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Abstract
Recently, spiking neural networks (SNNs) have
demonstrated substantial potential in computer vi-
sion tasks. In this paper, we present an Efficient
Spiking Deraining Network, called ESDNet. Our
work is motivated by the observation that rain pixel
values will lead to a more pronounced intensity of
spike signals in SNNs. However, directly apply-
ing deep SNNs to image deraining task still re-
mains a significant challenge. This is attributed
to the information loss and training difficulties that
arise from discrete binary activation and complex
spatio-temporal dynamics. To this end, we develop
a spiking residual block to convert the input into
spike signals, then adaptively optimize the mem-
brane potential by introducing attention weights to
adjust spike responses in a data-driven manner, al-
leviating information loss caused by discrete bi-
nary activation. By this way, our ESDNet can ef-
fectively detect and analyze the characteristics of
rain streaks by learning their fluctuations. This
also enables better guidance for the deraining pro-
cess and facilitates high-quality image reconstruc-
tion. Instead of relying on the ANN-SNN conver-
sion strategy, we introduce a gradient proxy strat-
egy to directly train the model for overcoming the
challenge of training. Experimental results show
that our approach gains comparable performance
against ANN-based methods while reducing energy
consumption by 54%. The code source is available
at https://github.com/MingTian99/ESDNet.

1 Introduction
Single image deraining aims to reconstruct high-quality rain-
free images from rain-affected ones. This challenging prob-
lem has witnessed significant advances due to the develop-
ment of various effective image priors [Luo et al., 2015;
Li et al., 2016] and deep learning models [Chen et al., 2023b].
However, early prior-based methods typically necessitate nu-
merous iterative optimization steps to ascertain the optimal
solution, also constraining their practical applicability.

*Corresponding author.

Figure 1: Model parameters and performance comparison between
our proposed ESDNet and other deraining methods on the Rain200L
dataset. The circle sizes represent the FLOPs of the various meth-
ods. The results show that the proposed method obtains a superior
balance between model complexity and deraining performance.

In the deep learning era, numerous convolutional neural
networks (CNNs) based models [Li et al., 2018; Fu et al.,
2019; Ren et al., 2019; Chen et al., 2021] have been devel-
oped as better solutions for image deraining. The success of
these methods greatly stems from their elaborate network ar-
chitectures, such as multi-scale [Jiang et al., 2020] and multi-
stage [Zamir et al., 2021]. However, these networks heavily
rely on increasing the depth or complexity of models in order
to expand the receptive fields and achieve better performance.

Recently, to facilitate global information aggregation,
Transformers [Xiao et al., 2022; Chen et al., 2024b] have
been applied to image deraining field and achieved signifi-
cant advancements as they can model the non-local informa-
tion for better image reconstruction. However, the computa-
tion of the scaled dot-product self-attention in Transformers
results in quadratic space and time complexity as the number
of tokens increases. To alleviate the computational and mem-
ory burden, some efforts have been proposed to reduce model
parameters or complexity (FLOPs), such as pruning [Zou et
al., 2022], feature reuse [Fu et al., 2019], pixel-wise dilation
filtering [Guo et al., 2021], token sparsification [Chen et al.,
2023a] and low-rank matrices [Xiong et al., 2021].

Although these approaches have made initial explorations,
achieving a better performance-efficient trade-off remains a
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Figure 2: Visualization of image patch. From the pixel value map,
it can be seen that the rain patch is generally higher than the sur-
rounding areas without rain. The neuron voltage map represents the
voltage heatmap learned by the LIF model. For the rain patches,
the voltage changes of neurons are more drastic. This indicates that
neurons are in an active state with a higher spike rate.

major challenge. Spiking neural networks (SNNs) [Zhou et
al., 2022; Su et al., 2023; Qiu et al., 2023], as the third gen-
eration of neural networks, which aim to simulate the way
signals are transmitted in the brain. Unlike the artificial neu-
ral networks (ANNs) that directly learn embedding features
from the input image, information in SNNs is represented as
binary spike sequences and transmitted by neurons. Due to
strong reflections caused by rain, the values of rain pixels in
a rainy image are typically higher than those of their neigh-
boring non-rain pixels. As shown in Figure 2, we observe that
higher pixel values may result in a more pronounced intensity
of spike signals in SNNs because they cause more neurons to
fire spikes. This naturally arise a question: whether we can
harmonize the characteristics of rain perturbation and SNN
for high-quality and low-energy-consuming rain removal?

In fact, two challenges still need to be addressed when ap-
plying the SNN to the image deraining task. Firstly, to ef-
fectively learn complex and diverse rain streaks, the network
needs to possess powerful information representation capabil-
ities. Unfortunately, most existing SNN-based methods suffer
from information loss caused by discrete binary activation,
which may significantly interfere with the subsequent clear
image reconstruction. To enhance the representation capa-
bility of SNNs, researchers have explored effective network
structures, such as MS-ResNet [Hu et al., 2021b] and SEW-
ResNet [Fang et al., 2021]. Nevertheless, these networks are
not elaborately designed for image deraining task. Secondly,
the non-differentiability of spike signals poses a challenge in
using traditional backpropagation training strategies, causing
difficulties in training the network. To address this issue, pre-
vious studies have employed the ANN-SNN conversion strat-
egy. However, this strategy has limitations, as it heavily relies
on the performance of the original ANNs and the converted
SNN models fail to surpass the performance of the original
artificial neural network (ANNs). A promising approach is to
directly train SNNs using surrogate gradients, which can gain
better performance with shorter time steps.

To this end, we propose an efficient and effective SNN-
based method, called ESDNet, to solve the image deraining

problem. Specifically, to tackle the weak representation capa-
bilities and scale problems of SNN, we design a spiking resid-
ual block (SRB), which consists of a spiking convolution unit
(SCU) and a mixed attention unit (MAU). SRB first converts
the input image into spike signals, then adaptively optimizes
the membrane potential by introducing attention weights to
adjust spike responses, alleviating information loss caused
by discrete binary activation. Furthermore, to overcome the
difficulty of training SNNs, we apply the gradient surrogate
strategy to directly train the model rather than the ANN-SNN
conversion strategy. Compared to other ANN-based derain-
ing models, our method exhibits lower energy consumption
and superior performance (see Figure 1).

The main contributions can be summarized as follows:

• We propose a deep spike neural network (ESDNet) for
single image deraining, and provide a new perspective
on developing efficient models for resource-limited de-
vices in real-world applications.

• We design a spiking residual block, which can effec-
tively alleviate the problem of information loss caused
by discrete binary activation and learn multi-scale rain
streaks, facilitating high-quality image reconstruction.

• Extensive experimental results on single image derain-
ing datasets display that our proposed model can obtain
comparable rain removal performance against ANNs-
based methods while reducing energy cost by 54%.

2 Related Work
2.1 Single Image Deraining
Traditional methods for image deraining explored various
handcrafted prior knowledge to provide additional constraints
for this ill-posed inverse problem. These methods involved
complex optimization problems and only learned the char-
acteristics of rain streaks without considering the underlying
clear information [Ding et al., 2016; Luo et al., 2015]. Re-
cently, existing most methods used CNN-based frameworks,
treating image deraining as a pixel regression task and achiev-
ing significant performance gains. [Jiang et al., 2020], [Zamir
et al., 2021] and [Chen et al., 2024a] decomposed the derain-
ing task into multiple subspaces, further acquiring multi-scale
information to enhance image reconstruction quality.

With the successful application of Vision Transformer
(ViT) in various advanced visual tasks, the ViT has also been
applied to image rain removal, achieving better performance
than CNN-based models. For example, Restormer [Zamir et
al., 2022] enhanced representation ability by calculating the
similarity of tokens at the channel dimension. [Xiao et al.,
2022] used a hierarchical architecture of window-based at-
tention to capture global correlations. Despite these methods
achieving impressive reconstruction performance, their heavy
computation burden made it difficult to deploy them in prac-
tical applications on resource-constrained devices.

To improve efficiency, many efforts have been made. [Fu
et al., 2019] constructed a lightweight network based on the
Laplace pyramid architecture, which significantly improves
the model’s efficiency. [Guo et al., 2021] proposed pixel-
wise dilated filtering to predict multi-scale information cor-
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Figure 3: The architecture of the proposed Efficient Spiking Deraining Network (ESDNet), which takes input rainy images and generates
output derained images. It mainly contains (1) the Spiking Residual Block (SRB) with Spike Convolution Unit (SCU) and Mixed Attention
Unit (MAU), (2) Feature Refinement Block (FRB). tdBN refers to threshold-dependent batch normalization.

responding to each pixel and developed an efficient rain re-
moval framework. [Ren et al., 2019] designed a derain-
ing network using a recursive computing architecture to ac-
celerate model inference. In contrast to CNN-based meth-
ods that aimed to improve efficiency through carefully de-
signed architectures, Transformer-based approaches focused
more on optimizing attention to enhance computational ef-
ficiency. Sparse representation [Chen et al., 2023a; Song
et al., 2023b] and low-rank matrix approximation calcula-
tion [Xiong et al., 2021] were employed to compress and
accelerate the inference speed of the model, improving ef-
ficiency. Although these methods have successfully reduced
computational costs, they sacrifice the network’s representa-
tional ability and cannot effectively explore spatial informa-
tion, which may affect deraining performances. In contrast
to these ANN-based rain removal methods, we propose using
SNN with lower energy efficiency as a framework to achieve
efficient image rain removal.

2.2 Spiking Neural Networks
Currently, there are two main routes to implementing deep
SNNs. One approach is the ANN-SNN conversion strat-
egy, which involves converting a well-trained and high-
performance ANN into a SNN [Diehl et al., 2015]. In this
conversion strategy, the basic idea is to replace the ReLU
activation functions in the ANN with spiking neurons to
achieve the conversion to an SNN. However, this strategy
has some inherent limitations. Firstly, achieving a conver-
sion close to the performance of the ANN typically requires
longer time steps, which leads to higher latency and ex-
tra computational consumption [Yao et al., 2023b]. Sec-
ondly, the performance of the converted SNN is highly de-
pendent on the original ANN and cannot surpass it. The

other promising route is to utilize surrogate gradient func-
tions to unfold the SNN over simulation time steps and di-
rectly train the SNN using backpropagation or spike timing
dependent plasticity (STDP) [Wang et al., 2023c]. Com-
pared to the ANN-SNN conversion strategy, directly trained
SNNs can significantly reduce the simulation time step, mak-
ing them more attractive in terms of energy efficiency [Kim
et al., 2020]. For example, [Su et al., 2023] achieved per-
formance equivalent to an ANN with the same architecture
using only 4 time steps. [Zheng et al., 2021] proposed tem-
poral delay batch normalization (tdBN), which greatly im-
proved the depth of the SNN model. [Hu et al., 2021b;
Yao et al., 2023a] applied SNNs to classification tasks and
achieved good performance. Although some works have ap-
plied directly trained deep SNNs to regression tasks such as
object detection, there has been little exploration in pixel-
level regression tasks such as image deraining.

3 Proposed Method
In this section, we first offer an overview of the proposed ES-
DNet. Then, we introduce the spiking residual block (SRB)
and the spike convolution unit (SCU). Next, we describe the
feature refinement block (FRB). The training strategy and
model optimization are described in the final section.

3.1 Data Preprocessing
Encoding to generate spike signals globally is a typical ap-
proach in SNNs for simulating pixel intensity signals in im-
ages. Considering the spatiotemporal properties of SNNs, we
first perform direct encoding on the input rainy image Xt to
generate a sequence X = {Xt}Tt=1, ı.e., copying the single
degraded image Xt as the input for each time step t.
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3.2 Network Architecture
The proposed network architecture is shown in Figure 3. This
network takes a single rainy image as input and adopts an
encoder-decoder framework to learn hierarchical representa-
tions for capturing information in the network and achiev-
ing high-quality deraining output. First, for the rainy in-
put, the network employs the encoding layer to generate the
rainy sequence X and extract shallow features from the X
by 3 × 3 convolutional layers. Then, the captured shal-
low features will be fed into N stacked SRBs to conduct
spike transformation, feature extraction, and fusion of rain
spike information through SCU and MAU. For SCU, the
Leaky Integrate-and-Fire neurons (LIF) [Fang et al., 2023;
Deng et al., 2022] convert and weight the inputs to generate
output spike sequences, which consist of 0 and 1. The value
of the output spike from LIF is 1 when the membrane poten-
tial exceeds the threshold, otherwise 0. Next, MAU can adap-
tively optimize the membrane potential by applying attention
weights, leading to adjusting the spike response in a data-
driven manner and learning the distribution of rain streaks.

After the decoder stage, the network adopts a FRB to con-
vert the features extracted from the spike sequence into ac-
curate continuous value representations, while refining the
potential representations which are used for restoring clear
images [Zheng et al., 2023]. Finally, the network generates
high-quality and clear image output from the obtained repre-
sentations by applying a 3 × 3 convolutional layer. Further-
more, skip connections are employed to assist model training
during the feature extraction and image reconstruction stages.

3.3 Spiking Residual Block
As previously mentioned, regions degraded with rain pertur-
bation have higher pixel values than those of no rain regions,
exhibiting noticeable fluctuations. Correspondingly, this may
lead to pronounced firing spike rates of neurons in SNNs.
Hence, we develop the spiking residual block (SRB) to learn
the spike information from the converted rain streaks, which
is displayed in Figure 3. We first adopt SCU to convert the
inputs into a discrete spike sequence and mine the rain streak
clues included in the spike sequence. Then, an additional
branch comprising solely a convolutional layer and a tdBN
layer [Zheng et al., 2021] is constructed to mitigate the sig-
nificant decline in performance resulting from the inadequate
information conveyed by SNNs. Furthermore, inspired by
the previous work [Yao et al., 2023b], we introduce MAU
to augment the spike activity rate of neurons and regulate
spike responses, better guiding the process of eliminating rain
streaks. Finally, residual learning is applied to SRB to allevi-
ate the issues of gradient vanishing and explosion. Assuming
that the output of the n-th SRB at the t-th time step is Xt,n,
the calculated process of SRB can be depicted as:

X̂t,n
1 = SCU

(
SCU

(
Xt,n−1)) ,

X̂t,n
2 = tdBN

(
Conv

(
Xt,n−1)) ,

Xt,n = MAU
(
X̂t,n

1 + X̂t,n
2

)
+ Xt,n−1,

(1)

tdBN refers to threshold-dependent batch normalization.
It considers both temporal and spatial dimensions during

the normalization process to relieve the gradient explosion.
Profiting from the above designs, SRB can enable adap-
tively learning the spike fluctuations induced by rain streaks,
thereby effectively simulating degradation in diverse regions.

3.4 Spike Convolution Unit
Compared to ANNs, which employ continuous decimal val-
ues for information propagation and calculation, SNNs ex-
ploit discrete binary spike values for communication. Spiking
neurons can convert received continuous values into discrete
spike sequences, encoding information with temporal preci-
sion. In this paper, we select LIF neurons to convert input
signals into spike sequences, as they better balance biologi-
cal characteristics and computational complexity [Guo et al.,
2023b]. The explicit dynamic equation for LIF neurons can
be expressed mathematically as: Ht,n = U t−1,n + 1

τ

(
Xt,n − (U t−1,n − Vreset)

)
St,n = Θ

(
Ht,n − Vthr

)
U t,n =

(
βHt,n

)
�
(
1− St,n

)
+ VresetS

t,n,
(2)

where t and n represent the t-th time step and the n-th layer.
Ht,n represents membrane potential, which is generated by a
combination of time input U t−1,n and spatial input Xt,n. τ
is the membrane time constant. Among them, Vthr represents
the activation threshold, used to determine whether to output
S or maintain it at 0. Θ(·) denotes the step function. When
x ≥ 0, Θ(x) = 1, otherwise Θ(x) = 0. Vreset denotes the
potential reset after S activates the output. β represents the
decay factor and� indicates the element-wise multiplication.

In Eq. 2, the spatial representation Xt,n+1 of rain streaks is
captured from the output spike sequence U t,n by convolution
operators. This calculation process can be defined as:

Xt,n+1 = tdBN
(
Conv

(
St,n

))
, (3)

where St,n denotes a spike tensor, which only included 0 and
1. tdBN refers to threshold-dependent batch normalization.
Due to space limitations, specific descriptions of MAU are
included in the supplementary materials.

3.5 Feature Refinement Block
To transform discrete pulse sequences into continuous pixel
values, a typical approach is to apply mean sampling in the
time dimension and then scale it to the input size. Never-
theless, this sampling process may result in the loss of some
crucial structural elements, which could affect the final im-
age restoration quality. To address this issue, we introduce a
FRB that can adaptively aggregate sampled features and mit-
igate information loss. Given the input spike sequence Y , the
calculation process of FRB can be presented as:

F̂ = σ (Conv (φ (Conv(GAP(Y ))))) ,

F = σ (Conv (φ (Conv(Conv(Y ))))) ,

F̃ = Y � F + (1− F )� F̂ ,

(4)

where F̃ refers to the final output feature and GAP(·) denotes
the global average pooling operation. σ(·) and φ(·) indicate
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Rain12 Rain200L Rain200H Rain1200 AverageMethods PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ PSNR↑ SSIM↑ Params(M)↓ FLOPs(G)↓ Energy(uJ)↓

RESCAN 35.48 0.9499 33.82 0.9547 26.22 0.8219 32.60 0.9271 32.03 0.9134 0.149 32.119 4.014×105

PReNet 36.32 0.9593 36.06 0.9735 27.18 0.8698 33.39 0.9280 33.24 0.9327 0.168 66.249 8.281×105

RCDNet 37.67 0.9612 38.84 0.9854 28.98 0.8889 32.68 0.9189 34.54 0.9386 2.958 194.501 2.431×106

MPRNet 37.55 0.9665 39.82 0.9863 29.94 0.8999 34.50 0.9369 35.46 0.9474 3.637 548.651 6.858×106

Effderain 36.12 0.9588 36.06 0.9731 26.11 0.8341 32.85 0.9147 32.78 0.9202 27.654 52.915 6.614×105

NAFNet 37.53 0.9639 39.48 0.9847 29.19 0.8880 34.69 0.9367 35.22 0.9433 29.102 16.064 2.008×105

C

SFNet 36.11 0.9503 39.50 0.9850 29.75 0.9008 34.51 0.9383 34.97 0.9437 13.234 124.439 1.555×106

DRT 37.74 0.9674 38.81 0.9830 28.67 0.8796 33.88 0.9283 34.78 0.9395 1.176 166.045 2.075×106

ELFformer 35.06 0.9420 38.85 0.9800 28.93 0.8852 33.54 0.9360 34.09 0.9358 1.221 23.667 2.958×105

HPCNet 36.84 0.9639 39.14 0.9847 29.17 0.8962 34.46 0.9378 34.90 0.9378 1.411 29.540 3.692×105
T

SmartAssign 36.87 0.9618 38.41 0.9814 27.71 0.8536 33.11 0.9154 34.03 0.9281 1.359 90.386 1.129×106

S Ours 37.82 0.9681 39.85 0.9869 30.01 0.9132 34.52 0.9388 35.55 0.9518 0.165 7.320 9.150×104

Table 1: Comparison of quantitative results on four synthetic benchmarks. C, T and S refer to the CNN-based, Transformer-based and
SNN-based baselines, respectively. Blod and underline indicate the best and second-best results, respectively.

the Sigmoid and ReLU functions. Subsequently, the output
feature of the FRB will be fed into a 3×3 convolutional layer
to map it back to the original input resolution. By incorpo-
rating FRB into our proposed model, the network can better
learn and refine the latent representation of clear images for
restoring fine structural and textural details in images.

3.6 Training Strategies
In recent years, backpropagation-based training schemes
have achieved significant progress in facilitating the train-
ing of SNNs, showing considerable superiority over
transformation-based strategies. Since the non-differentiable
nature of binary activations in SNN neurons, most existing
methods use gradient-proxy functions to implement back-
propagation training. Inspired by the previous wisdom, the
Sigmoid function serves as the gradient-surrogate function
learning to train SNNs. It can effectively handle binary neu-
ron outputs and enable gradient propagation during backprop-
agation. The gradient surrogate function can be defined as:

σ(x) =
1

1 + e−αx
,

σ′(x) = α·σ(x) · (1− σ(x)),
(5)

where α refers to a hyper-parameter, adopted to adjust the
gradient of the surrogate function. The larger the value of α,
the greater the gradient of the function.

3.7 Model Optimization
To better recover more similar structure details, we apply
SSIM loss as the reconstruction loss and train the model by
minimizing it. The loss function can be depicted as:

Lssim = 1− SSIM(S(X ),Y), (6)

where S(·) is the proposed ESDNet, X and Y are the input
rainy image and its corresponding ground-truth, respectively.

4 Experiments
In this section, we conduct comprehensive experiments on
commonly used benchmark datasets to evaluate the effective-
ness of the proposed method. The experiments involve rig-
orous testing and analysis, aiming to provide a thorough as-
sessment of the performance. More results are included in
the supplemental material. The training code and test models
will be available to the public.

4.1 Experimental Setup
Datasets. Since the original comparison methods are
trained on different datasets, we retrained all models on the
four publicly available datasets (Rain12 [Li et al., 2016],
Rain200L [Yang et al., 2017], Rain200H [Yang et al., 2017],
Rain1200 [Zhang and Patel, 2018]) to ensure a fair compar-
ison of all methods. The Rain12 dataset consists of 12 syn-
thetic rain images that were used for testing. The Rain200L
and Rain200H datasets contain 1800 synthetic rain images for
training, along with 200 images designated for testing. The
Rain1200 dataset includes 12000 training images and 1200
test images, which have varying rain directions and density
levels. Furthermore, we exploit the RW-Data [Zhang et al.,
2019], a real-world rain benchmark, consisting of 185 real-
world rainy images.

Evaluation Metrics. In light of practical considerations, we
select two common evaluation metrics, e.g., Peak Signal to
Noise Ratio (PSNR) [Hore and Ziou, 2010] and Structural
Similarity (SSIM) [Wang et al., 2004], to perform a quantita-
tive comparison of the synthesized rainy dataset. Following
the previous approaches [Chen et al., 2023a], we compute
these metrics in the Y channel of the YCbCr space. For the
real-world rain dataset, we adopt non-reference image qual-
ity evaluation metrics such as Perception-based Image Qual-
ity Evaluator (PIQE) [Venkatanath et al., 2015] and Meta-
learning-based Image Quality Assessment (MetaIQA) [Zhu
et al., 2020] for assessing performance.

Comparison Methods. We compare our proposed method
with various image rain removal baselines, including seven
CNN-based methods (i.e., RESCAN [Li et al., 2018],
PreNet [Ren et al., 2019], RCDNet [Wang et al., 2020],
MPRNet [Zamir et al., 2021], Effderain [Guo et al., 2021],
NAFNet [Chen et al., 2022], and SFNet [Cui et al., 2022])
and four transformer-based networks (i.e., DRT [Liang et al.,
2022], ELFormer [Jiang et al., 2022], HPCNet [Wang et al.,
2023a], and SmartAssign [Wang et al., 2023b]). For the re-
cent representative method SmartAssign, we encounter a lack
of available code. Hence, we recreate the corresponding net-
work according to the provided information in their paper and
retrain it. For other competitive methods, if the authors pro-
vide pre-trained models available, we utilize their online code
to evaluate performance, otherwise, we will retrain them us-
ing the same settings as ESDNet to ensure a fair comparison.
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Methods RESCAN PReNet RCDNet MPRNet Effderain NAFNet SFNet DRT ELFformer HPCNet SmartAssign Ours
PIQE↓ 18.364 18.309 19.692 18.061 18.400 18.106 18.124 18.392 18.037 18.287 18.316 17.959

MetaIQA↑ 0.419 0.420 0.421 0.426 0.421 0.420 0.423 0.419 0.422 0.426 0.417 0.423

Table 2: Comparison of PIQE/MetaIQA scores on the RW-Data. Blod and underline indicate the best and second-best results, respectively.

Figure 4: Visual comparison of the Rain200H dataset. Best viewed by zooming in on the figures on high-resolution displays.

Implementation Details. During the training process, we
conduct the proposed network in the PyTorch framework with
an Adam optimizer and a batch size of 12. We set the learning
rate to 1×10−3 and apply the cosine annealing strategy [Song
et al., 2023a] to steadily decrease the final learning rate to 1×
10−7. For Rain200L, Rain200H, and Rain1200 datasets, we
train the model by 1000 epochs. We set the stacking numbers
of SRB to [4,4,8] in the encoder stage and [2,2] in the decoder
stage. For the α of the gradient proxy function, it is set to 4
according to [Su et al., 2023]. All experiments are executed
on an NVIDIA GeForce RTX 3080Ti GPU (12G). To ensure
a fair comparison, for all retrained methods, we uniformly cut
the data into 64 patch sizes for training, and apply the sliding
window slicing strategy for testing.

4.2 Experimental Results
Synthetic Datasets. Table 1 provides a comprehensive com-
parison between our proposed method and 12 representative
and competitive training methods. It is evident that the in-
corporation of spike convolution units in our ESDNet sig-
nificantly improves the performance in terms of PSNR and
SSIM values compared to all other baselines. Notably, our
approach achieves more appealing results on the Rain200H
benchmark, surpassing the recent CNN-based method SFNet
by 0.26 dB in PSNR. The performance improvement, when
compared to existing ANNs-based deraining methods, shows
that our framework offers a fresh perspective for deep im-
age training architectures. Furthermore, Figure 3 presents the
qualitative evaluation results on the Rain200H benchmark.
The visual comparison indicates that our method exhibits en-
hanced contrast and reduced color distortion in comparison
to other approaches, corroborating the quantitative findings.
Specifically, Effderain and DRT exhibit noticeable rain arti-
facts in Figure 3, while also tending to produce overly smooth
results. In contrast, our model preserves more details and
achieves superior perceptual quality.

Real-world Datasets. We conduct additional experiments
using the RW-Data benchmark dataset. The obtained quan-
titative results are presented in Table 2. Analysis of these

results reveals that our network achieves lower PIQE values
compared to other comparative models. This indicates that
in real rain scenarios, our network exhibits superior output
quality with clearer content and enhanced perceptual qual-
ity. To further evaluate the qualitative performance, we im-
plement a quality comparison analysis as shown in Figure 4.
The results demonstrate that most models exhibit sensitivity
to spatial long rain streaks, which often leads to noticeable
rain effects in their outputs. In contrast, our network effec-
tively eliminates a significant portion of rain disturbances, re-
sulting in visually pleasing restoration effects. Overall, the
results suggest that our network outperforms existing models
in terms of output quality, perceptual clarity, and the ability
to handle rain disturbances in real scenarios.

Model Effciency. In ANNs, each operation involves the
multiply-accumulate operations (MAC) and floating-point
operations (FLOPs) are used to estimate computational bur-
den. SNNs exhibit energy-saving properties in neuromorphic
hardware, as neurons only participate in accumulated opera-
tions (AC) during spikes and can complete AC through ap-
proximately the same number of synaptic operations (SOPs).
In this work, we exploit 4 time steps to estimate energy costs.
It is observed that the first convolutional encoding layer, RB
block, and last convolutional encoding layer require floating-
point operations due to they enjoy the matrix multiplication.
The other layers are calculated through SOPs (synaptic op-
erations). Following the previous works [Guo et al., 2023a],
SOPs can be computed through s × T × A, where s repre-
sents the average sparsity, T is the time step, and A is the
additive number in the artificial neural network. For the bi-
nary SNNs, the sparsity is 16.42%. It is noted that SOPs can
be triggered once when the sign function output is 1 due to the
membrane potential exceeding the threshold. One sign (using
energy per spike to calculate) needs 3.7pJ. Furthermore, the
sign function only exists in LIF, and the number of LIF is lim-
ited compared to convolution operations. According to [Hu
et al., 2021a], we compute the energy as follows: a FLOP
requires 12.5pJ, an SOP requires 77fJ, and a Sign (calculated
using energy per spike) requires 3.7pJ.
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Figure 5: Visual comparison on the RW-Data. Best viewed by zooming in the figures on high-resolution displays.

Model FLOPs (G) Energy (uJ) PSNR SSIM

ANN-ResNet 83.453 1.043×106 28.79 0.8942
MS-ResNet 6.970 8.730×104 25.20 0.8230

SEW-ResNet 6.998 8.765×104 26.61 0.8613
SRB 7.320 9.150×104 29.31 0.9033

Table 3: Ablation studies for different residual blocks in the model.

Time steps FLOPs (G) Energy (uJ) PSNR SSIM

1 7.023 8.779×104 28.69 0.8645
2 7.150 8.938×104 28.81 0.8963
4 7.320 9.150×104 29.31 0.9033
6 7.490 9.366×104 29.40 0.9040

Table 4: Impact of different time steps on Rain200H dataset.

The results are displayed in Table 1. It can be observed
that our network has achieved performance comparable to the
recent ANNs-based deraining approaches, and has lower en-
ergy costs. In addition, we compared the computational com-
plexity of various deep derivation transformer-based meth-
ods, including the number of trainable parameters and FLOPs
on 256× 256 images, as reported in Figure 1.

4.3 Ablation Studies
We conduct the ablation experiments to better understand the
impact of different residual blocks, time steps, and model
components on performance. Unless otherwise specified, all
ablation experiments are conducted on the Rain200H dataset
using the experimental setup described in Section 4.1.

Effectiveness of Different Residual Blocks. To investigate
the impact of different residual modules on model perfor-
mance, Table 3 presents the PSNR/SSIM values of the cor-
responding models. From the experimental results, we note
that our SRB obtains a more attractive performance compared
to the other two spiking residual blocks, thanks to the ad-
ditional branches in SRB and the information compensation
brought by MAU. By introducing a lower computational bur-
den alone, the model performance is significantly improved.

Effectiveness of Different Time Steps. The performance re-
sults of the model with different time steps are reported in Ta-

Model BN tdBN MAU FRB PSNR SSIM
(a) X 28.26 0.8779
(b) X 28.49 0.8724
(c) X X 29.07 0.8984
(d) X X 28.59 0.8931
(e) X X 28.78 0.8968
(f) X X X 29.31 0.9033

Table 5: Ablation studies for different designs in the model.

ble 4. According to the experimental results, it can be found
that the longer the time step, the higher the quality of image
restoration. This indicates that higher time steps can enhance
the model to better obtain feature representations. Similarly,
this also brings about a significant increase in energy costs.
To better balance performance and efficiency, we chose a time
step of 4 as the default time step in this work.

Effectiveness of Different Designs. To evaluate the effec-
tiveness of the model designs, we conduct experiments based
on different model variables in Table 5. Compared to the
baseline model (a), model (b) provides additional perfor-
mance advantages due to the consideration of temporal cor-
relation. In addition, we note a significant decrease in perfor-
mance when MAU is not applied, indicating that MAU can
effectively enhance the spike activity rate of neurons and reg-
ulate spike responses.

5 Concluding Remarks
This paper presents an image deraining approach using spik-
ing neural networks. The proposed network learns rain streak
information by leveraging the spike convolution unit. Ini-
tially, continuous pixel values are transformed into spike se-
quences by LIF neurons. Convolution operations are then
applied to learn the spike information associated with rain
streaks. To enhance the accuracy of rain streak removal, a
mixed attention unit is introduced, which adjusts spike re-
sponses based on the input data, thereby facilitating the ex-
traction of rain streak clues. In addition, feature refinement
blocks are incorporated to further improve the model repre-
sentation for gaining high-quality images. The efficacy of the
proposed method is demonstrated through extensive experi-
ments conducted on synthetic and real rain datasets.
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