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RSPNet: Rain Streak Prior Based Rain Removal Network

Aoran ZHAO

Abstract: Single image rain removal remains challenging due to the complex nature of rain streaks and their interaction with background textures. This study proposes
RSPNet, a novel rain removal network that leverages high-frequency information as a rain streak prior. By incorporating a Butterworth filter-derived guidance map, RSPNet
enhances rain streak features while preserving background details. The network architecture includes specialized modules for high-frequency feature enhancement, channel
feature enhancement, multi-scale feature extraction, and feature refinement. Experiments on synthetic datasets (Rain100H, Rain100L, Rain200H, Rain200L, Rain12) and
real-world rainy images demonstrate RSPNet's superior performance over state-of-the-art methods. Notably, RSPNet achieves the highest PSNR and SSIM scores across
all tested datasets, with significant improvements in visual quality and detail preservation. The proposed method also shows enhanced performance in downstream tasks

such as object detection and image segmentation on rain-affected images.
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1 INTRODUCTION

Image rain removal aims to restore clean images from
rainy scenes, which is crucial for many outdoor computer
vision tasks [1, 3], such as autonomous driving, video
surveillance, and target detection. The rain streak
information in rainy images can seriously reduce the
quality of the image, making it difficult to meet the
requirements of high-level computer vision tasks. Hence,
in recent years, the rain removal task, as an important
preprocessing in high-level computer vision tasks, has
received widespread attention. However, since the rain
removal task is an ill-posed problem, it is still a challenge.
Image rain removal can be expressed as a layer
decomposition problem [4], which decomposes the rainy
image into a rain streaks layer and a background layer
containing the real scene content. It can be expressed by
the following formula:

O=R+B (1)

where O denotes the rainy image, R is the rain layer, and B
represents the background layer. The rain removal method
based on the above formula aims to learn the rain layer R,
and then subtract it from the rainy image O to obtain the
background layer, that is, the rainless image.

In the past few decades, many rain removal methods
based on traditional theories have been studied. For
example, Kang et al. [S] proposed a decomposition-based
rain removal method based on the consideration of high-
frequency components including rain streaks and
background textures. This method decomposes the rainy
image into  high-frequency and low-frequency
components, and then uses dictionary learning and sparse
encoding to further extract rain components from the high-
frequency components. After that, image rain removal has
received more and more attention. Luo et al. [6] proposed
an image rain removal method based on sparse coding.
This method uses sparse coding to separate the rain layer
and background layer from the rainy image. In addition, Li
et al. [7] proposed a prior rain removal method based on
the Gaussian mixture model, which utilizes simple prior
information to process background layer and rain layer,
and can be used to the removal of rain streaks with different

directions and scales. Although traditional methods have
achieved good rain removal results, their performance
heavily depends on handcrafted prior knowledge.

In recent years, due to the powerful feature extraction
ability of Convolutional Neural Networks (CNNs), deep
learning-based removal methods have been widely studied
and made great progress. Yang et al. [8] proposed a joint
network for rain streak detection and removal. Since then,
more and more researchers have applied deep learning to
the field of image rain removal [9-13], and have conducted
in-depth research on this basis. Fan et al. [14] proposed a
cascade network, which guides the learning of deep feature
extraction blocks through residual information obtained
from shallow feature extraction blocks, and obtains
residual estimates from coarse to fine. Ren et al. [15]
proposed a progressive rain removal network by
introducing circular layers, which utilizes the cross-stage
dependency of depth characteristics to gradually remove
rain streaks. Wang et al. [16] proposed a JDNet containing
the Scale-Aggregation and Self-Attention modules to solve
the single image rain removal problem. Wang et al. [17]
developed intrinsic loss functions by exploiting the
intrinsic priors of rainy images to facilitate training rain
removal networks, decomposing a rainy image into a rain-
free background layer and a rainy layer. However, due to
the difficulty in obtaining pairs of rain images and real rain
free images for network training, most networks are trained
using synthesized rain-rainless image pairs as training data.
Due to the diversity and complexity of rain streak
information, most networks currently have poor
generalization ability, making it difficult to adapt to rainy
images in real environments. To this end, semi-supervised
methods of rain removal have been proposed. While using
synthetic rainy images and corresponding clean
background images for network training, real rainy images
are further used for unsupervised training of the network,
enabling it to adapt to diverse rainy types and improve the
generalization ability of network [18]. In response to this
work, the network [19] for generating rainy images are
proposed to expand and enrich existing datasets, which
enables the proposed model to extract more complex
rainfall distributions, thereby improving the performance
of rain removal. However, due to the complex degradation
factors in rainy images, it is difficult to obtain a simulated
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dataset with the same distribution as real rainy images.
Although deep learning has achieved significant progress
in image rain removal, there are still many challenges. For
example, there is a high degree of overlap between rain
streaks and background features, which makes it difficult
for most methods to separate rain streaks with sufficient
accuracy. Therefore, the rain removal results obtained by
most methods have the problem of residual rain streaks or
loss of background information.

Currently, most CNN based methods adopt an end-to-
end learning approach, which often suffer from the loss of
texture information or residual rain streaks due to the lack
of consideration for the confusion between rain streaks and

other high-frequency features. Regarding this issue, we
analysed the rain streak information and high-frequency
information in a rainy image, as shown in Fig. 1.

According to Eq. (1), a rain streak image in Fig. 1c can
be obtained by subtracting the background image from the
synthesized rainy image. Fig. 1d is the high-frequency
image obtained by employing a Butterworth high pass filter
on the rainy image. Fig. le is the high-frequency residual
image by subtracting the high-frequency image from the
rain streak image. From Fig. 1d and e, we can observe that
the high-frequency image contains a large amount of rain
streak information and a small amount of background
texture information.

Figure 1 Rainy image and high frequency images

In the rain removal task, if the rain streak features are
directly removed as high-frequency features, some
background information may be lost while removing the
rain streak features. If background texture information is to
be retained, some rain streaks may remain in the rain
removal results. Therefore, considering the presence of
rain streak information and other texture information in
high-frequency components, we construct a high-
frequency guidance image in the network to guide the
network to learn more accurate rain streak information
while supplementing lost background texture information,
which helps to reduce residual rain streaks and suppress
edge blurring in the rain removal results.

Based on the above analysis, this paper proposes a rain
streak prior based image rain removal network (RSPNet),
which uses high-frequency images obtained from rainy
images as rain steak prior information to help reconstruct
more accurate rainless images. In RSPNet, first, a high-
frequency feature enhancement module (HFEM) is
designed to enhance the rain streak features by using the
high-frequency component, which makes the subsequent
network pay more attention to the rain streak areas. Then,
a deep feature extraction module (DFEM) containing a
channel feature enhancement module (CFEM), multi-scale
feature extraction module (MFEM) and a feature
refinement module (FRM) is constructed to further learn
and refine rain streak features. CFEM can capture the
channel context information, which is inspired by the
image reflection removal task [20], and the channel
attention module [21] is introduced into the residual
structure to enhance important features in the channel
dimension. In this paper, we construct the CFEM by
cascading multiple residual structure with the channel
attention. In addition, considering the appearance model of
the raindrops, the raindrops also have a reflection effect
[22]. In order to extract the spatial features of rain streaks
from different scales, we construct a MFEM by using the
pyramid pooling operation [23]. In MFEM, the feature
maps are downsampled to different scales, and then the rain
streak features at different scales are extracted by using
different convolution receptive fields. Finally, a FRM is

designed to further extract accurate rain streaks. The main
contributions of this work over current methods can be
summarized as follows:

1) A RSPNet is presented for image rain removal tasks,
which utilizes high-frequency images from rainy images as
guiding features to reduce residual rain streaks and loss of
edge textures in the rain removal results.

2) To enhance the rain streak features, we propose an
HFEM, which utilizes the high-frequency image from the
rainy image as a prior map to guide the extraction of rain
streak features.

3) To obtain accurate rain streak features, a DFEM
including CFEM, MFEM, and FRM is constructed to
achieve fine-grained learning of rain streak features at the
channel dimension and multiple spatial scales.

The rest of this paper is organized as follows. In
Section 2, we review the related work of image rain
removal. Section 3 introduces the structure of RSPNet in
detail. In Section 4, we present extensive experiments and
corresponding analysis. The conclusion is summarized in
Section 5.

2 RELATED WORK

In this section, we briefly review the basic modules
used in the proposed network. The architecture of the
traditional network is introduced first, followed by the
multiscale structure, and finally, the attention mechanism
is introduced.

2.1 Priori-Based Approach

Traditional methods generate prior information in the
rain and background layers and optimize it by constructing
cost functions. Many researchers utilize prior information
from clean images and rainy images to develop rain
removal algorithms [6]. Li et al. [7] proposed simple prior
information to restore rainy images by constructing a
Gaussian mixture model. Zhu et al. [45] defined a priori
information based on a sparse representation and an
estimation of the direction of rain in the background layer
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and constructed a priori similarity between the rain streaks
and the extracted ones in the rain layer. The rain layer and
background layer in the rainy image are separated by an
optimization function. However, these methods rely too
much on handcrafted prior information, and cannot achieve
good rain removal effects in complex rainy environments.

2.2 Multiscale Structure

The pooling of pyramids proposed by He et al. [22]
enables the network to capture information from different
perception fields at different scales, thus improving the
algorithm performance. Fu et al. [24] constructed a
lightweight rain removal network by utilizing the Gaussian
Laplace operator for multi-scale decomposition. Jiang et al.
[25] proposed a multi-scale progressive fusion rain
removal network by considering that the rain streaks affect
the image with different resolutions and fuzzy degree. This
network uses multiscale cooperation to represent rain
streak features of different scales and fuses them. Chen et
al. [26] designed a multi-scale hourglass extraction block
in order to make full use of the multiscale rainfall
characteristics. Yang et al. [27] also used multiscale
aggregation to extract multiscale rain streak features. A
large number of previous studies have shown that due to
the complexity and diversity of rain streak density and
direction, the multiscale structure is very effective in image
rain removal task. Through different perception fields, the
network can better detect and extract rain streak features.

2.3 Attention Mechanism

Recently, attention mechanisms have been widely
used in deep learning. Channel attention and spatial
attention are common. Channel attention focuses on "what"
is meaningful in each input image. Spatial attention focuses
on "where" is an informative part [28]. In the method
proposed by Wang et al. [29], a self-attention mechanism
is introduced to enhance the adaptability of rain removal
models. In the paper of Shao et al. [30], the image is fused
by using channel attention, to reduce the redundancy of
fusion features and make the network pay more attention
to channel features. To learn the global dependencies of
features, Transformer models with multi head attention
have been widely applied in the field of computer vision.
Swin Transformer [31] has made significant progress in
image classification, object detection, and semantic
segmentation by integrating reasonable prior knowledge.
In response to the issue that Swin Transformer may not
capture global relationships when processing high-
resolution images, Xiao et al. [32] proposed a dual
Transformer based on window and space to effectively
extract local and global information. Chen et al. [33]
proposed a DRSformer, which utilize an expert system and
Top-k sparse attention to optimize the Transformer
structure. The Transformer based method still results in
residual rain streaks due to neglecting the learning of local
features. Recently, Chen et al. [34] proposed a hybrid
CNN-Transformer feature fusion for single image
deraining by combining CNN and Transformer. In
summary, it can be concluded that the attention mechanism
is also very meaningful for image rain removal, which can
make the network pay more attention to the important
features in the image.

2.4 High Pass Filtering

Image high pass filtering technology [35] can be
divided into high pass filtering in the spatial domain and
high pass filtering in the frequency domain. High pass
filtering in the spatial domain can highlight details and
edges in images, but is sensitive to noise. High pass
filtering in the frequency domain mainly includes ideal
high pass filtering, Butterworth high pass filtering, and
Gaussian high pass filtering. The Butterworth high pass
filter preserves the high-frequency components of the
image to make the details and edges clearer, thereby
achieving image sharpening processing [36]. It is more
suitable for situations where image details and edges need
to be emphasized. Gaussian high pass filter can effectively
suppress noise while preserving image details, providing
smoother image processing results. In this paper, the
purpose of constructing a high-frequency guidance map is
to emphasize the rain streak features, so a Butterworth filter
was selected.

3 PROPOSED METHOD

In this section, a RSPNet is proposed, as shown in Fig.
2. Based on Eq. (1), this network is constructed to obtain a
background layer (rainless image) by learning the rain
streak layer and subtracting it from the rainy image. Firstly,
considering that the rain streak features belong to high-
frequency features, a high-frequency map is constructed
using a Butterworth high pass filter on the input rainy
image and used as a guide map to enhance rain streak
features. Then, the constructed HFEM uses the guide map
to enhance high-frequency features and make the network
pay more attention to rain streak information. Next, A
DFEM is constructed to extract accurate rain streak
features and reconstruct the rain layer. Below, we will
provide a detailed introduction to the HFEM and DFEM.
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F|gure 2 The structure of RSPNet
HFEM: High-frequency Feature Enhancement Module; DFEM: Deep Feature
Extraction Module, consisting of CFEM, MFEM, and FRM. CFEM: Channel
Feature Enhancement Module; MFEM: Multi-Scale Feature Extraction Module;
FRM: Feature Refinement Module. SE: Squeeze-and-Excitation

3.1 High-Frequency Feature Enhancement Module (HFEM)

Although the high-frequency map obtained by the
Butterworth high pass filter contains a large amount of rain
streak information, it also contains some high-frequency
information from the background layer. Therefore, the
high-frequency map is not directly used as a rain layer, but
as prior information of rain layer to guide the network to
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focus on learning rain streak features and separating the
more accurate rain layer.

In HFEM, first, the shallow feature maps F, with a
channel number of 64 are dimensionally reduced to obtain
the feature maps F, with a channel number of 32 through a
convolutional layer. Then, a high-frequency guidance map
obtained by the Butterworth high pass filter is used to
weight shallow features Fto enhance rain streak features.
And the enhanced feature maps are processed through the
average pooling and maximum pooling operations to
obtain a high-frequency spatial attention map W,, which
enables make the network pay attention to rain streak
information. Next, the spatial attention map W, are
multiplied with the features maps F, to enhance the rain
streak features. Finally, the weighted result is added to the
feature maps F; to obtain the feature maps with rich streak
information, and the high-frequency map is still used as
guidance information for subsequent learning of image
features. The above process can be represented by the
following formula.

F =C

K 3><3(O)’Frzc3x3(Fs) (2)

w,.= Sig(C3X3 (Concat(A(Fr X1y )’M(Fr 1y )))) 3)

E, = Concat((F,. *W, +Fr)JHF) “)

where O represents the input rainy image, Cj,

represents the convolutional layer with filters of size 3 x 3,
A and M represent average pooling and maximum pooling
operations,  respectively.  Concat  represents  the
concatenation operation and Sig is the Sigmoid activation
function. I represents the high-frequency map obtained

by the Butterworth filter, ¥, represents the high-frequency
spatial attention map, and F,, represents the enhanced
feature maps.

3.2 Deep Feature Extraction Module (DFEM)

A DFEM is constructed to learn and refine rain streak
features from the enhanced features. This module mainly
consists of CFEM, MFEM, and FRM, and their specific
structure is described below.

3.2.1 Channel Feature Enhancement Module (CFEM)

CFEM is constructed by cascading N feature
enhancement residual blocks to further extract the rain
streak features. This residual block is composed of a
convolutional layer and a Squeeze-and-Excitation (SE)
attention module, which can supplement features through
jump connections and avoid information loss caused by the
increase in network depth. In addition, within the residual
block, the 3 x 3 convolution layer is used to extract more
abundant features in the local receptive field, and the SE
attention module [20] is introduced to enable the residual

block to selectively enhance the features F; (F, = F,, ) in

en

channels containing rich rain streak information. The

operation of the i-th feature enhancement residual block
can be expressed by the following formula.

Fe =Gy (LRel“(szz (F ))) &)
CA=SE(Fe,) = o (W,5(W; (4(Fe)))) ©6)
Fiy = Fe;*CA+ F (7

where F, represents the input of the i-th feature

enhancement residual block or the output of the i-/-th
residual block. Fe; 1is the output of the convolutional

layer in the i-th residual block, CA represents the weight
matrix of channel attention, and LRelu(~) refers to the

Leaky ReLU function. W, and W, are the weight

coefficients of two fully connected layers, namely the
dimensionality reducing layer and the dimensionality
increasing layer. o is a sigmoid function.

3.2.2 Multi-Scale Feature Extraction Module (MFEM)

Considering the diversity of size, shape, and direction
of rain streaks, an MFEM containing six scale extraction
branches is constructed to further extract the rain streak
features. Here, the size of the feature maps in the minimum
scale branch is set to 8 X 8, and the specific number of

scales is defined as s =log, min(H,W)-3 . First, the

inputs of these branches are obtained by down sampling the
feature maps from CFEM at ratios of 1/2, 1/4, 1/8, 1/16,
and 1/32. In each branch, alx1 convolution layer and a
Leaky ReLU function are used to integrate rain streak
features of different scales. The integrated feature maps are
restored to the original size through up sampling operations.
Then, the feature maps of the original scale are directly
reused and concatenated with the output of all scale
branches. Finally, a 1x1 convolution layer is used to
reduce the channel dimension of the feature maps and
achieve feature fusion. The operation of MFEM can be
expressed by the following formula.

MF, =Up( LRelu(C,.y (Down(Fr)))) i=1,2,3,4,5 (8)

MF, = C,,, (Concat (FCF SMF,_,. 5 )) ©)

where C,,, represents the convolutional layer with filters
of size 1x1. Fgp is the output of CFEM, MF, is the
output of the i-th scale branch, and MF, represents the
output of MFEM. Up and Down represent the up
sampling and down sampling operations, respectively.

3.2.3 Feature Refinement Module (FRM)

To obtain accurate rain streak information, a FRM
composed of M feature refinement blocks is designed to
enhance and refine the extracted rain streak features. The
feature refinement block is designed as a dual attention
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residual block, which achieves feature enhancement in
both spatial and channel dimensions.

In the spatial dimension, the input feature maps from
MFEM first pass through a 3x3 convolution layer and a
sigmoid function to generate a spatial weight map. Then,
the weight map is multiplied with the input feature maps to
filter features to extract more accurate rain streak
information. Finally, the filtered rain streak features are
added to the input feature maps to enhance the rain streak
features. In the channel dimension, a SE attention module
is used to achieve the feature enhancement. The two
enhanced features are concatenated and integrated through
a 3x3 convolutional layer. The process of a feature
refinement block can be represented by the following
formula:

F,, = MF, %0 (Cy,5 (MF, )+ MF, (10)
F,y, = SE(LRelu(Cy,5(MF,)) (11)
Fyy = Cys(Concat (F,,, F,, )|+ MF, (12)

where F;, represents the enhanced feature maps in the

spatial dimension, F,, represents the enhanced feature
maps in the channel dimension, and F, is the output
feature maps of a feature refinement block.

At the end of the network, the output of FRM goes
through a convolution block containing a 3x3
convolution layer and a ReLU function to reconstruct the

rain layer. The rain layer is subtracted from the input rain
image to obtain the final rain removal image.

3.3 Loss Function

To better guide network training, a joint loss function

L, including reconstruction loss L,,. , gradient loss
Lg.,q and structural similarity (SSIM) loss Lgg,, is

defined as follows.
Llotal = Lrec + ﬂ“l * Lgrad + }{2 * LSSIM (13)

where 4 and A, are the trade-off parameters.
Reconstruction loss L,,. . The reconstruction loss is

defined as L1 loss, which mainly ensures that the content
of the rain removal image is closer to that of the ground
truth (GT) image. Its definition can be expressed with the
following formula:

Lrec =|O'_IGT|1 (14)

where O’ is the rain removal result, and 7, isthe GT
image.

Gradient loss. To reduce the loss of texture information
in the background layer, a gradient loss is defined to
constrain the gradient information of the rain removal

result, in order to make it consistent with the gradient
information of GT image.

L, =|VI& —VO*

‘grad —

Vi —VO'Y‘1 (15)

where VIg, and VI}, represent the gradients of the GT

image in the x and y directions, respectively. VO™ and

VO represent the gradients of the rain removal result in
the x and y directions, respectively.

SSIM loss. To ensure consistency in brightness,
contrast, and structure between two images, as well as
better visual effects, SSIM loss is defined. It can be
represented by the following formula:

Lgsns =1-SSIM (O',157) (16)

where SSIM (-) represents structural similarity index of

two images.
4 EXPERIMENTAL RESULTS AND ANALYSIS

In this section, we verify the validity of our proposed
method through a large number of experiments, and
compare it with the some state-of-the-art (SOTA) methods,
including GMM [7], LPNet [24], DetailsNet [11],
RESCAN [12], PRENET [15], BRNNET [30], ERRN-
PRDS [37] and ECnet [38] and HCT [34]. To objectively
evaluate the performance of all comparison methods, two
widely used image quality evaluation metrics, such as Peak
Signal to Noise Ratio (PSNR) [39] and Structural
Similarity Index (SSIM) [40], are used.

To demonstrate the effectiveness of various
components in the network, a series of ablation
experiments are conducted, including HFEM, MFEM, and
FRM, as well as the selection of loss functions and
Butterworth parameters.

4.1 Implementation Details

We use a sliding window with a size of 100 x 100 to
obtain image patches for training, where the sliding step
size is 80. The initial learning rate is set to 0.0005. At the
following 30, 50, and 80 epochs, it is attenuated by a
multiple of 1/5. The weight factors 4, and A, of the

loss function are set to 0.5 by trial and error. The number
of residual channel blocks N in CFEM is set to 24, and the
number of double branch enhancement blocks M in DFEM
is set to 6. The cutoff frequency is set to 30 and the order
is set to 1 in Butterworth high-pass filter to get high-
frequency information. Our network is implemented in
Pytorch and trained on NVIDIA GTX 3060 GPU.

4.2 Evaluation on Synthetic Datasets

The datasets Rain200H, Rain100H, and Rainl2 are
tested on models trained using the heavy rain dataset
RainTrainH [8]. The datasets Rain200L and Rain100L are
tested on models trained using the light rain dataset
RainTrainL [8]. Among all comparison methods, LPNet,
BRNNET, ERRN-PRDS, ECNet, and HCT are tested
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using the pre-training model provided by the authors, while
other comparison methods are retrained on heavy rain
datasets (RainTrainH) and light rain datasets (RainTrainL).

Tab. 1 shows the average PSNR and SSIM values
obtained by all comparison methods on different datasets.

In Tab. 1, the best objective result is presented in bold, and
while the second-best results are highlighted with an
underline. From the table we can see that our proposed
RSPNet has the highest PSNR and SSM values.

Table 1 Average PSNR (dB) and SSIM results of compared methods on synthetic datasets. Bold and underline represent the optimal and suboptimal values, respectively
Evaluation RESCAN LPNet PRENET BRNNET ERRN-PRDS ECNet HCT Proposed
(ECCV2018) | (TNNLS2019) | (CVPR2019) | (TIP2020) | (TMM2021) | (WACV2022) | (AAAI2023)

Rainl00H 28.82/0.863 23.40/0.822 29.46/0.899 30.47/0.913 31.67/0.927 31.43/0.921 31.51/0.913 | 32.89/0.935

Rainl00L 39.22/0.983 33.42/0.959 37.48/0.979 38.16/0.982 41.02/0.989 39.66/0.986 39.70/0.995 | 42.63/0.991

Rain200H 28.03/0.859 23.28/0.815 29.04/0.899 | 29.96/0.913 | 30.60/0.923 30.22/0.912 30.48/0.910 | 31.23/0.928

Rain200L 38.38/0.982 33.56/0.963 37.87/0.982 38.68/0.984 40.01/0.987 39.72/0.987 39.08/0.983 | 40.78/0.989
Rainl2 34.79/0.958 24.48/0.903 36.15/0.969 36.75/0.972 36.99/0.971 37.27/0.966 37.54/0.963 | 38.03/0.974

Figs. 3 and 4 show the results of rain removal on the
Rain200H and Rain200L datasets, respectively. In the two
figures, (a) shows the rainy image from the dataset, (j)
shows the GT image, and (i) is the result of our method. As
can be seen from the figures, our results contain more
texture details, closest to the GT images. RESCAN and
PRENET suffer from significant loss of background

Xl/['fr/w //
_ [4 Ml

/ i/ il

M//M

(f) ERRN-PRDS (g) ECNet

texture information, while LPNet results show a significant
amount of residual rain streaks, especially in the sky region.
The results of other methods also suffer from the loss of
background information, resulting in blurred edges.
Therefore, the proposed RSPNet is superior to other
comparison methods.

(h) HCT (i) Ours () GT

Figure 3 Visual comparison of the results obtained by comparison methods on the Rain200H dataset

() ERRN-PRDS

(g) ECNet

(h) HCT

Figure 4 Visual comparison of the results obtained by comparison methods on the Rain200L dataset

4.3 Evaluation on Real Dataset

Although there are differences in the distribution
between synthesized images and real rainy images, the
proposed method also achieves good results on real rainy
images. Figs. 5 to 7 shows the results of rain removal for
rainy images in real scenes. Here we test RESCAN,
PRENET, BRNNET, ERRN-PRDS, ECNet, HCT, and our

methods on the real rainy images. As shown in Figures,
although other methods can remove rain streaks from rainy
images, they also lose more background information, and
our method obtains clearer edge information. To facilitate
the observation of differences between results, some local
areas are selected and enlarged. From the enlarged areas,
we can observe that our method can restore richer texture
information, while other methods suffer from edge blurring
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and residual rain streaks. For example, in the results of
RESCAN, PRENET, BRNNET, and ERRN-PRDS in Fig.
5, the textures in the green tile areas are relatively messy,
while in the results of ECNet and HCT, the edges in the
green tile areas appear blurry. In Fig. 6, the results of
RESCAN, PRENET, BRNNET, and ERRN-PRDS show

(e) ERRN-PRDS (f) ECNet

texture loss in the umbrella areas, while the results of
ECNet and HCT show texture distortion in the umbrella
areas. In Fig. 7, due to the presence of more rain streaks in
the rainy image, there are still residual rain streaks in the
results of ECnet and HCT.

(a) HCT (h) Ours

Figure 5 Visual comparison of the results obtained by comparison methods on the real dataset

(f) ECNet

(g) HCT

Figure 6 Visual comparison of the results obtained by comparison methods on the real dataset

(b) RESCAN

i

(e) ERRN-PRDS (f) ECNet

(@) HCT (h) Ours

Figure 7 Visual comparison of the results obtained by comparison methods on the real dataset

4.4 Ablation Studies

To verify the effectiveness of the proposed network,
we conduct several ablation experiments on the main
components of the network, such as Butterworth cutoff
frequency, HFEM, MFEM, and FRM, as well as loss

function. All ablation experiments are performed on
Rain200H [8] dataset, including 1800 training images and
200 test images. And the average PSNR and SSIM on 200
test images are used as evaluation criteria.
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4.4.1 Butterworth Cutoff Frequency

The cutoff frequencies of Butterworth are different,
and the extracted high-frequency information will also be
different. To extract richer rain streak information,
Butterworth filters with different cutoff frequencies are
tested and used to obtain the high-frequency components
of rainy images in the dataset, as shown in Fig. 8a and b
show the rainy image and its corresponding GT image. (c)
is obtained by subtracting (b) from (a), which is the rain
streak image. (d), (e), and (d) is the high-frequency maps
obtained by applying a Butterworth high pass filters with
cutoff frequencies of 10, 30, and 60 on (a). To observe the
rain streak information present in the high-frequency maps,
we obtain the residual images (g), (h), and (i) by
subtracting the high-frequency maps (d), (e), and (f) from
the rain streak image (c).

¢) rain streak image

(d) high-frequency image (e) high-frequency image (f) high-frequency image
(cutoff = 10) (cutoff = 30) (cutoff = 60)

(9) residual image (h) residual image (i) residual image
obtained by (c)-(d) obtained by (c)-(e) obtained by (c)-(f)
Figure 8 Experiment on the selection of Butterworth cutoff frequency

From Figs. 8 g, h, and i, it can be seen that (g) contains
less residual information compared to the other two images,
but there is more background information compared to (h).
And (i) has more residual information. This indicates that
the larger the cutoff frequency, the less high-frequency
components are extracted, and the smaller the cutoff
frequency, the more background information is extracted.
Therefore, this paper adopts a Butterworth high pass filter
with a cutoff frequency of 30 to extract the rain streak prior
map.

4.4.2 Effectiveness of HFEM, MFEM, and FRM

The models after removing HFEM, FRM, and MFEM
from our model are named Model 1, Model 2, and Model
3, respectively, and are tested on Rain200H. Our model is
Model 4. The average PSNR and SSIM values are shown
in Tab. 2, and the visual comparison is shown in Fig. 9. To
further demonstrate the network's ability to extract more
accurate rain streak features, we compare the synthesized
rain layer with the rain layer learned by the network. The
visual comparison is shown in Fig. 10.

Table 2 Ablation study about HFEM, FRM, and MFEM on Rain200H dataset

Model HFEM FRM MFEM PSNR/SSIM
1 x v v 30.98/0.925
2 v x v 30.55/0.919
3 v v x 31.19/0.926
4 v v v 31.23/0.928

HFEM: In the network, HFEM is used to enhance the
rain streak features spatially. Here, the high-frequency
guide map can make the network pay more attention to the
extraction of rain streak features, and therefore, it can be
used to enhance rain streak features. To verify the
effectiveness of the proposed HFEM, we remove HFEM
from the network and directly concatenate the high-
frequency map with the extracted shallow features as
inputs to the subsequence network. The modified network
is retrained on the heavy rain dataset. From Tab. 2 and Fig.
9a, we can see that Mode 1 without HFEM obtains lower
PSNR values than our model, i.e., Model 4, and some
texture information is also lost. This also indicates that
HFEM is effective.

)

a) Removing SFEM

b) Removing FRM

(c) Removing MFEM
Figure 9 Subjective results of ablation experiments on dataset Rain200H for
HFEM, FRM and MFEM

(d) Ours (e) GT

() Rainyimage ~ (b)GT
Figure 10 Visual comparison between synthetic rain layer and rain layer learned by RSPNet

MFEM: The adoption of multi-scale structure
significantly improves the effectiveness of rain removal
task in extracting complex and diverse rain streak features.
To verify the function of the structure, we directly remove
MFEM from the network and retrain the model for testing.
From Tab. 2 and Fig. 9¢c, we can know that the objective

(c) synthesized rain layer

(d) rain layer learned by RSPNet (e) residual image

indicators obtained by Model 3 have slightly decreased
compared to Model 4, and the loss of texture information
can also be clearly seen in the subjective results. Therefore,
MFEM is effective.

FRM: FRM is used to further refine the rain streaks.
To verify the validity of this module, we remove the
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module from the network and tested it. From Tab. 2 and
Fig. 9b, we can observe that the objective indicators
obtained by Model 2 without FRM have significantly
decreased, and there is also a significant loss of texture
information in the subjective results. Therefore, FRM is
effective.

Fig. 10a and b show a rainy image and the
corresponding rainless image, and (c) shows the
synthesized rain layer obtained by subtracting (b) from (a).
(d) is the rain layer learned by RSPNet, and (d) shows the
residual image obtained by subtracting (d) from (c). We
can observe from the figure that the residual image
contains less information, indicating that the learned rain
layer is relatively close to the artificially synthesized rain
layer. Therefore, the proposed RSPNet can extract
relatively accurate rain streak features.

4.4.3 Effectiveness of Loss Function

To verify the effectiveness of each loss term, such as
L1 loss, gradient loss, and SSIM loss, we conducted
ablation experiments on the Rain200H dataset, and the
results are presented in Tab. 3. From the table, we can
observe that the average PSNR and SSIM values obtained
by using L1 loss alone are the lowest. When L1 loss is
combined with gradient loss or SSIM loss respectively,
network performance can be improved. However, the
combination of the three loss terms achieves the highest
measurement value. Therefore, all three loss terms are
effective in improving model performance.

Table 3 Ablation experiments of different loss terms on Rain200H dataset

L1 loss Gradient loss 1-SSIM PSNR/SSIM

v v 30.98/0.921

v v 31.09/0.926

4 30.66/0.915

v v v 31.23/0.928
Discussion:

Although the proposed method has achieved
considerable results, there are still certain limitations and
challenges, as described below.

(1) Due to the lack of real training datasets, the
proposed model trained on synthetic datasets have weak

) ©

ERRN-PRDS

generalization on real rainy images. Due to the limitations
of the imaging environment in rainy weather, real rainy
images not only have linear rain features, but also features
of raindrops and rain fog. At present, in rain removal tasks,
most synthetic datasets only contain single rain streak
features, which makes it difficult for the model to
effectively remove rain information from real rainy
images.

(2) How to construct a synthetic dataset that is similar
to the distribution of real rainy data is currently a challenge
for rain removal tasks. Currently, the synthesis of rain
images is obtained by directly linearly superimposing the
rain layer and the image background layer according to Eq.
(1), while the degradation process of real rainy images
cannot be represented by a simple linear relationship.
Therefore, a reasonable degradation model needs to be
defined to simulate the degradation process of rainy
images, which will be beneficial for generating more
realistic synthetic datasets.

4.5 Application on High-level Visual Tasks

The image rain removal task is important for
improving the performance of high-level visual tasks such
as image segmentation and object detection. Therefore, in
order to verify that the proposed method can better assist
high-level visual tasks, we conduct the comparison
experiments of target recognition and image segmentation
on the rain removal results. In the experiment, Photoshop
is used on the COCO [41] and BDD [42] datasets to
generate test datasets containing rainy images, namely
COCO350 and BDD150 [25]. The target detection method
proposed by Redmon et al. [43] is applied to the rain
removal results from the COCO350 dataset, and the object
detection results are shown in Fig.11. The rain removal
results from the BDD150 dataset are used to test image
segmentation, as shown in Fig. 12. The image
segmentation method proposed by Mehta et al. [44] is
applied to the rain removal results from the BDDI150
dataset, and the image segmentation results are shown in
Fig. 12. The target detection and image segmentation
models are tested using the pre-training models provided
by the authors.

person 0.6
"‘cgl 0.55 7/
A VA
.

..f‘;'l 1

(f) Ours
Figure 11 Target detection results on COCO350 [25] dataset using yolo3 [43]
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(d) BRNNET

(e) ERRN-PRDS

() Ours (a) GT

Figure 12 Segmentation results on BDD150 [25] dataset using ESPNet [44]

From Fig. 11, we can see that due to the interference
of rain streaks, a small number of targets are detected in the
rainy image, and the detection confidence is also relatively
low. In the rain removal results, more targets can be
detected, but due to the presence of residual rain marks in
the results of some comparative methods, there are also
problems of missed and false detections of targets. In our
results, more targets are detected and higher detection
confidence are achieved. Therefore, the proposed method
obtains rain removal results with richer information and
clearer edges.

From Fig. 12, we can observe that in the segmentation
result of the rainy image, the sky and road areas are
mistakenly classified into one category. In the results of
other comparison methods, there are still some
misclassified sky regions, and our segmentation result only
has a small number of misclassified regions, which is
closest to the segmentation result of the GT image. This
also indicates that the rain removal results obtained by the
proposed method are closest to the rainless images.

5 CONCLUSIONS

This study presents RSPNet, a novel approach to
single image rain removal that leverages high-frequency
information as a rain streak prior. By incorporating a
Butterworth filter-derived guidance map and specialized
network modules, RSPNet demonstrates superior
performance in rain streak removal while preserving
background details. Extensive experiments on synthetic
and real-world datasets show that RSPNet consistently
outperforms state-of-the-art methods in terms of PSNR and
SSIM metrics. The proposed method also enhances the
performance of downstream tasks such as object detection
and image segmentation on rain-affected images.
However, limitations exist, such as the potential over-
reliance on the high-frequency prior for certain rain
patterns. Future work should focus on adapting the method
to a wider range of rain types and exploring the integration
of temporal information for video deraining. The findings
of this study offer valuable insights for advancing rain
removal techniques and improving the robustness of
outdoor computer vision systems.
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