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Abstract
Single image rain streak removal is a significant and challenging task, which is widely applied in many artificial intelligence
domains as preprocessing process. Most of existing rain streak removal works focus on designing various deraining unit
(e.g., multi-stream dilation convolution) without considering the correlation between different convolution layers, which
may lead to large model size. In this paper, we propose a simple and effective deep network architecture for single image
rain streak removal based on deep Convolutional Neural Network (CNN). Benefit from the adjacent layers with different
dilation factors have similar feature structures, we design a powerful rain streak representation network based on the Layer
Similarity Prior Block (LSPB). To better cater to the property of layer similarity prior, the multi-dense-short-connection is
developed and it regards every LSPB as a convolution layer, this connection style makes our overall framework to be a layer
similarity prior network. To the best of our knowledge, this is the first paper to investigate the effectiveness of exploiting the
layer similarity prior and the multi-dense-short-connection. Quantitative and qualitative experimental results demonstrate
that the proposed method outperforms other state-of-the-art methods with the least parameters.

Keywords Deraining · Deep-learning · Layer similarity prior · Multi-dense-short-connection

1 Introduction

Image processing is a hot topic in the field of artificial intel-
ligence, which has been researched everywhere in practical
vision tasks. As a classical problem in image processing
communities, single image rain streak removal has attracted
much attention. Rainy images often degrade the visibil-
ity and make the background scene misty, which seriously
influence the accuracy of many computer vision systems,
especially for some image understanding and recognition
tasks, e.g., object detection [19], object tracking [35] and
video surveillance. So it is necessary to develop an effective
deraining algorithm.

Existing rain streak removal methods can be divided
into two categories: video-based methods and single image-
based methods. As video-based methods [1, 23, 24, 34] can
leverage temporal information by analyzing the difference
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between adjacent frames, they are easier than single image-
based methods. In this paper, we focus on rain streak
removal problems for a single image.

Single image rain streak removal aims to recover a clean
image from the observed rainy image, usually by estimating
the rain streak and then removing them. Mathematically,
one rainy image can be modeled as the linear combination
of a rain-free image and a rain streak layer, which is usually
expressed as

O = B + R. (1)

whereO,B andR denote a rainy image, a clean background
image (also called rain-free image) and a rain streak
layer, respectively. For single image rain streak removal,
recoveringB from (1) is a highly ill-posed problem, because
many different pairs of B and R give raise to the same O,
theoretically.

To make this problem well-posed, most traditional
methods attempt to make assumptions on the clean image
and the rain streak, such as sparse codeing [21], low-
rank representation [3] and Gaussian mixture model [18],
may be the most widely used priors in early deraining
methods. Although these prior based methods have shown
good performance, these priors usually assume that the rain
steaks should be sparse and have similar characters in falling
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directions and shapes, which do not generalize well for
some complex cases and rain forms.

Recently, Convolutional Neural Networks (CNNs) have
achieved tremendous progress in many computer vision
tasks, e.g., object detection [29], object tracking [35],
semantic segmentation [20], super resolution [4, 5] and style
transfer [8, 11]. Benefiting from the powerful ability of
feature representation of CNNs, image rain streak removal
methods based on CNNs have been proposed [6, 7, 15–17,
25–28, 31–33]. These deep-learning based methods perform
better than conventional prior based methods by a large
margin, but they do not emphasize the inner correlation
between different layers, which lead to the large model size.
An effective deraining method with small model size, which
can also remove various kinds of rain streak, is expected.

Previous methods focus on designing various deep net-
works (e.g., multi-stream dilation convolution [31], residual
network [7]) to learn the transformation from the input
image to the rain streak and neglect the inner property of dif-
ferent layers, which will lead to large model size. Motivated
by addressing this issue, we explore two important aspects
in the design of rain streak removal network: (a) the property
of layer similarity, and (b) multi-dense-short-connection.
On the one hand, we find that different layers with differ-
ent dilation factors have similar feature structures, which
reflected on paying attention to either clean background or
rain streak. Based on the property of layer similarity, we
design the Layer Similarity Prior Block (LSPB) to fuse
these similar feature structures to maintain the primary
information of the rain streak. On the other hand, symme-
try skip-connection between corresponding feature maps is
widely utilized to transmit low-level features to high-level
semantic features, which enable the computation of long-
range spatial dependencies as well as efficient usage of the
feature activation of proceeding layers. However, we also
find that the symmetry skip connection does not fit the layer
similarity in a global way. We attempt to develop a more
effective connection style: multi-dense-short-connection, it
regards every LSPB as a convolution layer, which cater to
the property of layer similarity from a global perspective.

Our main contributions are summarized as follows:

– We analyze that there is an inner correlation between
different layers with different dilation factors, which
makes the different layers have similar feature struc-
tures. Based on this property, we propose the LSPB as
the basic deraining unit. In addition, this finding also
provides some prior knowledge for future deraining
algorithm.

– We develop the multi-dense-short-connection to con-
nect several LSPBs, which may cater to the property of
layer similarity, and we also verify this connection style
is more effective than symmetry skip connection.

– Quantitative and qualitative experimental evaluations
on both synthetic datasets and real-world rainy images
demonstrate that the proposed network is able to achieve
the state-of-the-art results with the least parameters.

2 Related work

In this section, we briefly review several recent related single
image rain streak removal methods. In general, single image
rain streak removal methods can be grouped into two catego-
ries, prior based methods, and deep-learning based methods.

Prior basedmethods As discussed in Section 1, prior based
methods need additional constraints to solve single image
rain streak removal problem. Hence, various kinds of prior
knowledge are enforced into the optimization framework.
In early deraining methods, the most widely used priors
are image decomposition [12], non-local filter [13], sparse
codes [21], low-rank model [3], and Gaussian mixture
model [18]. Kang et al. [12] regard rain streak as high
frequency structures and decompose a rain image into the
low-frequency and high-frequency layer using the bilateral
filter. Then, they decompose high-frequency parts into a rain
component and a nonrain component by dictionary learning
and sparse coding. Kim et al. [13] detect rain streak regions
by analyzing the rotation angle, the aspect ratio of the
elliptical kernel at each pixel location, and then perform the
nonlocal means filtering on the detected rain streak regions
by selecting nonlocal neighbor pixels and their weights
adaptively. Luo et al. [21] propose a discriminative sparse
coding framework based on image patches and separate
rain streak regions from rain-free background images. Chen
and Hsu et al. [3] consider the rain streak usually reveal
similar and repeated patterns on imaging scene, then they
design a low-rank model from matrix to tensor structure for
capturing the correlated rain streak and utilize the model
to remove rain streak from image in a unified way. Li
et al. [18] attempt to use patch-based priors to separate
the rain streak from background images. These priors are
based on Gaussian mixture models and can accommodate
multiple orientations and scales of the rain streak. All the
above methods rely on design appropriate priors based on
the observations of specific clean images or rain streak
properties, they tend to have unsatisfactory performances on
real images with complicated scenes and rain forms.

Deep-learning based methods From 2017, deep-learning
based methods have been made remarkable progress in image
rain streak removal problem. These methods aim to learn a
non-linear function, which maps the input rainy image to rain
streak. Fu et al. [6, 7] firstly introduce deep-learning methods
to solve single image rain streak removal problem. They
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decompose rainy images O into low- and high-frequency
parts separately, and then map high-frequency parts to rain
streak R by a deep residual network. Finally, the estimated
rain-free image B is obtained by subtraction operation
according to (1). Yang et al. [31] propose a recurrent
rain detection and removal network, which jointly detects
and removes rain streak iteratively and progressively. Li
et al. [15] propose a non-locally enhanced encoder-decoder
deraining method, the utilized non-locally enhanced dense
blocks are designed not only fully exploit hierarchical
features from all the convolutional layers but also well
capture the long-distance dependencies and structural
information. They achieve satisfactory performance on rain
removal in synthetic datasets, but their model size is very
large. Li et al. [17] propose a Recurrent Squeeze-and-
Excitation Context Aggregation Net (RESCAN) to remove
rain streak, where they utilize squeeze-and-excitation [9]
to allot each learnable value to rain streak with different
sizes. Zhang et al. [32] present a novel density-aware multi-
stream densely connected convolutional neural network for
joint rain density estimation and deraining, the proposed
network is able to automatically determine the rain-density
information and then efficiently remove the corresponding
rain streak guided by the estimated rain density label.
Although this method gets better deraining results in real-
world datasets, the success of this algorithm relies on the
true density label from the classifier. It may fail to remove
rain streak if the false density label classification.

3 Proposedmethod

In this section, we introduce the details of the proposed
deraining method. We first describe the overall architecture
of the proposed network in Section 3.1 and then we provide
the detailed configuration on the layer similarity prior in
Section 3.2. Finally, Section 3.3 presents the loss function
which is used in the proposed deraining network.

3.1 Overall network framework

The proposed network aims to learn a non-linear f ,
which directly describes the mapping relationship between
rainy image and rain streak, and then estimate the final
rain-free image by subtraction operation via (1). Our
overall framework shown in Fig. 1 is composed of several
LSPBs connected by multi-dense-short-connection, which
is based on the observation that adjacent layers with
different dilation factors have similar feature structures.
Mathematically, our network can be formulated as follows:

First, we convert the image space into the feature space.

F0 = SE(Conv(O)), (2)

where O denotes the rainy image. Conv and SE denote
convolution with 3 × 3 kernel size and squeeze-and-
excitation operation, respectively. Here, we utilize squeeze-
and-excitation operation to adaptively recalibrate the feature
response of each feature map and further obtain the
semantic correlation between different channels.

Then, we connect these proposed LSPBs by the multi-
dense-short-connection, each LSPB can be regarded as a
convolution layer , which satisfies the property of layer
similarity from global perspective:

Fi = LSPBi(Conv1×1(Cat[Fi−1, Fi−3, · · · , Fl])), (3)

where Cat and Conv1×1 denote concatenation operation
at the dimension of the channel and 1 × 1 convolution
respectively. LSPBi and Fi denote the proposed i-th LSPB
and corresponding output, respectively. More details about
LSPB will be described in Section 3.2. l = 0 if i is odd
otherwise l = 1, and i = 1, · · · , 10.

The rain streak S̃ can be estimated:

S̃ = Conv1×1(SE(Conv(Ff usion))), (4)

where Ff usion = Conv1×1(Cat[F10, F8, · · · , F0]) is the
fusion output of multi LSPBs, it can be regarded as the final
estimated rain streak.

Finally, we obtain the final estimated rain-free image B̃

via (1):

B̃ = O − S̃. (5)

Locally, each LSPB based on that adjacent layers with
different dilation factors have similar feature structures.
Globally, the proposed connection style, multi-dense-short-
connection, regards each LSPB as a convolution layer.
Consequently, the overall network is also a layer similarity
prior network.

3.2 Layer similarity prior

Motivated by the adjacent convolution layers have similar
structures, we design an effective deraining unit based on
this property. We can rely these similar structures and
further fuse them for extracting main rain streak. To the
best of our knowledge, this is the first attempt to investigate
the benefit of leveraging the property of layer similarity
between adjacent convolution layers. The proposed LSPB
is shown in Fig. 2d, which consists of several dilation
convolutions [2], squeeze-and-excitation [9] and one 1 × 1
convolution. Mathematically, the proposed LSPB can be
expressed as:

y = LSPB(x0), (6)
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Fig. 1 Layer similarity prior network (LSPN). LSPB denotes layer similarity prior block, shown in Fig. 2 (d)

where x0 denotes the input signal of LSPB, y denotes the
output of LSPB, LSPB denotes the operational process of
the layer similarity prior.

In the following, we describe the LSPB in details:
First, we utilize several dilation convolutions to obtain

more spatial contextual information that has a mass of
similar structures between them:

xr =
⎧
⎨

⎩

Convr(x0) r = 1

Convr(x1) r = 3, 5
, (7)

where Convr and xr denote convolution with dilation factor
r and corresponding output, respectively.

Then, we use 1×1 convolution to fuse them for extracting
the main rain streak:

zr =
⎧
⎨

⎩

Convr(x1) r = 1

Conv1×1(Cat ([x1, xr ])) r = 3, 5
. (8)

Finally, we cascade all layers to make the output pay
more attention to rain streak rather than background. The
final output of LSPB is

y = SE(Conv1×1(Cat[z1, z3, z5])). (9)

A series of operations make the block neglect the
background information and pay attention to the rain streak,
as shown in Figs. 11 and 12, which makes our network
has stronger rain streak representation ability. The analysis

on the layer similarity will be discussed in details in
Section 4.5. The effect on the model size and the number of
LSPBs will be discussed in Section 4.8.

3.3 Loss function

We use MSE as the error function:

L = 1

HWC

H∑

t=1

W∑

s=1

C∑

k=1

‖B̂ t,s,k − B t,s,k‖22, (10)

where H, W, C denote the height, width and channel
number of the rain-free image, respectively. B̂ andB denote
the estimated rain-free image and the clean background
image, respectively. Actually, this loss is equivalent to

1
HWC

∑H
t=1

∑W
s=1

∑C
k=1 ‖R̂t,s,k − Rt,s,k‖22 according to

the rainy image decomposition (1). R̂ and R denote
the estimated rain streak and corresponding ground-truth,
respectively.

4 Experimental results

In this section, we demonstrate the effectiveness of the
proposed method by conducting various experiments on
two synthetic datasets and several real-world images. The
experimental settings and criterions of quality evaluation

a b c d

Fig. 2 Some classical convolution styles. a Traditional convolution used in DCGAN [33]. b Residual block used in DDN [7]. c Dilation
convolution used in JORDER [31]. d Our proposed LSPB
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are shown in Section 4.1. Quantitative and visual com-
parisons on synthetic datasets are reported in Section 4.2.
Quantitative and visual comparisons on the real-world rainy
images are provided in Section 4.3. An ablation study
is conducted in Section 4.4 to demonstrate the effec-
tiveness of the proposed network. Some analysis of the
proposed network are presented in Sections 4.5, 4.6, 4.7,
and 4.8. The results are compared with five state-of-the-art
methods: DSC [21] (ICCV15), LP [18] (CVPR16), DDN
[7] (CVPR17), JORDER [31] (CVPR17), and DID [32]
(CVPR18).

4.1 Experiment settings

Synthetic datasets We evaluate the performance of the
proposed method on two widely used synthetic datasets:
Rain100L [31] and Rain100H [31]. Rain100L and
Rain100H contain 1800 images for training and 200 images
for testing, respectively. These two datasets include various
rain streak with different sizes, shapes and directions. Using
these synthetic images for training can boost the capacity of
the network. We select Rain100H as our analysis dataset in
Sections 4.4–4.8.

Real-world datasets Part of the real-world rainy images we
use for testing are provided by the previous methods [31,
33]. The other challenging ones are downloaded from the
Internet. We randomly pick 50 rainy images from them as
our real-world dataset. For the real-world dataset, the rain
streak is different from orientation to density. We use them
to illustrate the effectiveness of our network.

Measurements Peak signal to noise ratio (PSNR) [10] and
structure similarity index (SSIM) [30] are widely used
to evaluate the quality of restored results with ground-
truth. PSNR is based on the error between corresponding
pixels, i.e., estimated deraining result and ground truth.
The higher its value, the better the restored image will
be. SSIM is a measure of similarity between two images.
The closer to 1, the more similar the two images are.
We use them as our measurement criteria on synthetic
datasets. For the real-world images, we use the perceptual
metric Natural Image Quality Evaluator (NIQE) and visual
comparisons to evaluate the performance of our method.
NIQE is demonstrated to be highly correlated with human
ratings and easy to implement. it calculates the no ground-
truth image quality score for the real-world rainy image,
which are detailed in [22]. A lower NIQE value indicates
the better perceptual quality.

Training details We set the number of channels L = 10 and
the number of LSPBsM = 10. We use the LeakyReLUwith
α = 0.2 as the non-linear activation for all convolutions

except the last layer. We randomly crop 100 × 100 patch
pairs from training datasets as inputs with a mini-batch size
of 10 to train our network. The ADAM [14] is used as the
optimization algorithm with an initialized learning rate of
0.001, and the rate will be divided by 10 at 240K and 320K
iterations, and total training iterations are 400K . We use
PyTorch to perform all experiments on an NVIDIA GTX
1080Ti GPU, and the network is trained end-to-end.

4.2 Results on synthetic datasets

Quantitative comparisons between the proposed method
and five state-of-the-art deraining methods are shown in
Table 1. These deraining methods include two prior based
methods: DSC [21] and LP [18], and three deep-learning
based methods: DDN [7], JORDER [31], and DID [32].
On the datesets of Rain100H and Rain100L, it can be
clearly observed that our method significantly outperforms
the two prior based methods in terms of both PSNR and
SSIM. Compared with three deep-learning based methods,
our method also achieves the highest scores of the evaluative
criteria on the two datasets while using the least number
of parameters. It’s worth mentioning that although our
method reduces 87% number of parameters compared with
JORDER [31] and DID [32], both of our PSNR and SSIM
are superior to these methods.

We provide several examples to compare the proposed
method with five state-of-the-art methods visually. Figure 3
shows two synthetic examples compared with two prior
based methods, we can see that the prior based methods
DSC [21] and LP [18] fail to remove the rain streak
and still maintain a significant amount of rain streak,
while our method is able to effectively remove rain streak
and generates the clearest and cleanest deraining images.
Moreover, we also compare the proposed method with three
deep-learning based methods DDN [7], JORDER [31], and
DID [32] in Fig. 4. DDN [7] and JORDER [31] generate
results with some remaining rain streak or artifacts, as
shown in Fig. 4b and c, respectively. The result by ID [32]
is visually a little better, but it still has some remaining rain
streak as shown in Fig. 4d. Compared with it, our method
generates the cleanest result with the least artifacts as shown
in Fig. 4e.

4.3 Results on real-world images

To further demonstrate the effectiveness of the proposed
method, we also evaluate the performance of the proposed
method on several real-world rainy images compared
with five state-of-the-art methods. Quantitative comparisons
between the proposed method and five state-of-the-art
deraining methods are shown in Table 2, we find that our
method achieves better NIQE values than the other methods
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Table 1 Quantitative experiments evaluated on synthetic datasets

DSC [21] LP [18] DDN [7] JORDER [31] DID [32] Ours

Dataset PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Rain100H 15.66 0.42 14.26 0.54 22.26 0.69 23.45 0.74 26.12 0.83 26.87 0.85

Rain100L 24.16 0.87 29.11 0.88 34.85 0.95 36.11 0.97 36.14 0.96 37.18 0.98

Parameters – – 58,175(−17 %) 369,792(−87 %) 372,839(−87 %) 48,185

The best and the second best results are boldfaced and underlined, respectively

Fig. 3 Two example results on the synthetic datasets compared with two prior based deraining methods. The input image shown in (a) is
synthesized by large-scale dense rain streak. Our results shown in (d) have the highest PSNR and SSIM values. Visually, our method generates
the cleanest results

Fig. 4 Two examples on the synthetic datasets compared with three deep-learning based methods. Our results are the best both quantitatively and
visually

Table 2 Quantitative
experiments evaluated on the
real-world dataset

Metric Input DSC [21] LP [18] DDN [7] JORDER [31] DID [32] Ours

NIQE 5.09 4.89 4.76 4.13 3.77 4.26 3.59

The best and the second best results are boldfaced and underlined, respectively
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on the real-world images. The results of various deraining
methods are shown in Figs. 5 and 6. The numbers in red
presented on the top left corner in each image of Figs. 5
and 6 are the NIQEs values, which quantitatively measure
the quality of the deraining methods. Figure 5, presents
two real-world examples compared with two prior based
methods: DSC [21] and LP [18]. It is obvious that the prior
based methods tend to have some residual rain streak as
shown in Fig. 5b and c. Both quantitatively and visually, our
method obtains better NIQE scores and achieves favorable
results against the other prior based methods as shown
in Fig. 5d. In addition, we test our method on several
real-world rainy images from different scenes. To provide
visual comparisons, Fig. 6 shows four examples compared
with three deep-learning based methods. For the first two
examples, our method shown in Fig. 6e generates the
cleanest results with clearer background details, while other
methods either still tend to leave some rain streak or produce
unclear texture. See the close-ups for details. For the last
two examples, DDN [7], JORDER [31], and DID [32] can
remove the majority of rain streak, but they still remain
some rain streak as shown in Fig. 6b, c and d, respectively.
In comparison, our method generates the cleanest results
with the least artifacts. We also find that our method
achieves the best NIQE performance on all test real-world
rainy images.

More deraining results by the proposed method are
presented in Fig. 7.

4.4 Ablation study

As our network consists of several LSPBs and multi-dense-
short-connection, and the LSPB is based on dilation con-
volution and squeeze-and-excitation operations, it is mean-
ingful to explore the effectiveness of the two operations
and the connection style. To this end, we conduct two

detailed ablation studies on different methods. The first
ablation study is conducted to demonstrate the improve-
ments obtained due to different components in the proposed
LSPB. We perform the following experiments on Rain100H
with the same settings.

– BL: A single baseline network without dilation
convolution and squeeze-and-excitation operations.

– BL + DC: Baseline network with dilation convolution.
– BL + SE: Baseline network with squeeze-and-

excitation operation.
– BL + DC + SE: Baseline network with dilation

convolution and squeeze-and-excitation operations, i.e.,
the proposed network.

Quantitative evaluations are reported in Table 3. It can be
observed that BL performs much worse than the proposed
network in terms of PSNR and SSIM (25.91 dB v.s. 26.87
dB, 0.82 v.s. 0.85). By plugging the dilation convolution and
squeeze-and-excitation into the baseline network, we can
improve the value of PSNR and SSIM by 0.96 dB and 3 %,
respectively. Overall, these comparisons firmly indicate the
dilation convolution and squeeze-and-excitation operations
benefits for performance improvement.

Moreover, we also provide one example for visual com-
parisons to verify the effectiveness of the dilation convolu-
tion and squeeze-and-excitation operations in Fig. 8. It can
observe that the result of the final network (BL+DC+SE)
shown in Fig. 8e is the best both quantitatively and visually.

In the second ablation study, we explore the effective-
ness of different connection styles, including no-connection
(NC), symmetric skip connection (SSC) and our proposed
multi-dense-short-connection (MDSC). The average PSNR
and SSIM results evaluated on Rain100H for various con-
nection styles are tabulated in Table 4. We can see that our
proposed MDSC is more effective than the other two styles.
We also provide two examples for visual comparisons.

Fig. 5 Two real-world examples compared with two prior based methods. The results of DSC [21] and LP [18] still remain some rain streak. In
comparison, our method generates much clearer results and our results have the lowest NIQEs values
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a b c d e

Fig. 6 Several example results with close-ups on the real-world rainy images compared with three deep-learning based methods. Our results have
the lowest NIQEs values. Visually, our method generates the cleanest results with the least artifacts

As shown in Fig. 9, the method using no-connection is
unable to remove rain streak. Even though the method using
symmetric skip connection is able to successfully remove

the majority of rain streak, it still tends to leave some
rain streak in the derained images. In contrast, our method
using the proposed multi-dense-short-connection is capable
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Fig. 7 More results produced by our method on the real-world rainy images under different scenes

of removing rain streak while generating much clearer and
cleaner results. Similar observations can be made utilizing
the quantitative criterions, PSNR and SSIM, as shown in
Fig. 9.

4.5 Analysis on the LSPB

As our network is mainly composed of several LSPBs, a
natural question is that whether the LSPB works better
than other convolution units used in reported works, e.g.,
traditional convolution (T C) (basic unit in [33]), residual
block (RB) (basic unit in [7]), multi-stream dilation
convolution (DC) (used in [31]). To verify the effectiveness
of our proposed LSRB, we carry out some experiments by
replacing the LSRB with other convolution units. For fair

comparison, it is ensured that the number of parameters is
almost for all conditions. The results are shown in Table 5.
It can be observed that the proposed LSPB obtains the best
results while using the least number of parameters among
all the compared methods.

Table 3 Ablation study on layer similarity prior block

BL BL + DC BL + SE BL + DC + SE

(Default)

PSNR 25.91 26.76 26.41 26.87

SSIM 0.82 0.84 0.83 0.85

Parameters 47,813 47,813 48,185 48,185
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Fig. 8 One visual example for ablation study on the LSPB. Compared with other results, our deraining results shown in (e) has the highest PSNR
and SSIM values

Table 4 Ablation study on
connection style NC SSC MDSC

PSNR 15.56 26.76 26.87

SSIM 0.33 0.83 0.85

Parameters 45,295 46,345 48,185

Fig. 9 Visual examples on different connection styles

Table 5 Quantitative
experiments evaluated on our
proposed LSPB compared with
different convolution units

T C RB DC LSPB

(Ours)

PSNR 26.25 26.20 26.43 26.87

SSIM 0.83 0.83 0.83 0.85

Parameters 49,835 49,835 52,889 48,185

The best result is boldfaced

Fig. 10 A visual example of comparisons with different deraining units. Our result shown in (e) is the best with least artifacts
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Fig. 11 The visualization of the feature maps in the first LSRB. From top to bottom, K3D1, K3D3, K3D5 and final layer. Please see in high
resolution screen!

Fig. 12 The visualization of the feature maps in the last LSRB

Fig. 13 The visualization of feature maps on the fusion layer. From top to bottom: traditional convolution, residual block, dilation convolution
and our deraining unit
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Table 6 Quantitative experiments for analyzing the number of
channels and LSPBs

Metrics M = 8 M = 10 M = 12

(Default)

L = 8 PSNR 26.01 26.74 26.99

SSIM 0.82 0.84 0.85

Parameters 24,885 38,563 55,225

L = 10 PSNR 26.54 26.87 27.29

(Default) SSIM 0.83 0.85 0.86

Parameters 31,079 48,185 69,027

L = 12 PSNR 26.71 27.24 27.69

SSIM 0.84 0.85 0.87

Parameters 37,337 57,907 82,937

M and L denote the number of channels and LSPBs, respectively

Moreover, an example for visual comparisons with dif-
ferent deraining units is presented in Fig. 10. As can be seen,
our proposed deraining unit shown in Fig. 10e achieves the
best performance compared with other deraining units. This
also illustrates that our proposed LSPB is more effective
than other commonly used deraining units.

4.6 The visualization of the LSPB

To better demonstrate the effectiveness of the proposed
method layer similarity prior, we present the visualization
of the feature maps for the adjacent convolution layers in
Figs. 11 and 12. As can be seen from the first three rows of
Figs. 11 and 12, the previous layers have similar structures,
which take into account either background or rain streak.
The last row in Figs. 11 and 12 show the fusion results that
only focus on the rain streak rather than the background.
This design enables our network to have strong rain streak
representation ability.

4.7 The visualization of the fusion layer among
different deraining units

We also provide the visualization results on the fusion
layer among different deraining units in Fig. 13. It can
be observed that our designed LSPB has better expression
capacity of rain streak while the other deraining units
may fail to accurately capture the rain streak. It is also
verify that the proposed deraining unit LSPB is effective
for single image rain streak removal. For fair comparison,
we adjust the number of channels under the condition of
different deraining units, making different deraining units
have different number of channels.

4.8 Analysis on themodel size and the number
of LSPBs

We further analyze the effect of the number of channels
and LSPBs. In order to choose suitable numbers of channels
and LSPBs, we carry out experiments on rain100H to test
the different number of channels and LSPBs. Quantitative
results corresponding to the different number of channels
and LSPBs are tabulated in Table 6. We can observe
that the deraining results become better with the number
of channels and LSPB increasing. Combining with the
evaluations against the state-of-the-art methods reported in
Table 1, we can see that our proposed method is superior
to the state-of-the-art methods when we select L = 12
and M = 12, but the model size is larger. Moreover, the
results by our method are also comparable with other state-
of-the-art methods when we select L = 8 and M = 8,
and the parameters only have 24,885. As the performance
of our method is satisfactory and the number of parameters
is less than other state-of-the-art methods when L = 10 and
M = 10, we argue that this setting is good enough. So we
choose L = 10 and M = 10 as our network setting. We also
provide an example in Fig. 14 for visual comparisons with

Fig. 14 A visual example of comparisons with different number of channels and LSPBs. M and L denote the number of channels and LSPBs,
respectively



Single image rain streak removal via layer similarity prior

different number of channels and LSPBs. As can be seen,
the deraining performance gets better with the model size
increasing that also illustrates our model is robust.

5 Conclusion

In this paper, we consider the property that adjacent lay-
ers with different dilation factors have similar feature
structures. Extensive experiments have verified the effec-
tiveness of the proposed layer similarity prior. We utilize
the layer similarity prior to design a novel network for
single image deraining. The proposed network is con-
structed based on the LSPB, which can fuse these similar
feature structures for better maintain the primary infor-
mation of the rain streak According to the rainy image
decomposition model, the rain-free image can be computed
by subtraction. Both quantitative and qualitative experi-
ments evaluated on synthetic and real-world rainy images
demonstrate that the proposed method outperforms many
recent state-of-the-art deraining methods while using fewer
parameters. Moreover, the proposed layer similarity prior
and multi-dense-short-connection may also provide prior
knowledge for future deraining research and other low-level
vision tasks.
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