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Abstract

With the rapid deployment of vision systems on edge de-
vices, energy-efficient and temporally aware image derain-
ing models are increasingly needed. We propose SpikeRain,
a spiking neural network (SNN) that achieves competi-
tive deraining performance with substantially lower com-
putational cost than conventional artificial neural networks
(ANNs). Unlike ANN-based approaches with dense acti-
vations and high memory demands, SpikeRain leverages
the event-driven sparse-firing nature of spiking neurons
for efficient temporal integration and contextual learning.
Built on an encoder-decoder framework, SpikeRain incor-
porates three spiking native modules: a Dense Spiking
Residual Block (DSRB) for temporal integration and fea-
ture reuse, a Multi-Dimensional Spiking Attention (MDSA)
module to model temporal channel spatial dependencies,
and an Adaptive Residual Feature Enhancement (ARFE)
block with gated attention to refine salient features. Exper-
iments on synthetic and real-world benchmarks show that
SpikeRain achieves state-of-the-art PSNR and SSIM while
reducing parameters by approximately 40% and FLOPs by
approximately 89%, with energy efficiency on par with ex-
isting SNN methods. These results highlight the potential of
SNNs for real-time low-power image restoration on neuro-
morphic platforms. SpikeRain code is available on GitHub.

1. Introduction

Single image deraining aims to recover clean visual con-
tent from rain-degraded images, where streaks not only re-
duce image quality but also hinder downstream tasks such
as segmentation [40, 71] and object detection [15, 16, 39].
Therefore, with the growing use of vision-based systems in
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Figure 1. Comparison of model efficiency and performance us-
ing PSNR (1 is better) versus Parameters (|.) with FLOPs ({) en-
coded by color. SpikeRain achieves the near-highest PSNR with
the fewest parameters and FLOPs.

outdoor environments, robust deraining models are crucial
for ensuring safety, reliability, and high-fidelity perception.

Early single image deraining methods based on hand-
crafted priors and optimization techniques [31, 34] assumed
simplified rain models, like sparse textures or additive
noise. While physically intuitive, these approaches strug-
gled with complex rain patterns, overlapping streaks, and
diverse scene structures. With the advent of deep learning,
the convolutional neural network (CNN) became the dom-
inant paradigm for image deraining. CNN-based deraining
methods [4, 7, 13, 13, 30, 38, 47, 60] leveraged hierarchi-
cal feature extraction and large receptive fields to achieve
substantial improvements in performance over traditional
approaches. However, CNNs inherently lack the capac-
ity to capture long-range dependencies and global context,
which are crucial for modeling non-local rain patterns and
structures. To overcome these downsides, Transformer-
based models [23, 33, 49, 51] have recently been introduced
into single image deraining tasks, offering powerful self-
attention mechanisms that enable global information mod-
eling. Despite their effectiveness, these models tend to be
computationally intensive and demand large memory foot-
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prints and extensive training data. Furthermore, most ex-
isting architectures overlook temporal dynamics and energy
efficiency, factors that are increasingly critical in deploy-
ments on resource-constrained devices.

To tackle these limitations, we propose SpikeRain, a
novel SNN-based image deraining architecture that is both
energy-efficient and temporally dynamic. Unlike conven-
tional CNNs and Transformer-based models, SpikeRain in-
tegrates biologically inspired spiking neurons into a deep
encoder-decoder framework, allowing the network to model
temporal dynamics and event-driven activations across mul-
tiple time steps. This enables the network to accumulate
contextual information efficiently, while maintaining low
computational overhead. Furthermore, we introduce a spik-
ing residual block with dense connectivity (DSRB) to pre-
serve fine-grained spatial features, and a custom-designed
Multi-Dimensional Spiking Attention (MDSA) module that
captures temporal, channel, and spatial dependencies effec-
tively. Our architecture also incorporates a lightweight Fea-
ture Refinement Block with a gated attention fusion mecha-
nism and a Temporal Fusion Module to aggregate temporal
features into a consolidated representation that facilitates a
clean reconstruction through the decoder. Extensive exper-
iments on standard deraining benchmarks demonstrate that
SpikeRain achieves competitive performance while signifi-
cantly reducing energy consumption, making it highly suit-
able for deployment on neuromorphic and low-power edge
devices. Overall, our research advanced this field with the
following key contributions:

For our proposed SpikeRain method, we design a DSRB
with Leaky Integrate-and-Fire (LIF) neurons [65] to en-
able temporal integration, dense feature reuse, and sta-
ble training. Inside DSRB, we further employ an MDSA
module that jointly models temporal, channel, and spatial
dependencies, allowing the network to suppress complex
rain streak patterns.

We develop an Adaptive Residual Feature Enhancement
(ARFE) block with gated attention to refine salient fea-
tures and enhance perceptual quality in the restored out-
put, which is distinct compared to the residual connection
used in the prior SNN-based deraining method [43].

We conduct extensive experiments on synthetic and real-
world benchmarks, showing that SpikeRain achieves
competitive PSNR and SSIM while reducing parameters
by about 40%, FLOPs by nearly 89%, and energy con-
sumption compared to existing methods, confirming its
suitability for low-power neuromorphic deployment.

2. Related Work

2.1. Single Image Deraining

Single image deraining is a challenging task due to the ill-
posed nature of recovering clean visual content from rain-
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degraded images. Conventional deraining techniques [I,
9, 34] heavily rely on handcrafted priors and explicit con-
straints to guide the rain removal process. While these con-
ventional methods have demonstrated the ability to capture
certain low-level characteristics of rain streaks, they often
fall short in modeling the underlying semantic structures of
the scene, leading to suboptimal visual recovery [9, 34].

With the evolution of learning-based paradigms, deep
CNNs have emerged as the dominant approach. These
methods approach the deraining task as a supervised image-
to-image regression problem, mapping rainy images di-
rectly to their clean counterparts. Notable approaches [2,
22, 60] have proposed hierarchical or multi-branch ar-
chitectures to capture local textures and global context,
significantly improving restoration performance. Recent
methods [69] decompose the deraining task into multi-
ple subspaces to extract rich multi-scale features that en-
hance reconstruction accuracy. More recently, vision trans-
former (ViT) models have gained popularity due to their
strong ability to model long-range dependencies. When ap-
plied to image deraining, ViT-based architectures such as
Restormer [61] and SwinlR [32] have elicited superior per-
formance by leveraging token-level interactions and self-
attention mechanisms. However, despite their representa-
tional advantages, ViTs typically require higher computa-
tional resources and memory, limiting their deployment on
edge devices and/or real-time setups.

To address these limitations, researchers have explored
lightweight designs using Laplacian pyramids [12], re-
cursive learning [38], and sparse or low-rank represen-
tations [42, 49, 54] to reduce computational complexity.
While such techniques have improved inference efficiency,
they often compromise the model’s ability to capture fine-
grained spatial details, affecting the overall deraining qual-
ity. In contrast to these methods, recent interest has emerged
around neuromorphic computing models (e.g., SNNs) for
their event-driven nature and low energy consumption.

2.2. Spiking Neural Networks

Deep SNNs have mainly evolved through two approaches.
The first is ANN to SNN conversion, where a pretrained
ANN is transformed by replacing activations with spiking
neurons [8]. Although straightforward, this method often
requires many simulation steps to match ANN performance,
resulting in high latency and energy costs [59]. Further-
more, the performance of a converted SNN is inherently
limited by the source ANN, restricting improvements be-
yond the original model. In contrast, a more promising ap-
proach involves directly training SNNs using surrogate gra-
dient descent [35, 62] or biologically inspired rules such as
spike-timing-dependent plasticity (STDP) [53]. This route
unfolds the temporal dynamics of the SNN over discrete
time steps, enabling effective learning through backpropa-



gation. Unlike converted models, directly trained SNNs are
capable of operating with significantly fewer time steps, en-
hancing their energy efficiency [25]. Recent advances have
demonstrated that directly trained SNNs can match ANN
performance in various tasks, e.g., object recognition [28],
detection [44], and segmentation [27] while maintaining re-
duced computational costs. For instance, Su et al. [44]
showed that an SNN could achieve comparable results to
its ANN counterpart using only four time steps. Addition-
ally, techniques such as threshold-dependent batch normal-
ization (tdBN) [65] have been introduced to deepen SNN
architectures, improving model expressiveness. SNNs have
already demonstrated competitive results in classification
tasks [19, 41, 50, 58, 66, 67]. However, their use in pixel-
level regression tasks, such as single-image deraining, re-
mains relatively underexplored.

3. Methodology
3.1. Proposed Method: SpikeRain

The overall architecture of our proposed SpikeRain is de-
picted in Figure 2. It follows an encoder—decoder modeling
paradigm to progressively encode the degraded rainy im-
age into a robust representation, which is decoded back to
a clean output while preserving structural integrity and re-
ducing computational overhead.

To capture temporal dynamics in SNN-based image
restoration, the input rainy image X, is replicated over T’
time steps to form a spike sequence X = {X;}._;. The
encoder, beginning with an overlap patch embedding layer,
then projects these inputs into a high-dimensional spiking
feature space. Subsequently, spiking features are passed
through multiple DSRB stages, each comprising cascaded
spiking convolutional layers built with LIF neurons [65] and
interleaved with tdBN [65]. Each DSRB extracts and fuses
rain-specific spike patterns over time using stacked convo-
lutions and the embedded MDSA module. MDSA dynami-
cally recalibrates the spike responses using temporal, chan-
nel, and spatial attention, enabling SpikeRain to better focus
on the structure and locality of rain streaks.

Downsampling is performed with spiking max pooling
and stride convolutions to reduce resolution and capture
high-level semantics efficiently, while upsampling uses bi-
linear interpolation followed by spike-aware convolutions.
In contrast, upsampling in the decoder employs bilinear
interpolation, followed by spike-aware convolutions to re-
cover spatial resolution. Decoder blocks reuse the DSRB
structure to symmetrically refine the decoded features. A
Temporal Fusion (TF) module is placed after the decoding
layers to aggregate spiking features across time steps using
learned soft attention weights.

To further enhance the reconstructed output, SpikeRain
introduces an ARFE module. ARFE fuses spatial and

1096

channel-specific statistics through gated attention mecha-
nisms, selectively amplifying salient features and suppress-
ing residual artifacts. Finally, a 3 x 3 convolutional head
produces the derained image. The 3 x 3 kernel size offers
a balanced trade-off between computational efficiency and
the ability to capture fine spatial details, which is essential
for restoring local structures affected by rain streaks. Resid-
ual learning is applied not only in the final prediction head,
but also throughout the network via residual connections in
each DSRB. This strategy stabilizes training and acceler-
ates convergence by preserving high-frequency cues from
the input image at multiple stages.

3.2. Dense Spiking Residual Block (DSRB)

Regions in rainy images typically exhibit pronounced lo-
cal intensity fluctuations compared to non-rainy regions,
leading to highly variable spiking neuron activations. The
proposed DSRB (Figure 2.a) uses dense connections to
integrate spiking neuron outputs across multiple convolu-
tional layers, effectively modeling complex spike interac-
tions caused by rain degradation.

The block begins by processing the spike-based inputs
through a series of cascaded Spiking Control Units (SCUs).
Each SCU comprises LIF neurons [65] that discretize the
input into binary spike sequences based on dynamic mem-
brane potential thresholds, effectively extracting temporal
spike representations of rain streaks. Formally, at the ¢-th
time step, the spiking convolutional operation for the i-th
SCU within DSRB is formulated as follows:

ti
XSCU

— LIF (Conv (Xt’i’l; ei)) , (1
where X%~! denotes the input feature maps from the pre-
vious SCU layer, Conv(-; 6, ) indicates convolutional opera-
tion with learnable parameters 6, and LIF(-) represents the

spike activation function of the LIF neuron:

LIF(z) = {

with membrane potential Viem(z) dynamically evolving
and resetting after each spike event, and Vj, denoting the
neuron firing threshold. To effectively handle the instabil-
ity from sparse spike information, a parallel convolutional
branch followed by tdBN [65] is introduced. This normal-
ization layer maintains both spatial and temporal coherence,
mitigating spike-driven activation instabilities and gradient
explosions. The normalized output at step ¢ for convolu-
tional layer j can be represented as follows:

1,
0,

Vmem(z) > Vi,

otherwise,

(@3]

Xf&‘éN = tdBN (Conv (Xg’é[}l; (1)7)) ,
where qu denotes convolution parameters, distinct from 6;.

Subsequently, the spiking features undergo further re-
calibration through the embedded MDSA module. MDSA
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(a) DSRB: Dense Spiking Residual Block  (b) MDSA: Multi-Dimentional Spiking Attention

(c) ARFE: Adaptive Residual Feature Enhancement

Figure 2. Overview of the proposed SpikeRain architecture, which adopts an encoder-decoder structure with Dense Spiking Residual
Block (DSRB) and temporal fusion (TF) for efficient deraining. Key modules include the DSRB with Spike Control Unit (SCU), a Multi-
Dimensional Spiking Attention (MDSA), and an Adaptive Residual Feature Enhancement (ARFE).

refines spike sequences by adaptively assigning attention
weights across temporal, channel, and spatial dimensions,
formalized as follows:

where MDSA(+) is described in detail in Subsection 3.3.
Finally, a dense concatenation of all prior outputs is fused
through local feature fusion (LFF), compressing spiking
representations and forming the residual structure of the
block as follows:

Xipsa = MDSA (X“ @)

tdBN

X"" = LFF ([Xasa, Xseys - - Xsep)) + X777 )

where [-] denotes channel-wise concatenation and LFF is a
1 x 1 convolutional operation to reduce dimensionality.

3.3. Multi-Dimensional Spiking Attention (MDSA)

The MDSA module addresses the sparsity and variability
of spiking representations by selectively emphasizing in-
formative features across temporal, channel, and spatial di-
mensions (Figure 2.b). Integrated within the DSRB, it adap-
tively recalibrates spike activities to suppress rain streaks
and preserve structural details. Unlike prior attention-based
SNNs (e.g., ASNNs [43, 59]), which mainly focus on
channel-wise recalibration, MDSA jointly models tempo-
ral, channel, and spatial dependencies. This richer formu-
lation is particularly suited for deraining, where temporal
spike dynamics and localized streak patterns must be cap-
tured together. To remain efficient, MDSA employs bottle-
neck convolutions with reduction ratios of . = 16 for the
channel branch and r; = 4 for the temporal branch, reduc-
ing computation while preserving attention selectivity.
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Given the input spike features X € RTXBXCxHxW,
where T', B, C, H, and W represent the temporal dimen-
sion, batch size, channels, height, and width, respectively,
MDSA concurrently computes three attention maps:

o Temporal Attention (TA), which captures the significance
of spike activity over time. To obtain temporal attention
weights, we first conduct adaptive temporal pooling, fol-
lowed by a sigmoid-based gating operation as follows:

At = 0 (Conv3D (AvgPool; 5 (X)), 6)

where At € REXIXTx1x1 encodes the temporal signifi-
cance of each frame, and o(+) is the sigmoid activation.
Channel Attention (CA): It emphasizes the channel-wise
importance of spiking features. CA is computed by
performing channel-wise dimensionality reduction and
restoration via two sequential convolutions with non-
linear ReLU activations as follows:

A = 0 (Conv3D (ReLU (Conv3D (AvgPool, ,(X))))),

@)

where Ac € RBXCXIxIX1 characterizes the relative

channel importance within the spike sequence.

Spatial Attention (SA), which targets the spatial distribu-

tion of spikes to highlight local features most indicative

of rain degradation. SA is calculated through a spatial

convolution operation on pooled spatial spike features as:

Ag = o (Conv3D (AVgPOOlchannel(X))) )
c RB X1IXTXHXW

(®)
where Ag assesses the spatial rele-
vance of spike activations.

The three attention maps multiply with spike features to

produce recalibrated representations as follows:

XMmpsa = X © A1 © Ac O Ag, 9



where © represents element-wise multiplication. Through
this threefold attention scheme, MDSA effectively refines
spike responses, ensuring adaptive modulation tailored to
temporal dynamics, channel relevance, and spatial promi-
nence, thereby significantly enhancing the capability to
model complex rain-degraded patterns.

3.4. Temporal Fusion (TF)

After refining spiking features across spatial, channel, and
temporal dimensions through the DSRB and MDSA mod-
ules, we employ a temporal fusion mechanism to con-
solidate the time-distributed feature representations into a
single map. This is essential for bridging the tempo-
rally encoded dynamics of spiking neural responses with
the spatially dense operations that follow. Let the tempo-
rally encoded output from the final DSRB be denoted as
X € RTXBXCXHXW “\where T is the spike time window.
TF introduces a set of learnable scalar weights o € R”,
normalized by a softmax to produce w = softmax(ct). The
fused representation is then computed as X = 23:1 Wy +
X, where X, is the spike feature map at time step ¢.

This soft attention over time steps enables the model
to adaptively emphasize more informative spike responses,
while reducing redundancy from temporally correlated pat-
terns. The fused output X is then passed to the ARFE mod-
ule for final reconstruction.

3.5. Adaptive Residual Feature Enhancement
(ARFE)

Unlike MDSA, ARFE operates purely in the spatial-channel
domain after temporal fusion, refining continuous feature
maps to enhance visual clarity without temporal considera-
tion. Although spike-based representations effectively cap-
ture temporal and structural characteristics of rain-induced
degradation, residual artifacts and subtle distortions can per-
sist in the decoded images. To address this limitation, the
ARFE module (illustrated in Figure 2.c) adaptively refines
decoded spiking features through dual-channel and spatial
attention mechanisms integrated via a gated fusion strategy.
By selectively amplifying essential spiking patterns and at-
tenuating noisy signals, ARFE significantly enhances the
perceptual clarity and restoration accuracy of derained.

Given the decoded spike-driven features F, ARFE se-
quentially applies attention-driven modulation in the chan-
nel and spatial domains. On one hand, Channel Attention
(CA) first aggregates global context via adaptive average
pooling, capturing global spike activation statistics. Subse-
quently, a two-layer gating network dynamically determines
the significance of each channel as follows:

Fca = o (Convy i1 (ReLU (Convy k1 (AvgPool,, (F))))) @ F,

(10)
where Fca denotes the channel-attended features, and the
o(+) function implements sigmoid-based gating.
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On the other hand, Spatial Attention (SA) computes
pixel-level relevance to pinpoint spatially significant spike
responses. This spatial attention operation consists of a light
convolutional projection followed by non-linear activation
and refinement through a larger receptive field convolution:

FSA =0 (COHV5><5 (RCLU (COHV1><1 (F)))) OF, (11)
where Fga denote spatially refined feature maps.

To optimally integrate the attentional insights produced
by CA and SA, ARFE introduces an adaptive gating mech-
anism. This mechanism learns to dynamically balance the
two attention streams by generating a gate map conditioned
on the concatenated original features, and the respective
channel and spatial attention maps as follows:

G = o (Convix1 ([F,Fca, Fsal)) , (12)

where [-] indicates concatenation along the channel dimen-
sion, and G defines the adaptive gating weights. Finally, the
enhanced residual feature representation F arpg is obtained
by a gated combination of both attention maps, preserving
complementary information from each dimension as:

FarrE = GOFca + (1 - G) ©Fgp + F. (13)

Through this adaptive and residual formulation, ARFE
enhances feature representation, reduces artifacts, and
yields cleaner, more coherent derained outputs.

4. Experiments and Results

4.1. Experimental Setup

Datasets. To maintain consistency across evaluations,
all models under comparison were retrain on a common
set of four publicly accessible datasets: Rainl2 [31],
Rain200L [57], Rain200H [56], and Rain1200 [63]. The
Rainl2 dataset includes 12 artificially generated rainy im-
ages, used exclusively for testing. Both Rain200L [57]
and Rain200H [56] provide 1,800 synthetic rain images
for training and an additional 200 for testing. = The
Rain1200 [63] dataset offers a larger scale, comprising
12,000 training images and 1,200 test images with diverse
rain patterns in terms of direction and intensity. Addition-
ally, we utilize the RW-Data [64] benchmark, which con-
tains 185 real-world rainy images.

Comparison Methods. We compare our proposed method
with a wide range of image deraining baselines, in-
cluding seven CNN-based methods (i.e., RESCAN [30],
PReNet [38], RCDNet [47], MPRNet [60], Effderain [13],
NAFNet [4], and SFNet [7]), seven Transformer-based
networks (i.e., DRT [33], MagicELF [23], HPCNet [49],
SmartAssign [51], MSDT [3], NeRD-Rain [6], and FMR-
Net [24]), one self-supervised and one spike neural network



model (i.e., DFSSM [55], and ESDNet [43]). For Smar-
tAssign, due to the lack of publicly available code, we re-
implement the model based on the details provided in their
paper and retrain it under our setting. For other methods,
if official pretrained models are available, we use the re-
leased code and weights for evaluation. Otherwise, we re-
train them under the same experimental setup as our model.

Evaluation Metrics. To ensure practical and consistent
evaluation, we adopt two widely used image quality met-
rics: Peak Signal-to-Noise Ratio (PSNR) [18] and Struc-
tural Similarity Index (SSIM) [52]. These metrics are uti-
lized to quantitatively assess the fidelity of the generated de-
rained images. In line with prior works [5, 43], evaluations
are carried out on the Y (luminance) channel within the
YCbCr color space. For real-world datasets lacking ground
truth, we employ no-reference quality assessment meth-
ods, including the Perception-based Image Quality Evalua-
tor (PIQE) [46] and the Meta-learning-based Image Quality
Assessment (MetalQA) [68], to measure the visual quality.

Implementation Details. We implement SpikeRain us-
ing PyTorch and Spikinglelly’s activation-based inter-
face. All spiking components, including LIF neu-
rons [65] and tdBN [65], operate under the multistep mode
(stepomode="m’) to enable temporal integration over
discrete spike time steps. The encoder—decoder follows a
3-stage spatial hierarchy with channel scaling by a factor
of 2 at each level. The default model variant (SpikeRain-
M) uses an embedding dimension of 48 with [4, 4, 8, 8]
DSRBs in the encoder and [2, 2, 2, 2] in the decoder. All
DSRBs incorporate LIF-based convolution, dense skip con-
nections, and a built-in MDSA module, with attention re-
duction ratios set to r. = 16 and r; = 4. The temporal
length is fixed at T' = 4 for all experiments unless otherwise
stated. For training, we adopt surrogate gradients [35, 62]
to enable backpropagation through the non-differentiable
LIF neurons [65], using a sigmoid approximation with slope
as = 4.0 for stable temporal credit assignment across time
steps. The network is optimized with the SSIM loss, which
better preserves structural fidelity than pixel-wise objec-
tives, and trained using the AdamW optimizer with a batch
size of 22 input-output pairs, and an initial learning rate of
1 x 1073, annealed to 1 x 10~7 using cosine decay after 5
warm-up epochs. All models are trained for 1,000 epochs,
while inputs are cropped to 64 x 64 during training. Exper-
iments are run on two NVIDIA RTX 3080Ti GPUs, each
with 24GB VRAM.

4.2. Quantitative Analysis of the Results

Comparison with Deraining Methods. Table 1 presents a
comprehensive comparison between our SpikeRain model
and 12 recent state-of-the-art (SOTA) deraining meth-
ods across the aforementioned four synthetic benchmarks.
SpikeRain achieves the highest average PSNR (36.02 dB)
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Figure 3. Neuron membrane potential dynamics in SpikeRain.
Higher voltage fluctuations are observed in rain-affected regions,
reflecting increased spiking activity and the model’s adaptive re-
sponse to local rain patterns.

and SSIM (0.9630), while maintaining the lowest computa-
tional footprint: only 0.808 GFLOPs and 1.01x10* pJ en-
ergy. On the Rain200H dataset, which is particularly chal-
lenging due to heavy streaking, SpikeRain attains 31.17 dB
PSNR, outperforming ESDNet and SFNet by a clear mar-
gin. Although some transformer-based and CNN mod-
els, such as MPRNet and DFSSM, achieve competitive or
higher PSNR values, they require a significantly higher cost,
exceeding 500 GFLOPs and 2.6x10% uJ in some cases.
This highlights the critical performance-efficiency trade-off
in deraining tasks. Furthermore, we evaluate the real-world
effectiveness of our model on the RW-Data benchmark. As
shown in Table 2, our SpikeRain achieves the best perfor-
mance with a PIQE score of 16.254 (lower is better) and a
MetalQA score of 0.463 (higher is better), outperforming
all baselines. These results demonstrate that our model re-
stores clearer content with higher perceptual quality while
maintaining an efficient PSNR to energy ratio suitable for
low-power real-time vision tasks.

Comparison with Multi-Weather Methods. Table 3
presents a comprehensive comparison of our SpikeRain
model against 10 recent multi-weather restoration ap-
proaches, evaluated on the Rain1400 [11] and SPA+ [70]
benchmarks. SpikeRain achieves the highest performance
on both datasets, attaining 33.05 dB PSNR and 0.94 SSIM
on Rain1400, and 39.85 dB PSNR and 0.98 SSIM on SPA+,
and outperforming Transformer-based models such as MW-
Former [69], WGWS-Net [70], and TransWeather [45].
Compared to traditional CNN methods like AirNet [29] and
PatilNet [36], SpikeRain demonstrates substantial improve-
ments in both synthetic and real-world scenarios. These
findings validate the generalization capability of our Spik-
eRain architecture across diverse weather-induced degrada-
tions, preserving perceptual quality and structural fidelity.

Model Efficiency. In conventional ANNs, the computa-
tional cost is dominated by the FLOPs, typically realized



Rainl2 [31] Rain200L [57] Rain200H [56] Rain1200 [63] Average Params| FLOPs| Energy|
Type Model Venue PSNRT SSIMT PSNRT SSIMT PSNRT SSIM{T PSNRT SSIM{T PSNRT SSIMT ™M) G) (ul)
RESCAN [30] ECCV’18 3548 09499 3382 09547 2622 0.8219 3260 09271 32.03 09134 0.149 32.119  4.014 x 10°
PReNet [38] CVPR’19 3632 093593 36.06 09735 27.18 0.8698 33.24 09280 33.24 09327 0.168 66.249  8.281 x 10°
RCDNet [47] CVPR20 37.67 09612 3884 09854 2898 0.8889 34.68 09189 3454 09386 2.958 194.501  2.431 x 10°
CNN  MPRNet [60] CVPR’21 3755 09665 39.82 09863 29.94 0.8999 3450 09369 3546 09474 3.637 548.651  6.858 x 10°
Effderain [13] AAAT21 36.12 09588 36.06 09731 26.11 0.8341 3285 09147 3278 09202  27.654 52915  6.614 x 10°
NAFNet [4] ECCV’22 3753 09639 3948 09847 29.19 0.8880 33.69 0.9367 3522 0.9433  29.102 16.064  2.008 x 10°
SFNet [7] ICLR’23 36.11 0.9503 39.50  0.9850  29.75 0.9008 34.51 0.9383 34.97 0.9437 13.234 124439 1.555 x 10°¢
DRT [33] CVPR’22 37.74 09674 3881 09830 28.67 0.8796 32.88 09283 34.78  0.9395 1.176 166.045  2.075 x 10°¢
MagicELF [23] ACM MM’22 3506 09420 3885 09800 28.93 0.8852 34.00 09360 3348 09358 1.221 23.667  2.958 x 10°
HPCNet [49] IEEEICME’23  36.84 09639 39.14 09847 29.17 0.8962 33.92 09378 3490 09378 1.411 29.540  3.692 x 10°
ViT  SmartAssign [51]  CVPR’23 36.87 09618 3841 09814 27.71 08536 34.03 09154 34.03 0.9281 1.359 90.386  1.129 x 10°
MSDT [3] AAAT'24 3654 09514 4175 09904 3245 09349 3440 09332 3628 0.9532 16.6 129.9 1.623 x 109
NeRD-Rain [6] CVPR’24 37.95 09654 4171 09903 3240 09373 3465 09395 36.67 0.9581 22.89 156.3 1.953 x 109
FMRNet [24] AAAT24 3696 09440 37.81 0.9740  30.69  0.9000  33.21 0.9240 34.66  0.9355 1.551 91.23 1.140 x 10°¢
SSM  DFSSM [55] ACCV’24 3795 09655 41.81 09905 3299 09403 3392 09254 36.66 0.9554 19.0 2124 2.655 x 106
SNN ESDNet [43] 1ICAI'24 37.82 09681 39.85 09869 30.01 09132 3452 09388 3555 09518 0.165 7.320 9.150x10*
SpikeRain (ours) - 3812 09699 40.01 09948 31.17 09352 34.80 0.9421 36.02 0.9630 0.099 0.808 1.01 x 10*

Table 1. Comparison of quantitative results on four synthetic benchmarks. Here, bold and underline indicate the overall best and second-
best results, respectively, among the models from all categories. The gray color rows indicate the best-performing models from each
category, e.g., CNN, ViT, SSM, and SNN, based on the average PSNR (1) and SSIM (7).

Methods RESCAN PReNet RCDNet MPRNet Effderain NAFNet SFNet DRT  MagicELF HPCNet SmartAssign ESDNet SpikeRain (Ours)
PIQE () 18.364 18309  19.692 18.061 18.400 18.106  18.124 18.392 18.037 18.287 18.316 17.959 16.254
MetalQA (1) 0.419 0.420 0.421 0.426 0.421 0.420 0423 0419 0.422 0.426 0.417 0.423 0.463

Table 2. Quantitative comparison of proposed SpikeRain with SOTA methods testing on real-world rainy dataset “RW-Data”.

Model Venue Rain1400 [11] SPA+[70]
PSNRT  SSIM?T PSNRT  SSIM?T

AirNet [29] CVPR’22 22.86 0.69 21.15 0.75
TransWeather [45] CVPR’22 26.30 0.91 30.12 0.90
WeatherDiff. [72] TPAMI’23 23.45 0.82 20.21 0.78
PatilNet [36] ICCV’23 24.85 0.89 27.00 0.88
WGWS-Net [70] CVPR’23 25.00 0.76 28.35 0.89
MetaWeather [26]  ECCV’24 23.65 0.84 23.45 0.81
HazeSpace2M [21] ACM MM’24  22.10 0.80 19.50 0.68
TANet [48] ACCV’24 28.90 0.91 31.25 091
MWFormer [69] TIP’24 30.60 0.93 31.90 0.92
AWRaClLe [37] AAAT25 30.25 0.91 3145 0.91
SpikeRain (Ours) 33.05 0.94 39.85 0.98

Table 3. Performance comparison of our SpikeRain with recent
multi-weather image restoration methods on Rain1400 (Synthetic)
and SPA+ (Real-world) datasets.

Model Venue FLOPs (G)| Energy (uJ). PSNRt SSIM7
ANN-ResNet [17] CVPR’16 83.453 1.043 x 109 28.79 0.8942
SEW-ResNet [10]  NeurIPS’21 6.998 8.765 x 10* 26.61 0.8613
MS-ResNet [20] IEEE TNNLS 24 6.970 8.730 x 10* 2520  0.8230
DSRB (Ours) 0.752 0.937 x 10*  30.19  0.9327

Table 4. Ablation study with various residual blocks in SpikeRain.

through multiply-accumulate instructions. Our proposed
SpikeRain network primarily builds upon spiking neuron
modules, but uses conventional FLOPs in the patch embed-
ding and final output layers. Following prior work [14],
we estimate the energy consumed by our SpikeRain based
on the cost of a single FLOP as 12.5 pJ. Given the to-
tal computational complexity of 0.808 GFLOPs in Spik-
eRain, the estimated energy consumption is 10,100 wJ for
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processing a 64 x64 input image. Compared to CNN- and
transformer-based counterparts, SpikeRain achieves signifi-
cantly improved energy efficiency while maintaining strong
PSNR and SSIM scores (Table 1).

4.3. Qualitative Analysis of the Results

Figure 3 illustrates the spike response dynamics across the
spatial domain, where higher spike activity is observed
around rainy regions. This confirms that SpikeRain’s event-
driven architecture adaptively responds to rain-affected pat-
terns with higher spiking frequency. Additionally, we
present visual comparisons to assess the perceptual effec-
tiveness of SpikeRain in both synthetic and real-world sce-
narios. As shown in Figures 4 and 5, SpikeRain produces
cleaner and sharper results compared to SOTA methods, ef-
fectively removing rain streaks while preserving fine tex-
tures and edges. On both synthetic (Rain200H, Rain1400)
and real-world (SPA+) datasets, our SpikeRain recovers de-
tails closer to the ground truth, demonstrating strong gener-
alization across diverse scenarios.

4.4. Ablation Studies

We conduct ablations on Rain200H to assess the impact of
residual blocks, time steps, and key network components.

Effectiveness of Different Residual Blocks. Table 4 com-
pares various residual block designs. Our proposed DSRB
achieves the best PSNR (30.19 dB) and SSIM (0.9327)
while requiring only 0.752 GFLOPs, the lowest among all
the residual blocks. These gains stem from dense skip
connections and embedded attention, which enhance spike
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Figure 4. Visual comparison of deraining performance on a sample image from the Rain200H dataset.

PatilNet

Input Image  TransWeather WGWS-Net

Rain1400 (Syn.)

SPA+ (Real)

TANet

SpikeRain (Ours) Ground Truth

MWFormer AWRaCLe

Figure 5. Results for the Rain1400 (synthetic) and SPA+ (real) datasets show that our SpikeRain recovers finer textures and details better
than existing multi-weather image registration methods, closely matching the ground truth.

Time steps FLOPs (G)]  Energy wJ),  PSNRT  SSIM{ Model DSRB  MDSA  ARFE TF  PSNRT  SSIMt
T=1 0.047 0.587 x 10* 28.81 0.8963 (@) v 30.19 0.9327
T=2 0.065 0.812 x 10* 30.19 0.9327 (b) v 30.91 0.9393
- " © v v 30.43 0.9345

T = 4 (Baseline) 0.808 1.01 x 10 3117 0.9452 « v v v 3105 0.9423
(© v v v v 3117 0.9452

Table 5. Performance impact of different 7" on the Rain200H.

modulation and gradient propagation. Compared to MS-
ResNet and SEW-ResNet, our DSRB reduces energy usage,
validating its strength for efficient spike-based deraining.

Effectiveness of Different Time Steps. Table 5 reports the
performance of SpikeRain for varying time steps 7. As
the value of T increases from 1 to 4, PSNR improves from
28.81 to 31.17, demonstrating that temporal integration en-
hances the extraction of spatiotemporal features. However,
a higher 7" also raises FLOPs and energy consumption. We
propose to use 1" = 4 with SpikeRain as it gets better per-
formance while maintaining minimum energy consumption
and GFLOPS compared to the existing methods.

Effectiveness of Different Designs.We finally evaluate the
relative contribution to performance of MDSA, ARFE, and
TF via ablations. The results of this study are summarized
in Table 6. Incorporating MDSA into the baseline (a) boosts
temporal feature learning (30.91 PSNR), while ARFE re-
fines spatial and channel cues for further improvement. The
complete model, combining all modules, achieves the best
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Table 6. Normalized ablation results of different combinations of
SpikeRain components on the Rain200H dataset.

performance (31.17 PSNR), confirming the contribution of
each compounding block of SpikeRain.

5. Conclusion

In this work, we have presented SpikeRain, a novel SNN
architecture tailored for energy-efficient single image de-
raining. Unlike conventional ANN- and Transformer-based
approaches, SpikeRain exploits the temporal dynamics and
sparse event-driven nature of spiking neurons to achieve
low-cost yet high-quality restoration. With the proposed
DSRB, MDSA, ARFE, and temporal fusion, SpikeRain
achieves competitive PSNR and SSIM while reducing pa-
rameters by 40% and FLOPs by 89%. Results on synthetic
and real datasets highlight its ability to preserve fine details
under strict efficiency constraints, making it well-suited for
neuromorphic hardware and low-power edge deployment.
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