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Abstract. Rainy images severely degrade visibility. Thus, deraining is an important task for applications ranging
from image processing to computer vision. We propose a deep learning-based method to remove rain streaks
from a single image. Specifically, we first design a deraining unit that employs dilation convolution and squeeze-
and-excitation operations, respectively, to obtain more spatial contextual information and semantic correlation.
In the deraining unit, multifeatures at different levels can be obtained by using convolutions with different dilation
factors, and they are fused to maintain the primary features of rain streaks. Then, we interconnect the deraining
units by dense connections that can maximize the information flow along features from different levels and make
them be associated. Both deraining units and dense connections make our network have stronger represen-
tative ability of the rain streaks layer. Experimental results show that our proposed deraining method outperforms
state-of-the-art methods by a good margin in Rain100H, Rain100L, and Rain1200 datasets, while using fewer
parameters. © 2019 SPIE and IS&T [DOI: 10.1117/1.JEI.28.3.033018]
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1 Introduction
Rain degrades visibility significantly and causes many com-
puter vision systems to likely fail, so restoring rainy images
is important for many computer vision applications. In the
past decades, many researchers have devoted considerable
attention to the problem of restoring clean images from rainy
images. They either utilize priors about rainy images1–4 or
deep-learning methods5–12 to remove rain streaks. Most of
these methods are based on the physical model of rainy
images, which can be expressed as the sum of the back-
ground images and rain streaks:

EQ-TARGET;temp:intralink-;e001;63;335O ¼ Bþ R; (1)

where O, B, and R denote rainy images, background images
(also called rain-free images), and rain streaks, respectively.
Equation (1) is a challenging ill-posed problem, which has
a number of solutions of B, R for a given O, theoretically.

In many traditional methods, priors about background
images or rain streaks are proposed to regularize the solution
spaces. Among them, sparse coding,1 low rank representa-
tion,2 and the Gaussian mixture model3 are widely employed.
However, as they usually assume that rain steaks should be
sparse and have similar characters in falling directions and
shapes, these methods only work in specific cases and fail to
perform in most cases, as shown in Fig. 5.

Driven by the unprecedented success of deep learning in
low-level visions, recent years have also witnessed the rapid
progress of deep convolutional neural network (CNN) in
image deraining.5–12 Although these methods have been
demonstrated to work well in most cases, several shortcom-
ings still are unsolved.

Firstly, rain streaks are usually similar with some high-
frequency parts of background images. Several methods13,14

regard high-frequency parts of background images as rain
streaks so as to recover oversmooth backgrounds. Second,
spatial contextual information is important for single image
deraining, which has been proved in Ref. 15. However,
some methods5,6 neglect this characteristic, leading to
inefficient deraining algorithms. Third, many deep-learning-
based methods6–8,11 usually ignore the semantic correlation16

between channels (feature maps), which is also important for
single image deraining that can make interchannels correlate
compactly. Finally, several deraining units in previous meth-
ods have been utilized, e.g., traditional convolution, residual
block, multistream dilation convolution, and gated recurrent
unit. Although they have been verified to be effective for
deraining, they neglect to fuse the features at different levels
in one unit, which leads to these methods being inefficient
if fewer parameters are used.

The above disadvantages motivate us to propose an
effective end-to-end deep-learning-based deraining method,
which lays emphasis on spatial contextual information and
the semantic correlation between channels simultaneously.
Specifically, we first design a deraining unit that employs
dilation convolutions17 and squeeze-and-excitation16 opera-
tions, respectively, to obtain more spatial contextual informa-
tion and semantic correlation. In the deraining unit, we use
1 × 1 convolution to fuse the features at different levels that
are generated by dilation convolutions with different factors.
We will demonstrate the effectiveness of this fusion mecha-
nism in Sec. 4.4. Then, we apply dense connections18 in
our network that can maximize the information flow along
features from different levels, and these dense connections
are associated compactly that can solve the problem of
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oversmoothing. Based on these designed mechanisms, our
network has a more powerful deraining ability.

In this paper, our main contributions are as follows:

• Amore effective deraining unit is proposed, which out-
performs state-of-the-art deraining units. Our deraining
unit lays emphasis on spatial contextual information
and the semantic correlation between channels. Its
effectiveness is demonstrated in this paper.

• We propose a feature fusion mechanism, where the fea-
tures at different levels are fused to maintain the pri-
mary rain streaks information that makes our network
have more powerful representation of rain streaks.

• Quantitative and qualitative experimental evaluations
on both synthetic datasets and real-world datasets
show the effectiveness of the proposed network com-
pared with six state-of-the-art methods, while using
the least parameters.

2 Related Work
Existing deraining methods can be divided into two catego-
ries: video-based methods and single image-based methods.
As video-based methods19–24 can leverage temporal informa-
tion by analyzing the difference between adjacent frames,
they are easier than single image-based methods. In this
paper, we explore a more difficult task: single image
deraining.

Single image-based methods can also be split into two
categories: prior-based and deep-learning-based methods.
Next, we review the two categories briefly.

Prior-based methods: before deep-learning-based meth-
ods, many priors about rainy images were proposed. Kang
et al.13 separated the rain streaks from high-frequency
layer by sparse coding from HOG features. Luo et al.1 pro-
posed a discriminative sparse coding framework, which was
based on image patches and separated rain streaks from
background images. Chen and Hsu25 proposed a generalized
low-rank model, where the rain streaks layer was assumed to
be low-rank. Kim et al.26 used the nonlocal mean filter to
detect rain streaks and remove them. Li et al.3 decomposed
a rainy image into background and rain streaks layer using
Gaussian mixture models.

Deep-learning-based methods: In recent years, deep-
learning methods have achieved great success in many low-
level vision tasks, e.g., dehazing,27,28 super-resolution,29,30

denoising,31 style-transfer,32 and also deraining. Fu et al.5,6

first proposed deep-learning methods for single image
deraining, where they first decomposed rainy images into
low- and high-frequency parts then mapped high-frequency
parts to rain streaks and lastly obtained clean images via
Eq. (1). Yang et al.7 designed a recurrent contextual network
to jointly detect and remove rain streaks. Zhang et al.8 pro-
posed a conditional generative adversarial network for single
image deraining and utilized perceptual loss to refine the
last results. Li et al.9 came up with a recurrent dilation
CNN for rain removal and embedded squeeze-and-excitation
in the network in order to allot a weight to each raindrop.
Zhang and Patel11 presented a density-aware multistream
connected network for joint rain density estimation and
deraining. Ren et al.12 proposed a better and simpler baseline,
which is progressive networks for image deraining.

3 Proposed Method
In this section, we provide more details about the proposed
network, including its basic deraining unit, connection style,
loss function, and corresponding mathematical formulations.

3.1 Overall Network Framework
As rain streaks in a rainy image are easy to learn because they
have easier features, our network is to learn the nonlinear
mapping from rainy images to rain streaks, and then obtain
final clean images via Eq. (1). The proposed deraining unit
employs dilation convolutions and squeeze-and-excitation
operations, respectively, to obtain more spatial contextual
information and semantic correlation. In the deraining unit,
multifeatures at different levels, which have different sizes of
the receptive fields, can be obtained by using convolutions
with different dilation factors, and they are fused to maintain
the primary features of rain streaks. Inspired by Ref. 18, we
use dense connections as the connection style of our network
that can maximize the information flow along features from
different levels and enable the computation of long-range
spatial dependencies as well as efficient usage of the feature
activation of proceeding layers. Several deraining units and
dense connections make up the overall network framework,
shown in Fig. 1.

Mathematically, our network can be formulated as follows:

EQ-TARGET;temp:intralink-;e002;326;470F0 ¼ SE½ConvðOÞ�; (2)

where O denotes the rainy input image. Conv and SE denote
3 × 3 convolution and squeeze-and-excitation16 operations,
respectively. These operations are to convert the image space
into the feature space.

The input of current deraining layer is the feature activa-
tion of all previous proceeding layers by using dense connec-
tions that can maximize the information flow along features
from different levels and enable the computation of long-
range spatial dependencies as well as efficient usage
EQ-TARGET;temp:intralink-;e003;326;340

Fi ¼ DRUi½Conv1×1ðCat½Fi−1; Fi−2; · · · ; F0�Þ�;
i ¼ 1; · · · ; L; (3)

where Cat and Conv1×1 denote concatenation operation at
the dimension of the channel and 1 × 1 convolution, respec-
tively. DRUi and Fi denote our proposed i’th deraining unit
shown in Fig. 2(d) and corresponding output, respectively.

The output is a fusion layer cascaded by all DRUs:

EQ-TARGET;temp:intralink-;e004;326;235Ffusion ¼ Conv1×1ðCat½FL; FL−1; · · · ; F0�Þ; (4)

The rain streaks bS can be obtained:

EQ-TARGET;temp:intralink-;e005;326;194

bS ¼ Conv1×1fSE½ConvðFfusionÞ�g: (5)

Finally, we obtain the final estimated rain-free image bB
via Eq. (1):

EQ-TARGET;temp:intralink-;e006;326;138

bB ¼ O − bS: (6)

3.2 Deraining Unit
There are several deraining units used in previous deep-learn-
ing-based methods, shown in Figs. 2(a)–2(c), respectively.
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They either ignore the spatial contextual information or
the semantic correlation between channels or anything else,
all of which are important for single image deraining.
The above defects motivate us to propose a more effective
deraining unit that should contain spatial contextual informa-
tion and the semantic correlation.

In our proposed deraining unit, the spatial contextual
information can be obtained by using multidilation
convolutions17 to acquire larger receptive fields, which yield
the features at different levels, while leaving the parameters
unchanged. And 1 × 1 convolution is used to fuse these
features to obtain the uppermost information of rain streaks.
Moreover, we utilize squeeze-and-excitation16 to acquire the
semantic correlation that gives a weight to each channel,
where the weights reflect the semantic correlation between
channels. Our deraining unit is shown in Fig. 2(d); there
are two dilation convolutions and one squeeze-and-excita-
tion operations. Although the basic unit of RESCAN9 also
consists of dilation convolution and squeeze-and-excitation
operations, our basic unit is more effective. The reason is that
our designed deraining unit focuses more on the internal rela-
tion between different layers, which is reflected in the fusion
between different layers with different dilation factors in
a unit. However, the basic unit (GRU) of RESCAN9 only
has a kind of dilation convolution in a unit, which limits
the expressiveness of the network. In addition, the compar-
isons between the units of our proposed method and
RESCAN9 are shown in Table 3 and Fig. 8, and there is
more discussion in Sec. 4.5. All the results show that our
proposed deraining unit is more effective while using the
least parameters.

Next, we describe the proposed deraining unit mathemati-
cally as follows:

EQ-TARGET;temp:intralink-;e007;326;431yi ¼ Conv1×1½Catð½x0; Convðx0Þ�Þ�; i ¼ 3; 5; (7)

where x0 and yi denote the input signal and the tandem out-
put between x0 and Convðx0Þ, respectively. Although y3 and
y5 have seemingly the same expression from equation, they
are independent due to the using of 1 × 1 convolutions that
have different parameters.

Further, the spatial and contextual information can be
obtained by using dilation convolution with different factors,
while these operations also acquire the features at different
levels:

EQ-TARGET;temp:intralink-;e008;326;310zr ¼ ConvrðyrÞ; r ¼ 3; 5; (8)

where Convr and zr denote dilation convolution with dila-
tion factor r and corresponding output, respectively.

Lastly, the semantic correlation between channels can be
obtained by utilizing squeeze-and-excitation:16

EQ-TARGET;temp:intralink-;e009;326;235dru ¼ SEfConv1×1½Catð½Convðx0Þ; z3; z5�Þ�g; (9)

where dru denotes the final output of our proposed derain-
ing unit.

3.3 Loss Function
For the loss function, we use the MSE as our error metric:

EQ-TARGET;temp:intralink-;e010;326;145L ¼ 1

HWC

XH
t¼1

XW
s¼1

XC
k¼1

kbBt;s;k − Bt;s;kk22: (10)

where H, W, C denote the height, width, and channel
number of a rain-free image, respectively. bB and B denote
the estimated clean image and background image,

Fig. 1 Overall network framework. DRU is shown in Fig. 2(d).

Fig. 2 Some classic deraining units and ours. (a) Traditional convolution used in DCGAN.8 (b) Residual
block used in DDN.6 (c) Multistream dilation convolution used in JORDER.7 (d) Our proposed deraining
unit (DRU).
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respectively. Actually, this loss is equivalent to
1

HWC

P
H
t¼1

P
W
s¼1

P
C
k¼1 kbRt;s;k − Rt;s;kk22 according to the

rainy image decomposition [Eq. (1)]. bR and R denote
estimated rain streaks and corresponding ground truth,
respectively.

4 Experimental Results
In this section, we demonstrate the effectiveness of the pro-
posed method by conducting various experiments on three
synthetic datasets and a real-world dataset. The results
are compared with six state-of-the-art methods, including
DSC1 (ICCV15), LP3 (CVPR16), DDN6 (CVPR17),
JORDER7 (CVPR17), RESCAN9 (ECCV18), and DID11

(CVPR18).

4.1 Experiment Settings
Synthetic Datasets: We carry out deraining experiments on
three widely used synthetic datasets: Rain100L,7 Rain100H,7

and Rain1200.11 They have various rain streaks, including
different sizes, shapes, and directions. Rain100H and
Rain100L have 1800 images for training and 200 images
for testing, respectively. Rain1200 has 12,000 images for
training and 1200 images for testing. All testing datasets
are ensured to have different background images with train-
ing datasets. We select Rain100H as our analysis dataset in
this section.

Real-world datasets: Zhang et al.8 and Yang et al.7 also
provide some real-world images. We use these images to
check out the robustness on real-world images.

Quality measures: Peak signal-to-noise ratio (PSNR)33

and structure similarity index (SSIM)34 are widely used in
image restoration, which evaluate the quality of restored
results with ground truth. We use them as our measurement
criteria on synthetic datasets. As it is difficult to acquire
the ground truth for real-world images, we only evaluate
the performance on the real-world dataset visually.

Training details: We set empirically L ¼ 12 and the
number of channels is 8 and the nonlinear activation is
LeakyReLU with α ¼ 0.2 for all convolution layers. We
randomly crop 100 × 100 patch pairs from training image
datasets as inputs with a minibatch size of 10 to train our
network. The ADAM35 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 terminate
training after 400K iterations. We use PyTorch to perform
all experiments on an NVIDIA GTX 1080Ti GPU.

4.2 Results on Synthetic Datasets
Quantitative comparative results between the proposed
method and six state-of-the-art deraining methods are shown
in Table 1 on three synthetic datasets: Rain100H, Rain100L,
and Rain1200. There are two prior-based methods, DSC1

and LP,3 and four deep-learning-based methods, DDN,6

JORDER,7 RESCAN,9 and DID.11

As shown in Table 1, our methods obtain the highest
PSNRs and SSIMs on three synthetic datasets with the least
number of parameters. Compared with DID11 (CVPR18),
our parameters have been reduced by 88%, and the results
are superior to the results from that method.

We also provide several challenging synthetic examples
as visual comparisons. As the prior-based methods have
worse results than deep-learning-based methods on synthetic
datasets according to Table 1, we only provide one example,
shown in Fig. 3. As can be seen, the results of DSC1 shown in
Fig 3(b) and LP3 shown in Fig. 3(c) are unacceptable and our
result shown in Fig. 3(d) is clear and clean. We provide more
visual examples based on deep-learning methods in Fig. 4.
It is observed that our results shown in Fig. 4(f) better restore
texture information with fewer artifacts. The results of other
methods either have remaining rain streaks or blurred texture
information.

4.3 Results on Real-World Datasets
We further evaluate the performance of the proposed method
on a series of real-world rainy images.

We also illustrate one visual example compared with
prior-based methods in Fig. 5. The results of DSC1 and
LP,3 shown in Figs. 5(b) and 5(c), respectively, fail to recover
a rain-free image and are unacceptable. Our result shown in
Fig. 5(d) obtains a clearer rain-free image and has superior
performance to the others.

We also provide several examples compared with deep-
learning-based methods, including JORDER7 shown in
Fig. 6(b), DDN6 shown in Fig. 6(c), RESCAN9 shown in
Fig. 6(d), and DID11 shown in Fig. 6(e). The results of
DID11 shown in (e) retain some rain streaks. The second
and third results of RESCAN9 shown in (d) have more
artifacts than ours. The results of DDN6 shown in (c)
blur the backgrounds and still retain some rain streaks.
The results of JORDER7 shown in (b) always result in
darker restored images. Our proposed method has the
best performance.

Table 1 Quantitative experiments evaluated on three synthetic datasets. The best and the second best results are boldfaced and italicized.
Numbers in parentheses indicate the parameter reduction.

Dataset

DSC1 LP3 DDN6 JORDER7 RESCAN9 DID11 Ours

PSNR SSIM 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 25.92 0.84 26.12 0.83 27.18 0.86

Rain100L 24.16 0.87 29.11 0.88 34.85 0.95 36.11 0.97 36.12 0.97 36.14 0.96 37.38 0.98

Rain1200 21.44 0.79 22.46 0.80 30.95 0.86 29.75 0.87 32.35 0.89 29.65 0.90 32.60 0.91

Parameter — — 58,175 (−21%) 369,792 (−88%) 54,735 (−16%) 372,839 (−88%) 46,327
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4.4 Ablation Study
It is meaningful to discuss the effectiveness of every compo-
nent in our proposed deraining unit. As our deraining unit
consists of dilation convolutions and squeeze-and-excitation
operations, the effect on the two operations will be discussed.
The results are shown in Table 2 and both dilation convolu-
tion and squeeze-and-excitation operations are effective for
deraining results. Specifically, the PSNR and SSIM increase
by 0.33 dB and 2%, respectively, compared with the base-
line, while the number of parameters is almost equal.

• BL: Baseline denotes the network without dilation con-
volution and squeeze-and-excitation operations.

• BL + DC: Adding dilation convolution to baseline.

• BL + SE: Adding squeeze-and-excitation operation to
baseline.

• BL + DC + SE: Adding dilation convolution and
squeeze-and-excitation operations to baseline, i.e.,
our proposed network.

We also show an example as visual comparison in Fig. 7.
It can be observed that our proposed method has fewer
artifacts and better restores texture information.

4.5 Analysis on Different Deraining Units
There are several different deraining units in previous derain-
ing models, such as traditional convolution (TC), residual
block (RB), multistream dilation convolution (MSDC), and

Fig. 3 One example in synthetic datasets compared with prior-based deraining methods. From left to
right, input, the deraining results of DSC,1 LP,3 ours, and GT, respectively. It is obvious that our method
far outperforms other methods.

Fig. 4 Three examples in synthetic datasets compared with deep-learning-based deraining methods.
(a–g) Input, the deraining results of JORDER,7 DDN,6 RESCAN,9 DID,11 ours, and GT, respectively.
Our results shown in (f) better restore texture information and are clearer than others. And the results
of JORDER7 always restore to be darker.

Fig. 5 One example in real-world datasets compared with prior-based deraining methods. (a–d) Input,
the deraining results of DSC,1 LP,3 and ours, respectively. It is obvious that our method is much better
than other methods.
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gated recurrent unit (GRU), which were used in Refs. 6–9,
respectively. It is necessary to explore why our deraining unit
is more effective. We carry out several experiments replacing
our proposed deraining unit by another one. It is ensured that
the parameters are nearly equal. The comparative results are
illustrated in Table 3, and we can see that our result gains the
highest metrics on PSNR and SSIM while using the least
number of parameters.

Furthermore, we also provide a visual example in Fig. 8.
It is obvious that the result of our deraining unit shown in
Fig. 8(f) has better performance and fewer artifacts.

A natural question is why our results are better than
other deraining units. For this purpose, we show the visu-
alization of feature maps on the fusion layer, shown in
Fig. 9. Our results shown in the last row have the better
expression of rain streaks layer than others. The others fail
to capture accurately the rain streaks layer so that the results
of the whole network, shown in Table 3 and Fig. 2, are
inferior to ours. It also demonstrates that our proposed

deraining unit is more effective, which is based on the spa-
tial contextual information and the semantic correlation
between channels.

4.6 Effect of Network Size
In the end, we discuss the effect of network size. Why do we
choose 8 channels and 12 deraining units as our network set?
The results on the different number of channels and derain-
ing units are shown in Table 4. We can observe that the result
is undesirable when the network size is small (C ¼ 6 and
L ¼ 10), and the result is fantastic when the network is
big (C ¼ 10 and L ¼ 14), but the parameters are too many.
The performance is satisfactory and the number of parame-
ters is fewer when C ¼ 8 and L ¼ 12, so we select them as
our network set. Combining Tables 1 and 4, we can see that
our proposed method is far better than all the state-of-the-art
methods when we select C ¼ 10 and L ¼ 14. And the results
are also comparable with other state-of-the-art methods
when we select C ¼ 6 and L ¼ 10 and we use only 21,511

Fig. 6 Another several examples in real-world datasets compared with deep-learning-based deraining
methods. (a–f) Input, the deraining results of JORDER,7 DDN,6 RESCAN,9 DID,11 and ours, respectively.
Our results shown in (f) obtain clearer texture information and have fewer artifacts than others, while
the parameters are the least.

Table 2 Ablation study on the proposed deraining unit. The best
result is boldfaced.

BL BLþ DC BLþ SE
BLþ DC þ SE

(default)

PSNR 26.85 27.08 26.95 27.18

SSIM 0.84 0.85 0.85 0.86

Parameters 46,243 46,243 46,327 46,327

Fig. 7 A visual example on ablation study. (a–f) Input, the deraining results of BL, BL + DC, BL + SE,
BL + DC + SE, and GT, respectively. The result of our proposed final model, i.e., the combination of
BL + DC + SE shown in (e), has fewer artifacts than others.

Table 3 The effectiveness of our proposed DRU compared with
several common convolution units. The best result is boldfaced.

TC RB MSDC GRU DRU (ours)

PSNR 26.23 26.29 26.45 26.06 27.18

SSIM 0.83 0.83 0.83 0.83 0.86

Parameters 51,969 51,969 46,666 47,418 46,327
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parameters. This also demonstrates the effectiveness of our
proposed method.

5 Conclusion
In this paper, we propose a more effective deraining unit,
which consists of dilation convolutions and squeeze-
and-excitation operations. Dilation convolutions make our
deraining unit obtain larger receptive fields while leaving

the parameters unchanged and squeeze-and-excitation
acquire semantic correlation between channels. Both these
operations make our network have the stronger representa-
tive ability of rain streaks. As the dense connections can
maximize the information flow along features from different
levels, they are applied as the connection style of our net-
work. Quantitative and qualitative experimental evaluations
on both synthetic datasets and real-world images show the
effectiveness of the proposed network for single image
deraining, while our proposed method has fewer parameters.
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