The ANN algo‐
rithm used for conversion is R3Det. The conversion 
includes parsing the ANN network, parameter norma‑
lization, neuron conversion, and post-processing. In 
the converted S3Det, we design an SSRS module and 
CSWN based on low-order statistics.

3.2  Spiking sequence rapid sensing module

In SNNs, the rate-based encoding method can be 
represented by the firing rate v as follows:

v =
Nspike

T
, (1)

where Nspike represents the number of spikes and T 
denotes the time step. For remote sensing images, the 
pixel values correspond to the numbers of spikes. How‐
ever, the spike sequences obtained based on frequency 
are not sparse, necessitating the resampling of spike 
sequences from original X to X. If we use the L2 norm 
to measure the error in the resampling result, we can 
model the concept of compressed sensing as follows:

Em (X ) = inf
Sm·Φm

sup
x∈X

 x−−Rm( )Φm ( x )
2
, (2)

where Φm represents a compressed sampling operator 
in the sparse domain Rm, m denotes the number of non-
adaptive sampling samples, and Sm represents the set of 
all possible m-dimensional sparse vectors. The sampling 
process for our sparse signal X can be expressed as

r ( i ) = x, φ i + ε i, i = 1, 2, ⋯, n, (3)

where φi represents the ith known reference sampling 
kernel function, n denotes the number of samples, and 
εi indicates the sampling error for the ith sample.

Because of the complex and redundant features of 
remote sensing images, to minimize information loss 
during compression, we need to identify a K-order 
restricted isometry constant (RIC) δK that satisfies 
Eq. (4), ensuring that it is as small as possible to guar‐
antee the robustness of information sampling:

Fig. 2  Architecture of the proposed S3Det detector. In the input image, the object to be detected is a tennis court. ANN: 
artificial neural network; CS: compressed sensing; Cls.&Reg.: classification and regression
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( )1− δK‖x‖2
2⩽‖Φx‖2

2⩽ ( )1 + δK‖x‖2
2 s.t. δK < 1. (4)

However, computing the K-order RIC constant 
of a matrix is an NP-hard problem. To address this, we 
draw inspiration from neuroscience, where the visual 
cortex of the brain can encode visual information with 
a minimal number of neurons. Thus, we consider using 
a group sparsity model that incorporates prior knowl‐
edge of the image to constrain the problem. The spar‐
sity model can be defined as follows:

X g
S, K =

ì
í
î

ü
ý
þ

x:∑
i = 1

|G|

δ ( ) xni q
⩽K, g ={ }Ω i

|G|

i = 1
, K≪ |G| ,   (5)

where g denotes a group structure, in which the com‐
ponents within the structure are correlated, S denotes 
the set of all possible sparse vectors, G represents a 
matrix whose column vectors indicate the sparse rep‐
resentation of the signal, q denotes a specific group 
used to define sparsity constraints, and Ω typically 
represents an index set used to select specific groups 
within the signal.

In the initial spike sequence, there is a strong 
correlation between the spike count and pixel intensity. 
As inherent attributes of images, non-local similarity 
and group sparsity are widely used in image recon‐
struction. Therefore, we use a Gaussian mixture model 
(Komárek and Lesaffre, 2008) to capture the prior 
knowledge of the image. First, for a given remote 
sensing image patch, we identify the p−1 most simi‐
lar image patches to form the image patch group Xp. 
Subtracting the group mean from these patches yields 
the corresponding residual group Xn. Assuming that 
the residuals of the same matrix belong to the same 
Gaussian component and are independent between 
matrices, the likelihood function of Xn can be ex‐
pressed as follows:

Pr ( )X̄n =∑
k = 1

K

πk∏
m = 1

M

N  ( )x̄m, n| μk, Σk , (6)

where N ( x̄m, n| μk, Σk ) is the kth component of the 

Gaussian mixture, and πk is the normalized mixture 
coefficient.

After initializing the coefficients in Eq. (6), we 
use expectation–maximization (E-M) for solving the 
equation. By alternately executing these two steps 
until the function converges, we can learn K Gaussian 

components. Their covariance matrices represent fea‐
ture information. The image processing procedure is 
shown in Fig. 3.

Next, we can use the learned prior information 
to substitute into the group sparse model in Eq. (5) 
and conditionally relax the sampling operator Φ. We 
consider the model’s block coherence and within-
group correlation v(Φ):

μB (Φ ) = max
1
d




ΦT

1, Ω i
Φ1, Ω j

2
⩽μ (Φ ), (7)

v (Φ ) = max i  max∀p≠q|ϕT
pϕq |, (8)

where μB describes the global properties of Φ, including 
the local similarity and smoothness of the remote sens‐
ing image. ϕq is the qth column vector in ΦT

1, Ω i
. According 

to Eldar and Kutyniok (2012), Φ needs only to satisfy in‐
equality (9) to correctly perceive the original signal X:

K <
1
2 ( )1

dμB (Φ )
+ 1 + ( )1

d
−1

v (Φ )
μB (Φ )

. (9)

When X∈X g
S, K, the perception process can be con‐

verted into solving the following mixed norm minimi‐
zation problem:

ì
í
î

ïïPS
q, 2 (Φ, g, ε ): x←arg minx‖x‖g, q, 2  s.t. ‖r − Φx‖2⩽ε,

PS
q, 2 (Φ, g, K ): x←arg minx‖r−Φ‖2  s.t. ‖x‖g, q, 2⩽K.

(10)

When q=1, it is the group sparsity-induced norm. 
Through iterative shrinkage–thresholding methods, we 
can minimize the mixed norm, promoting simultaneous 
zeros within each group to achieve group sparsity.

Fig. 3  Processing diagram of the image Gaussian distribution 
(E-M: expectation–maximization)
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Thus, we demonstrate that the proposed group 
sparse model can effectively perform compressive sam‐
pling of the original signal and achieve high-probability 
recovery within compressive sensing. Fig. 4 illustrates 
the difference between our group sparse sampling se‐
quence and the regular sampling sequence.

3.3  Channel self-decaying normalization based 
on low-order statistics

Unlike CNNs, which can process arbitrary in‐
puts using a sliding window approach, SNNs require 
neurons to generate spike sequences based on input 
magnitude. In this context, weights and threshold volt‐
ages are responsible for ensuring the adequacy and 
balance of neuron activation, respectively. However, 
during processing, neurons may become underacti‐
vated or overactivated, leading to information loss and 
poor performance. Therefore, in SNNs, we apply appro‐
priate normalization techniques to the input signals. 
Common normalization methods include batch nor‐
malization (BN) and layer normalization (LN). BN, 
originally designed for deep ANNs, can be adapted 
for use in SNNs. By normalizing the input features 
across the entire batch, a BN facilitates faster conver‐
gence and may improve generalizability. LN, on the 
other hand, normalizes the inputs across all units within 
a single sample, making it particularly useful for 

handling variable-length sequence data. However, 
when addressing normalization errors, spiking-YOLO 
identifies that the layer norm significantly reduces 
neuron firing rates, causing underactivation. There‐
fore, spiking-YOLO employs fine-grained channel 
normalization to ensure that even minimal activation 
values are properly normalized. The channel normal‐
ization formula in spiking-YOLO is as follows:

w͂l
c in, cout

= wl
i, j

λ l−1
i

λ l
j

,     b͂l
j =

bl
j

λ l
j

, (11)

where wl, λl, and bl denote the weight, the maximum 
activation calculated from the training dataset, and the 
bias in convolutional layer l, respectively. c represents 
the number of channels.

However, further analysis reveals that while chan‐
nel normalization addresses the underactivation issue, 
it does not resolve—and even exacerbates—the over‐
activation problem. This is caused by the SIN error. In 
fact, the SIN error already exists with the more com‐
monly used layer norm in image classification. Since cur‐
rent conversion uses real values for input, assuming no 
neuron activation values exceed 1, the firing rate output 
by the encoding layer, which receives a constant cur‐
rent over sufficient time steps, can exactly match the 
ANN’s activation value. This can be expressed as

Fig. 4  Diagram of the group sparse sampling sequence and regular sampling sequence
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r ( l )
i (T ) =

ê

ë

ê

ê
êê
ê

ê ú

û

ú

ú
úú
ú

ú∑
t = 0

T∑
j = 0

J

S ( l )
i, j ( t )

T

 , (12)

where S ( l )
i, j  is the synaptic current of a single layer l 

and r ( l )
i (T ) is the activation function value.

After the first layer, the neurons receive discrete 
spikes. According to Li et al. (2022), disregarding 
the error from the floor function, the number of 
emitted spike is the time-varying maximum of the 
synaptic current sum for each layer’s neurons. Thus, 
the total number of spikes S ( l )

i (T ) over time step T 

equals max0⩽t⩽T

ì
í
î

ê

ë
êêêê

ú

û
úúúú∑

τ= 0

t

I ( l )
i ( τ )

ü
ý
þ
, where I is the synaptic 

current from layer 0 to layer l. When the activation 
function value o(k )

i  of the ith neuron in the kth layer is 
less than 0 but the synaptic current exceeds the thresh‐
old, the neuron will still fire spikes even though it 
should not be activated in the ANN. This results in 
the SIN error. The spike error in the kth layer can be 
expressed as

ΔE (k )
i =

S (k )
i (T )

T
−o(k )

i ≈ 1
T

ê

ë

ê
êê
ê ú

û

ú
úú
ú∑

j∈SIN

W (k )
ij . (13)

Since the firing rate in SNNs provides high vari‐
ance while the activation function values in ANNs 
provide a high mean, the mathematical distributions 
of their hidden layers differ. Additionally, similar to 
error accumulation in ANNs, the SIN problem becomes 
increasingly pronounced with more layers and chan‐
nels. This issue is particularly significant for neural 
networks dealing with remote sensing images and can‐
not be ignored. For example, R3Det has 4096 chann‑
els, and the accumulation of errors across these numer‐
ous channels significantly increases the conversion 
error in the resulting SNN. To address this issue, spike 

calibration (Li et al., 2022) was proposed, using a spike 
monitor to calculate the interspike interval (ISI) and 
neurons with negative weights to counteract the acti‐
vation of inactive neurons. However, this method unnec‐
essarily increases the number of neurons, leading to 
additional computational overhead.

To address the SIN error in a cost-effective 
manner, we propose an exponential momentum decay 
scheme based on low-order statistics, building on ex‐
isting channel normalization in spiking-YOLO, as 
shown in Fig. 5. This method limits excessive neuron 
firing rates. We denote the mean and variance of 
neuron activation in the kth layer and cth channel as 

μ̄k,c and { }σ̄ 2

k, c
, respectively. Introducing a momentum 

decay factor η∈(0,1), the mean and variance are pro‐
gressively updated as the layer depth increases:

μ̄k + 1, c =(1− ηk ) μk, c +ηk μ̄k, c, (14)

{ }σ̄ 2

k + 1, c
=(1− ηk ){σ 2}

k, c
+ηk{ }σ̄ 2

k, c
, (15)

where ηk=η0exp(−k) is the object momentum coeffi‐
cient with adaptive decay.

In light of this, as the network depth increases, the 
normalized weights gradually decrease. This reduction 
is not abrupt but occurs in a smooth manner, making 
the process more biologically plausible. Our method 
effectively suppresses abnormally high firing rates of 
neurons, leading to more faithful information process‐
ing and reduced unnecessary energy consumption. 
Importantly, we achieve this by adjusting only the 
weight decay parameters. This approach eliminates over‐
activated neurons without significantly increasing the 
computational burden. Consequently, our technique 
is both efficient and practical, making it well-suited 
for large-scale network deployments in real-world 
applications.

Fig. 5  Diagram of the exponential momentum attenuation scheme. F denotes the feature map
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4  Experiments

We evaluated the performance of the proposed 
method for object detection, using R3Det as the initial 
algorithm before conversion. The subsequent SNN 
conversion was performed by the SNNToolbox. In 
addition to standard model parsing, normalization, and 
simulation procedures, we implemented the rapid per‐
ception model and channel self-decay normalization 
on the Toolbox platform. Max pooling and BN were 
implemented according to the method proposed by 
Rueckauer et al. (2017). We conducted our experi‐
mental analysis using two publicly available datasets 
annotated with OBBs: DOTA (Xia et al., 2018) and 
HRSC2016 (Liu ZK et al., 2016). The experimental 
setup is detailed in Table 1. In inference, we used rate 
coding to encode the input images to the input spikes 
by the integrate-and-fire (IF) neurons.

4.1  Datasets and settings

DOTA is a large open remote sensing image bench‐
mark dataset comprising thousands of images from 
different platforms and sensors such as Google Earth  
and the GF-2 and JL-1 satellites. DOTA-v1.0 contains 
2806 images ranging in size from 800×800 pixels to 
4000×4000 pixels, and the dataset is divided into a 
training set, a validation set, and a test set at a ratio of 
3:1:2. The images cover 15 object types with a total 
of 188 282 objects, including helicopter (HC), swim‐
ming pool (SP), harbor (HA), roundabout (RA), soccer-
ball field (SBF), storage tank (ST), basketball court 
(BC), tennis court (TC), ship (SH), large vehicle (LV), 
small vehicle (SV), ground track field (GTF), bridge 
(BR), baseball diamond (BD), and plane (PL). We 
trained the model for 36 rounds (183 600 iterations).

The high-resolution ship collection 2016 
(HRSC2016) dataset is used mainly for various ship 
detection tasks. It labels three major categories of ships: 
aircraft carriers, warcrafts, and merchant ships. Within 
the three categories, there are 27 subcategories of 
objects, with a total of 2976 objects. The training set 
includes 436 images with 1207 samples, the validation 
set includes 181 images with 541 samples, and the 
test set includes 444 images with 1228 samples.

4.2  Efficiency of S3Det

To validate and analyze the efficiency of the pro‐
posed method, we examined the impact of the SSRS 
module and CSWN on both performance and energy 
consumption.

4.2.1  Detection efficiency

First, we evaluated the detection efficiency, as 
image processing speed is a crucial metric for real-time 
applications on embedded devices such as drones. We 
compared the speed of S3Det with those of two catego‐
ries of algorithms: common remote sensing image de‐
tection algorithms and lightweight detection algorithms 
suitable for rotated objects. Additionally, to increase 
detection speed on edge devices, we replaced S3Det’s 
backbone with MobileNetV2 (Sinha and El-Sharkawy, 
2019) and ShuffleNetV2 (Ma et al., 2018) and mea‐
sured the relevant performance indicators.

“#Params” represents the total number of model 
parameters. “Ratio” indicates the proportion of the 
actual runtime consumed by the model in relation to 
the overall inference time taken to process 1000 sub-
images. This ratio was computed using the standardized 
method, provided by TorchStat. Meanwhile, the speed 
(in frames per second) was measured using MMDetec‐
tion (Chen K et al., 2019), and the testing environment 
comprised four Tesla V100 GPUs with a batch size of 
16. The detection results of the algorithm are shown 
in Table 2.

As shown in Table 2, using ResNet as the back‐
bone, S3Det with a stride of 64 significantly improved 
detection speed compared to the ANN model (R3Det). 
Specifically, using ResNet50 as the backbone net‐
work, the detection speed of S3Det was 20 frames/s, 
representing a 42.86% increase over that of R3Det. 
Additionally, by using a more lightweight backbone, 
such as ShuffleNet, the detection speed can be rapidly 

Table 1  Experimental environment

Category

Server

CPU

GPU

Memory

OS

SNN framework

Language

Description

Inspur NF5466M5

Intel® Xeon®

NVIDIA Tesla V100

253 GiB

Debian 11 Bullseye

SNNToolbox 

(Rueckauer and Liu, 2021)

Python3.7
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increased to 41 frames/s, further demonstrating S3Det’s 
efficiency. We also note that the inference time ratio 
of the S3Det model represented a significant reduc‐
tion over that of the baseline model (DOTA: 64.47% 
versus 88.52%; HRSC2016: 66.59% versus 89.42%). 
However, the model ’ s parameter count did not sub‐
stantially decrease. This may be attributed to the SNN 
model parameters being largely inherited from the 
ANN, with our SSRS primarily reducing input redun‐
dancy, resulting in no substantial reduction in the 
parameter count.

4.2.2  Energy efficiency

SNNs exhibit exceptionally low power consump‐
tion due to their event-driven neural activity and rich 
spatio-temporal dynamics. In our approach, the spar‐
sity gain introduced by the SSRS further enhances 
the optimization of the model’s operational power 
consumption. To thoroughly understand the role of 
sparsity in SNN, we evaluated the power consump‐
tion metric of the R3Det model before conversion 
and the S3Det model after conversion. Before con‐
version, we divided R3Det into four subnetworks: 
ResNet, FPN, RPN, and RefineNet. Fig. 6 presents the 
number of multiply-added nodes for each subnetwork. 
The total multiply-accumulate (MAC) operations for 
all networks amount to 2.15×1011.

For the post-conversion, we defined one time 
step as 1 ms (1 kHz synchronization signal in Merolla 
et al. (2014)). According to Horowitz (2014), the energy 
cost per operation was 4.6 pJ for FLOAT32 MAC 
and 0.9 pJ for FLOAT32 AC. Considering that S3Det 
accepts analog image inputs, we defined the first layer 
as MAC operations. Rathi and Roy (2023) argued that 
the ratio of ANN to SNN energy consumption can be 
expressed as

EANN

ESNN

=
OPANN·EMAC

OPSNN·EAC

=
OPANN·EMAC

OPANN·spike rate·EAC

,   (16)

Table 2  Speed comparison on DOTA and HRSC2016

Model

R3Det (Yang et al., 2021a)

SCRDet (Yang et al., 2019)

R2CNN (Jiang YY et al., 2018)

RRPN (Ma et al., 2018)

RetinaNet-R (Lin et al., 2017)

MobileDets (Xiong et al., 2021)

GiraffeDet-R (Jiang YQ et al., 2022)

OR-CNN (Xie et al., 2024c)

DFDet (Xie et al., 2024b)

YOLOv10-L (Wang et al., 2024)

S3Det (step=64)

Backbone

ResNet50

ResNet50

ResNet50

ResNet50

ResNet50

MobileNetV3

S2D Chain

ResNet50

ResNet50

CSPNet

ResNet50

ResNet101

ResNet152

MobileNetV2

ShuffleNetV2

Image size

800×800

800×800

600×600

600×600

800×800

300×300

300×300

800×800

800×800

300×300

800×800

800×800

800×800

300×300

300×300

DOTA

#Params 

(MiB)

485

452

353

348

378

96

137

368

392

152

462

758

961

168

147

Ratio 

(%)

88.52

71.20

93.60

94.30

82.85

31.78

35.32

37.31

36.82

40.73

64.47

72.57

85.29

32.14

30.47

Speed 

(frame/s)

14

10

–

5

12

41.5

35

15.3

23.4

32

20

12

8

35

41

HRSC2016

#Params 

(MiB)

496

484

314

306

366

104

153

269

280

96

482

684

887

121

107

Ratio 

(%)

89.42

76.03

94.41

92.43

83.90

35.98

53.64

78.43

84.52

31.22

66.59

77.22

89.17

33.98

32.10

Speed 

(frame/s)

8

4.5

2

3.5

10

33

24

14.9

21

32

14

8

6

31

34

The speed of R2CNN is <1 frame/s, so it is indicated by “–”

Fig. 6  Number of MAC operations of the subnetwork
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where EANN, ESNN, and EMAC denote the energy consum‑
ption of ANN, SNN, and a single MAC operation, re‐
spectively. OPANN and OPSNN represent the total number 
of operations in ANN and SNN, respectively. EAC 
denotes the energy consumption of a floating-point plus.

Since S3Det was converted from the ANN net‐
work R3Det, we calculated the energy consumption 
of S3Det using the following formula:

ES3Det = OPS3Det·spike rate·EAC, (17)

where ES3Det and OPS3Det denote the energy consumption 
and the number of operations of S3Det, respectively.

We recorded the number of SNN operations and 
the average spike rate during S3Det’s inference over 
a specific time step. To facilitate comparison, we 
included R3Det’s power consumption metric and calcu‐
lated the detailed energy consumption, as summarized 
in Table 3.

Our calculations in Table 3 indicate that when 
the input was a 32-bit floating point, using CSWN 
enabled the S3Det model to reduce energy consump‐
tion to approximately 1/21 and power consumption to 
approximately 1/122 of R3Det’s. This demonstrates 
the significant low-power advantage of S3Det. Addi‐
tionally, our proposed channel self-decaying normaliza‐
tion method reduced the spike rate by 15.44%, effec‐
tively addressing the issue of abnormal neuron activa‐
tion and limiting excessive firing rates. This reduction 
in spike rate further contributed to the overall decrease 
in the model’s power consumption.

4.3  High-precision detection experiments

Recent studies (Li et al., 2022; Hu et al., 2023) 
have shown that the performance of converted SNNs 
can match or even exceed that of ANNs in natural im‐
age object detection. However, these algorithms have 

not performed as well on remote sensing data. In our 
accuracy experiments, we used average precision (AP) 
and mean average precision (mAP), which are standard 
metrics in object detection. In this subsection, we pres‐
ent the results of S3Det on DOTA and HRSC2016. As 
a benchmark, we conducted comparative experiments 
of R3Det and S3Det using ResNet-50, ResNet-101, 
and ResNet-152. In addition, we evaluated the detec‐
tion accuracy of several commonly used algorithms.

On DOTA, our proposed spiking conversion 
method is based on the R3Det benchmark. Hence, we 
selected comparison methods that have frequently 
been used with R3Det in recent studies, including high-
precision algorithms such as one-stage detectors DAL 
(Ming et al., 2021) and S2A-Net (Han et al., 2022) and 
two-stage detectors ICN (Azimi et al., 2018), CAD-Net 
(Zhang GJ et al., 2019), OR-CNN (Xie et al., 2024c),  
and DFDet (Xie et al., 2024b). On HRSC2016, RC1 (Liu 
ZK et al., 2016) and RRD (Yang and Yan, 2022) used 
VGG16 as the backbone, while the remaining algo‐
rithms used ResNet101. Different methods use vari‐
ous input image sizes. To highlight the efficiency ad‐
vantages, we did not use the most accurate backbone 
networks for the comparison, as this would significantly 
increase the detection time with only marginal gains 
in accuracy. Instead, we opted for typical configura‐
tions to provide a fair and practical comparison. The 
experimental results are shown in Tables 4 and 5.

The accuracy experiments revealed that S3Det 
achieved strong detection performance on both the 
DOTA and HRSC2016 datasets. With a stride of 512 
and ResNet-152 as the backbone, S3Det attained 70.33% 
mAP on DOTA, which was only a reduction of 3.31 
percentage points compared to the original algorithm 
(73.64%). While the theoretical conversion from ANN 
to SNN was designed to be lossless, a significant mis‐
match between the firing rates and the activation values 

Table 3  Energy consumption comparison on DOTA

Method

R3Det

S3Det (Channel norm)*

S3Det (Channel self-decaying norm)*

Data type

32-bit float

32-bit float

32-bit float

Input

800×800

800×800

800×800

FLOPs

4.334E+11

‒

‒

OPS3Det

‒

4.275E+11

4.275E+11

Spike 

rate

‒

39.76%

24.32%

Energy (J)

1.994

1.53E−01

9.36E−02

Power 

(W)

178

2.39

1.46

In SNNs, model complexity is measured using spike operations and firing rates. Therefore, the floating point operations per second (FLOPs) metric 
is not applicable and is left as “‒” in the table. In contrast, for ANNs, FLOPs remains the standard metric for measuring computational complexity. 
* time step=64
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persisted. This discrepancy often led to the converted 
SNNs achieving lower detection accuracy than the 
ANNs did. However, other than scenarios demanding 
extremely high precision, the detection performance 
of S3Det was suitable for most tasks. Thus, the accu‐
racy loss was deemed acceptable. The detection results 
are visualized in Fig. 7. We also plotted the AP change 

curves for each category at different time steps, and, as 
shown in Fig. 8, the APs of all categories were posi‐
tively correlated with the growth of T and eventually 
converged to a threshold value.

For the HRSC2016 dataset, we conducted a com‐
parative validation of our method’s detection perfor‐
mance by varying the time steps. Fig. 9 shows the 

Table 4  Evaluation of the OBB task on the DOTA testing set

Method

One-stage

Two-stage

Ours*

Method

One-stage

Two-stage

Ours*

RetinaNet-R

DAL

S2A-Net

R3Det-50

R3Det-101

R3Det-152

SCRDet

R2CNN

RRPN

ICN

CAD-Net

OR-CNN

DFDet

S3Det-50

S3Det-101

S3Det-152

RetinaNet-R

DAL

S2A-Net

R3Det-50

R3Det-101

R3Det-152

SCRDet

R2CNN

RRPN

ICN

CAD-Net

OR-CNN

DFDet

S3Det-50

S3Det-101

S3Det-152

AP (%)

PL

88.92

88.68

89.11

89.30

89.54

89.42

89.98

80.94

88.52

81.36

87.80

89.46

88.92

87.83

89.16

88.92

AP (%)

BC

73.95

79.54

84.90

80.59

81.39

85.24

87.94

66.92

72.84

79.06

79.20

87.50

83.13

75.33

77.34

80.77

BD

67.67

76.55

82.84

80.29

81.99

81.03

80.65

65.67

71.20

74.30

82.40

82.12

79.25

77.45

77.79

80.10

ST

75.07

78.45

85.64

82.26

83.54

84.10

86.86

72.39

67.38

78.20

73.30

84.68

83.98

78.28

79.36

81.89

BR

33.55

45.08

48.37

46.21

48.46

50.41

52.09

35.34

31.66

47.70

49.40

54.78

48.40

34.05

43.62

48.01

SBF

43.77

57.71

60.36

59.29

61.97

61.64

65.02

55.06

59.69

53.64

48.40

63.97

60.07

55.37

57.41

60.44

GTF

56.83

66.80

71.11

65.07

62.52

65.93

68.36

67.44

59.30

70.32

73.50

70.86

70.00

64.50

58.11

62.65

RA

56.72

62.27

62.60

58.25

59.82

63.52

66.68

52.23

52.84

62.90

60.90

67.69

66.49

56.12

55.11

56.00

SV

66.11

67.00

78.11

70.51

70.48

70.90

64.52

59.92

51.85

64.89

71.10

78.93

80.22

62.34

66.56

70.31

HA

51.05

69.05

65.26

57.75

65.44

68.15

66.25

55.14

53.08

67.02

62.00

74.94

68.27

62.88

60.90

65.36

LV

73.28

76.76

78.39

73.38

74.29

78.63

60.32

50.91

56.19

67.82

63.50

83.00

78.85

73.10

70.99

71.48

SP

55.86

73.14

69.13

65.90

67.46

69.80

68.24

53.35

51.94

64.17

67.00

68.84

76.78

64.11

63.78

67.80

SH

75.24

79.74

87.25

77.42

77.54

78.03

72.41

55.81

57.25

69.98

76.60

88.20

87.21

66.11

72.22

72.23

HC

21.46

60.11

57.94

55.31

60.05

67.09

65.21

48.22

53.58

50.23

62.20

52.28

58.22

52.84

56.89

63.11

TC

90.87

90.84

90.83

90.83

90.80

90.67

90.85

90.67

90.81

90.76

90.90

90.90

90.90

90.56

86.89

85.95

mAP (%)

62.02

71.45

74.12

70.16

71.69

73.64

72.36

60.67

61.21

68.16

69.88

75.88

74.71

66.72

67.74

70.33

mAP (%)

62.02

71.45

74.12

70.16

71.69

73.64

72.36

60.67

61.21

68.16

69.88

75.88

74.71

66.72

67.74

70.33

PL: plane; BD: baseball diamond; BR: bridge; GTF: ground track field; SV: small vehicle; LV: large vehicle; SH: ship; TC: tennis court; 
BC: basketball court; ST: storage tank; SBF: soccer-ball field; RA: roundabout; HA: harbor; SP: swimming pool; HC: helicopter. AP: average 
precision; mAP: mean average precision. * time step=512
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detection advantage of our method as the number of 
time steps increased. When T=256, S3Det successfully 
detected three types of ships, whereas Spiking-R3Det, 
converted directly from R3Det, succeeded only at 1280 
steps. Additionally, at this time step, the bounding box 
for the merchant ship (pink) was inaccurately drawn. 
We hypothesize that this is due to the group sparse 
model, which sparsifies the object pixels, thereby 
reasonably reducing the processing time occupied by 
redundant pixels. Additionally, the number of invalid 
boxes produced by the channel norm was significantly 
greater than that produced by the channel self-decaying 

norm. We believe this is because the channel self-
decaying norm effectively suppresses the SIN error 
and mitigates abnormal spiking, thereby reducing the 
occurrence of erroneous pixel detection.

5  Conclusions

In this work, we develop a comprehensive and 
efficient conversion framework for detecting remote 
sensing images while maintaining low power consump‐
tion. Our method achieves high precision with fewer 
time steps compared to benchmark methods, while 
having significantly lower power consumption than 
does ANN.

In fact, our conversion method can be applied to 
almost all ANNs. The experimental results from object 
detection tasks demonstrate that our conversion method 
can significantly reduce energy consumption while 
maintaining or even improving performance. To eval‐
uate versatility across different scenarios, we are cur‐
rently testing the converted SNNs in various settings, 
including real-time mobile applications, embedded sys‐
tems, and edge computing environments. However, the 
conversion process may not always preserve the exact 
behavior of the original ANN, especially when the ANN 

Fig. 7  Visualization of S3Det (time step=512) on DOTA. References to color refer to the online version of this figure

Table 5  Accuracy and speed comparison on HRSC2016

Method

R2CNN

RRPN

RC1

RRD

RoI-Transformer 
(Ding et al., 2019)

R3Det

S3Det*

Backbone

ResNet101

ResNet101

VGG16

VGG16

ResNet101

ResNet101

ResNet101

Image size

600×600

600×600

800×800

384×384

512×800

800×800

800×800

mAP 
(%)

73.07

79.08

75.71

84.32

86.24

89.26

85.24

Speed 
(frame/s)

2.4

3.7

‒

‒

6.1

10.6

12.4

“‒” means <1 frame/s. * time step=512
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relies heavily on fine-tuned weights and complex non‐
linearities. Additionally, the conversion process may 
introduce a small overhead in terms of computational 
resources during the initial setup, which could be a 

consideration for extremely resource-constrained appli‐
cations. To further enhance the generalizability of our 
method, future work will focus on direct training and 
inference of SNNs.

Fig. 9  Spiking-R3Det and S3Det visualization results on HRSC2016. Pink represents a merchant ship, green represents 
an aircraft carrier, and blue represents a warcraft. References to color refer to the online version of this figure

Fig. 8  The AP for each category at different time steps: (a) PL, BD, BR, and GTF; (b) SV, LV, SH, and TC; (c) BC, ST, 
SBF, and RA; (d) HA, SP, and HC
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