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Abstract
Rainy images severely degrade the visibility and make many computer vision algorithms
invalid. Hence, it is necessary to remove rain streaks from single image. In this paper, we
propose a novel network to handle with single image de-raining, which includes two mod-
ules: (a) multi-scale kernels de-raining layer and (b) multi-scale feature maps de-raining
layer. Specifically, as spatial contextual information is important for single image de-
raining, we develop a multi-scale kernels de-raining layer, which can utilize the multi-scale
kernel that has receptive fields with different sizes to further capture the contextual informa-
tion and these features are fused to learn the primary rain streaks structures. Moreover, we
illustrate that convolution layers at different scales have similar structure of rain streaks by
statistical pixel histogram and they can be processed in the same operation. So, we deal with
the rain streaks information at different scales by using multi-scale kernels de-raining layers
with shared parameters, where we call this operation as multi-scale feature maps de-raining
layer. Finally, we employ dense connections to connect multi-scale feature maps de-raining
layers to maximize the information flow along features from different levels. Quantitative
and qualitative experimental results demonstrate the superiority of proposed method com-
pared with several state-of-the-art de-raining methods, while the parameters of our proposed
method are greatly reduced that benefits from the proposed shared parameters strategy at
different scales

Keywords De-raining · Convolutional neural network · Dense connections · Multi-scale ·
Shared parameters

1 Introduction

Image processing is an important research field that it plays an important role for artificial
intelligence domain and usually acts as preprocessing for numerous applications. Rainy
images often degrade the visibility and they make the background scene misty, which will
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seriously influence the accuracy of many computer vision systems, e.g., object detection,
object tracking, video surveillance and so on. So, it is necessary to propose an effective
algorithm to de-rain from images.

Mathematically, the physical model of a rainy image can be expressed as:

O = B + R (1)

where O, B and R denote rainy image, background image (also called rain-free image)
and rain streaks, respectively. Equation (1) is an ill-posed problem that there are numerous
solutions of B, R for a given O, theoretically. In the past decades, many researchers have
devoted their attention to solving the problem. In early time, some traditional de-raining
methods are proposed to restraint the solution space, e.g., sparse coding [21], low rank
representation [3] and the Gaussian mixture model [16]. The traditional methods to single
image de-raining explore certain prior information on physical characteristics of rain streaks
and model it as a signal separation problem [3, 16, 21], or directly regard it as an image
filtering problem and solve by resorting to nonlocal mean smoothing [14]. However, since
these models are based on handcrafted low-level features and fixed the priori rain streaks
assumptions, they can only cope with rain drops of specific shapes, scales and density, and
can easily lead to the destruction of image details which are similar to rain streaks. Hence,
a more effective de-raining method, which can process most of rainy conditions, is needed.

Recently, due to powerful ability of feature representation, convolutional neural network
(deep learning) have achieved great success in many computer vision domains, e.g., object
detection [34], object tracking [41], semantic segmentation [20], debluring [23], dehazing
[2, 17, 27, 39], super resolution [4, 5, 37], other signal processing problems [22, 24, 25,
30, 31] and also de-raining [6, 7, 18, 19, 36, 38, 40]. These deep learning based de-raining
methods have gained a huge improvement and been demonstrated to be more effective than
traditional methods. Although the deep-learning based methods work very well, there are
still existing several unsolved shortcomings. Our summary is as follows.

Firstly, spatial contextual information is important for single image de-raining, which
reflects on the larger receptive fields in an image or feature maps [10] that different rain
streaks need different receptive fields to process. Several methods [6, 7] neglect this char-
acteristic, which limits the robustness of the algorithms. Secondly, most methods [6, 7, 18,
19, 38] only consider the single scale features that will lose lots of important information.
Although some methods [36, 40] consider the multi-scale pattern by using multi-stream
dilation convolution or multi kernels with different convolution kernel sizes, the price is
which will greatly increase the number of the parameters. And, for multi-scale feature maps,
there are fewer articles to consider them to the de-raining task, while why the multi-scale
feature maps can boost de-raining performance under the shared parameters is not explored.
Moreover, several deep-learning based methods [6, 7, 19, 36, 38] ignore the information
flow along features from different levels, which leads to loss much useful information.

To resolve these issues, we propose a novel end-to-end network for single image de-
raining. Our network is composed of two modules: (a) multi-scale kernels de-raining layer
and (b) multi-scale feature maps de-raining layer. Firstly, multi-scale kernel de-raining layer
consists of several dilation convolutions that can obtain spatial contextual information with
different sizes, while leading the number of parameters unchanged compared with convolu-
tion kernels with different sizes. We also call the dilation convolutions with different factors
as multi-scale kernels. Then, the features at different levels are fused by using 1 × 1 con-
volution to learn the primary rain streaks information. Secondly, we consider multi-scale
feature maps into our network. As features at different scales in the same layer have sim-
ilar structures, we can use the same multi-scale kernels de-raining layer to process, where
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the weights in every multi-scale kernels de-raining layer are shared for each scale feature
maps. Lastly, dense connections connect multi-scale feature maps de-raining layer that can
maximize the information flow along features from different levels.

Here, our contributions are:

– We develop multi-scale kernels de-raining layer to obtain more spatial contextual infor-
mation and they are fused to extract the primary rain streaks information. And the
effectiveness of this layer is demonstrated in this paper.

– We illustrate that convolution layers at different scales have similar structure of rain
streaks by statistical pixel histogram and they can be processed in the same opera-
tion. The theory will provide powerful tools for future de-raining methods with small
models.

– As the weights of the proposed multi-scale kernels de-raining layer are shared for each
scale in multi-scale feature maps de-raining layer, our network has the less number of
parameters than the previous deep-learning based methods.

– Quantitative and qualitative experimental evaluations on both synthetic and real-world
datasets show that our proposed network outperforms the state-of-the-art methods.

2 Related work

Existing de-raining methods can be divided into two categories, including video based meth-
ods and single image based methods. Compared with single image de-raining, video based
methods [1, 8, 8, 29, 32] are easier, because they can leverage temporal information by
analyzing the difference between adjacent frames. In this paper, we focus on single image
de-raining.

As aforementioned, single image based de-raining methods can be divided into two cate-
gories, including prior based methods and deep-learning based methods. In this section, we
provide a brief review of these methods.

Prior based methods De-raining starts from traditional methods. Kang et al. [13] assume
that rain streaks are high frequency structure and separate the rain streaks by utilizing sparse
coding from HOG features in high frequency layer . Luo et al. [21] propose a discriminative
sparse coding framework based on image patches and separate rain streaks from rain-free
background images. Chen et al. [3] believe that rain streaks layer is low-rank and utilize
generalized low rank model to separate rain streaks.

Deep-learning based methods Recently, several deep learning based deraining methods
achieve promising performance. Fu et al. [7] [6] firstly introduce deep-learning methods to
single image de-raining. They decompose rainy images into low- and high-frequency parts
by guided filter and map high-frequency parts to rain streaks by a residual network, lastly
utilize (1) to obtain clean image. Yang et al. [36] propose a deep-learning frame, where
they jointly detect and remove rain streaks using a recurrent contextual convolutional neural
network. Li et al. [18] propose a non-local enhanced encoder-decoder network that maps
rainy images to clean image via learning the residual. Li et al. [19] propose a recurrent
squeeze-and-excitation [9] context aggregation net for single image de-raining. Zhang et
al. [40] present a density-aware guided multi-stream connected network to jointly estimate
rain density and clean images. Shi et al. [42] develop a new rainy image model to describe
rain scenes at night with low illumination. And based on the model, they propose a joint
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deep neural network-based method for single nighttime rainy image enhancement. Qian et
al. [26] come up with an attentive generative adversarial network for raindrop removal from
a single Image.

3 Proposedmethod

The proposed network mainly consists of two modules: (a) multi-scale kernels de-raining
layer (MSKDL) and (b) multi-scale feature maps de-raining layer (MSFMDL). The multi-
scale kernels de-raining layer is designed to obtain the more spatial contextual information
by using several dilation convolutions. Moreover, features at different scales in the same
layer are processed by the same multi-scale kernels de-raining layer due to their similar
feature structures. This is also called multi-scale feature maps de-raining layer. The overall
network framework is shown in Fig. 1. The multi-scale kernels de-raining layer and multi-
scale feature maps de-raining layer are shown in Fig. 2a and b, respectively.

3.1 Overall network framework

The overall network framework is shown in Fig. 1. As rain streaks have simpler structures
than background images, they are easier to learn. Hence, the network maps rainy images to
rain streaks and then obtain final clean images via (1). Moreover, as dense connections [11]
can maximize the information flow along features from different levels, we select them as
the connection style of the network. Several multi-scale feature maps de-raining layers and
the dense connections make up our network.

The network can be formulated as followings:

F0 = Conv(O), (2)

where O denotes rainy image. Conv denotes 3 × 3 convolution. We call this operation as
Enter layer that is to convert image space into feature space.

Dense connections are used to connect several MSFMDLs in order to maximize the
information flow:

Fi = MSFMDLi(Conv1×1(Cat[Fi−1, Fi−2, · · · , F0])), (3)

where Fi is the output of i − th MSFMDL and i = 1, · · · , L. L is the number of
MSFMDLs. Cat denotes concatenation operation at the dimension of channel. Conv1×1
denotes 1 × 1 convolution and MSFMDL denotes our proposed multi-scale feature maps
de-raining layer, shown in Fig. 2b.

The fusion layer cascades all MSFMDLs in order to obtain features at different levels:

Ff usion = Conv1×1(Cat[FL, FL−1, · · · , F0]), (4)

Fig. 1 Overall network framework. MSFMDL is shown in Fig. 2 b
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(a) (b)

Fig. 2 a Multi-scale kernels de-raining layer (MSKDL). b Multi-scale feature maps de-raining layer
(MSFMDL) that MSKDL is shown in (a) and the parameters of each MSKDL are shared at different scales.
US denotes up-sampling and S denotes scale factor

Then, the rain streaks ̂S can be got:

̂S = Conv1×1(Conv(Ff usion)), (5)

Finally, we obtain the final estimated clean image ̂B via ( 1):

̂B = O − ̂S, (6)

3.2 Multi-scale feature maps de-raining layer

As features at different scales in the same layer have similar structures, a novel multi-scale
feature maps de-raining layer is proposed, shown in Fig. 2b, where we use shared parameters
to process multi-scale feature maps information of rain streaks. Firstly, pooling operations
with different kernels and strides are used to obtain multi-scale features. Then, the same
multi-scale kernels de-raining layer illustrated in Fig. 2a further process rain streaks infor-
mation at different scales. Lastly, 1 × 1 convolution is used to fuse multi-scale features in
order to extract the main rain streaks information.

This process can be described in maths:

Pi = Poolingi(x), i = 1, 2, · · · , 2I−1. (7)

where x and Pi denote the input signal and the obtained multi-scale feature maps, respec-
tively. Poolingi denotes the pooling operation with i × i kernel and stride size. i and I

denote scale factor and the maximum of scale factors, respectively.
The feature maps at different scales are obtained:

yi = MSKDL(Pi), i = 1, 2, · · · , 2I−1. (8)

where MSKDL denotes our proposed multi-scale kernels de-raining layer presented in
Fig. 2a and it will be introduced in Section 3.3 and yi denotes the corresponding output. The
parameters of MSKDL are shared, which is based on that convolution layer at different
scales have similar rain streaks feature structures.
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Finally, the fusion of multi-scale features is:

MSFMDL = Conv1×1(Cat[S1(y1), S2(y2), · · · , S2I−1(y2I−1)]), (9)

where Si denotes i× upsampling, i = 1, 2, · · · , 2I−1. MSFMDL denotes the output of
multi-scale feature maps de-raining layer.

3.3 Multi-scale kernel de-raining layer

As spatial contextual information is important for single image de-raining [10] that can be
obtained by multi-scale kernels information, we propose a de-raining layer based on several
dilation convolutions, shown in Fig. 2a. Multi dilation convolutions are used to obtain more
spatial contextual information, where the multi-scale kernels information also is acquired
by the different dilation factors. Then 1 × 1 convolution is utilized to fuse the multi-scale
kernels information in order to extract the most useful rain streaks features.

The process can be described mathematically:

zr = Convr(x), r = 1, 3, · · · , 2D − 1, (10)

where Convr and zr denote dilation convolution with dilation factor r and corresponding
output, respectively.D denotes the number of dilation convolutions. In this paper, the default
number of D is 3 and the effect on it will be discussed in Section 4.4.2.

Then different layers are fused as:

zs,t = Conv1×1(Cat[zs, zt ]), (11)

zs,t denote fusion output between different convolution layers, shown in Fig. 2a.
The final output of de-raining layer is:

MSKDL = Conv1×1(Cat[z1,3, z3,5]), (12)

3.4 Loss function

We use MSE as error metric:

L = 1

HWC

H
∑

h=1

W
∑

w=1

C
∑

c=1

‖̂Bh,w,c − Bh,w,c‖22. (13)

where H, W and C denote the height, width and channel number of a rain-free image,
respectively. ̂B and B denote estimated clean image and background image, respectively.
Actually, this loss is equivalent to 1

HWC

∑H
t=1

∑W
s=1

∑C
k=1‖̂!Rh,w,c − Rh,w,c‖22 accord-

ing to the rainy image decomposition (1). ̂R and R denote estimated rain streaks and
corresponding ground-truth, respectively.

4 Experimental results

In this section, we demonstrate the effectiveness of the proposed method by conducting
various experiments on four synthetic datasets and a real-world dataset. All the results
are compared with six state-of-the-art methods: DSC [21] (ICCV15), LP [16] (CVPR16),
DDN [7] (CVPR17), JORDER [36] (CVPR17), RESCAN [19] (ECCV18), DID [40]
(CVPR18). We also compare our method with two state-of-the-art methods, PreNet [28]
(CVPR19) and SpaNet [35] (CVPR19), on the real-world datastet.
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4.1 Experiment settings

Synthetic datasets We conduct de-raining experiments on four widely used synthetic
datasets: Rain100L [36], Rain100H [36], Rain1200 [40] and Rain1400 [7]. These four
datasets include various rain streaks that have different sizes, shapes and directions.
Rain100H and Rain100L have 1800 images for training and 200 images for testing, respec-
tively. Rain1200 has 12000 images for training and 1200 image for testing. Rain1400 has
13600 images for training and 1400 image for testing. All the datasets are ensured that
all the testing datasets have different background images with training datasets. We select
Rain100H as our analysis dataset in this section.

Real-world datasets Zhang et al.[38] and Yang et al. [36] also provide some real-world
images and we also download a number of rainy images from Google. We use these images
to evaluate out the robustness on real-word images.

Quality measurements Peak signal to noise ratio (PSNR) [12] and structure similarity
index (SSIM) [33] are widely used in image restoration, which evaluates the quality of
restored results with groundtruth. We also use them as our measurement criteria on synthetic
datasets. As it is difficult to acquire the groundtruth for real-world images, we only evaluate
the performance on the real-world dataset visually.

Training details We set L = 8, I = 3. The number of channels is 10 and the non-linear
activation is LeakyReLU with α = 0.2 for all convolution layers. We randomly crop 128 ×
128 patch pairs from training image datasets as inputs with a mini-batch size of 10 to train
our network. ADAM [15] is used as the optimization algorithm with initialized learning rate
of 0.001, and the rate is 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. As our entire model is fully convolutional, the testing process only takes 0.030
seconds when handling a test image with 512×512 pixels on a PC with a GTX 1080Ti GPU.

4.2 Results on synthetic datasets

Quantitative comparisons between the proposed method with six state-of-the-art de-raining
methods on four synthetic datasets are shown in Table 1. There are two prior based methods,
including DSC [21] and LP [16], and four deep-learning based methods, including DDN [7],
JORDER [36], RESCAN [19] and DID [40]. Please see all the figures at screen!

As shown in Table 1, compared with prior based methods, there has been a huge improve-
ment in our results. For deep-learning based methods, RESCAN [19] and DID [40] only
have the highest PSNR on Rain1200 and Rain1400 datasets, respectively. However, our net-
work has greatly reduced the number of parameters and the performance on the four datasets
is superior. Compared with DID [40] (CVPR18), the number of parameters of our proposed
net have been reduced by 91 percent, while the results are superior to theirs on most datasets.
When the net has light weights (L = 6 and C = 8), as illustrated in the penultimate column
of Table 1, it also is comparable with other state-of-the-art methods and even beyond most
of other methods. This also demonstrates the effectiveness of the proposed method.

We provide several challenging examples as further visual comparisons. Firstly, we pro-
vide several examples compared with prior based methods, including DSC [21] and LP [16],
as presented in Fig. 3. It is obvious that the results of the two prior based methods, shown
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Fig. 3 Several examples in synthetic datasets compared with priors based de-raining methods. It is obvious
that our method is much better than other methods

in Fig. 3b and c, are unacceptable, while our method is far beyond other prior based meth-
ods. Then, we also provide several examples compared with deep-learning based methods
in Fig. 4. Our results, shown in Fig. 4f, have clearer texture and less artifacts than others,
while the number of parameters is the least.

4.3 Results on real-world datasets

To further verify the effectiveness of the proposed method, we provide several real-world
examples. Firstly, we provide some real-world examples compared with prior based meth-
ods [16, 21], shown in Fig. 5. It is obvious that our method gains the best performance.
While the other results, shown in Fig. 5b and c, have large amount of residual rain streaks.
Then, we provide several examples compared with deep-learning based methods [7, 19, 36,
40]. For the first example, our result in the first row of Fig. 6f gains the best performance
and has less artifacts. For the second example, our result in the second row of Fig. 6f is
cleaner in the red masked boxes and cleaner from the global perspective. And the result
of JORDER, shown in the second row of Fig. 6b, is to be darker that changes the original
image. For the third example, our result, shown in the third row of Fig. 6f, gains better tex-
ture information in green masked box and the results of the other methods are blurred at
corresponding position.

Moreover, we also provide several examples on real-world dataset compared with
PreNet [28] and SpaNet [35] shown in Fig. 7. We can observe that our method is able to gen-
erate better and clearer de-raining performance using only about 30000 parameters, while
other approaches maintain a number of rain streaks.

4.4 Internal analysis

Firstly, it is meaningful to discuss the effectiveness of dilation convolution, multi-scale
fusion and dense connections, which are the basic components of our proposed network,
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Fig. 4 Several examples in synthetic datasets compared with deep-learning based de-raining methods. Our
results shown in f are the best than others. And the results of JORDER [36] always restore to be darker

Fig. 5 Several examples in real-world datasets compared with priors based de-raining methods. It is obvious
that our method is much better than other methods
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Fig. 6 Several examples in real-world datasets compared with deep-learning based de-raining methods. Our
results shown in f have less artifacts and obtain clearer texture information than others

which takes place in Section 4.4.1. Secondly, different numbers of scales and dilation con-
volutions also affect the de-raining results that we discuss their effect in Section 4.4.2.
Thirdly, as different numbers of channels and MSFMDLs also affect our results, we discuss
them in Section 4.4.3. Hence, in this section, we give a number of discussion to analyze our
proposed network by carrying out a large number of experiments.

4.4.1 Ablation study on basic component

We discuss the effectiveness of the each basic component and the results are shown in
Table 2. Single denotes our network without multi-scale feature maps fusion. No-dense
denotes the network without dense connections. No-dilation denotes the proposed network
is without dilation convolutions, i.e. our network is without multi-scale kernels information
that is a single common convolution replacing multi-scale kernels de-raining layer. Ours
denotes our proposed final network that possesses multi-scale feature maps operation, dense
connections and dilation convolutions (multi-scale kernels). Our default network obtains the
highest measurements on both PSNR and SSIM. Specially, the dense connections greatly
improved our results. Further, we provide a visual example as comparison. Our result shown
in Fig. 8e has fewest artifacts and the best visual performance than the others.

4.4.2 Analysis on the number of scales and dilation convolutions

We show the results of different numbers of scales (the levels of pooling operation) and
dilation convolutions in Table 3. It can be observed that the results are better when we select
I = 3 and D = 3, while the parameters are less. The results do not become any better
when the scales and dilation convolutions increase and the number of parameters becomes
more. Moreover, the results are unsatisfactory when the scales and dilation convolutions are
decreased. From the above analysis, we select I = 3 and D = 3 as our network settings.

4.4.3 Analysis on the numbers of channels and MSFMLs

Further, we discuss the effect of different numbers of channels and MSFMLs on results,
shown in Table 4.
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Fig. 7 Several examples in real-world datasets compared with results of two CVPR’19 methods: PreNet and
SpaNet

Table 2 Ablation study on basic component

Metric Single No-dense No-dilation Ours

PSNR 26.25 25.33 26.40 27.08

SSIM 0.83 0.78 0.83 0.85

Parameters 28,103 30,583 35,173 35,173



Multimedia Tools and Applications

Fig. 8 An example of basic component. Our result shown in e has the best performance

Table 3 The results on different number of scales and dilation convolutions

Metrics I = 2 I = 3 (Default) I = 4

D = 2 PSNR 26.17 26.55 26.81

SSIM 0.83 0.84 0.84

Parameters 23,733 24,533 25,333

D = 3 (Default) PSNR 26.66 27.01 27.10

SSIM 0.84 0.85 0.85

Parameters 34,373 35,173 35,973

D = 4 PSNR 26.83 27.05 27.22

SSIM 0.84 0.85 0.85

Parameters 41,653 42,453 43,253

I and D denotes the number of scales and dilation convolutions, respectively

Table 4 The results on different number of channels and MSDRLs

Metrics C = 8 C = 10(Default) C = 12

L = 6 PSNR 26.21 26.42 26.91

SSIM 0.83 0.84 0.85

Parameters 16,843 26,113 37,407

L = 8 (Default) PSNR 26.54 27.01 27.26

SSIM 0.83 0.85 0.86

Parameters 22,667 35,173 50,415

L = 10 PSNR 26.76 27.37 27.62

SSIM 0.84 0.86 0.86

Parameters 28,747 44,633 63,999

C and L denotes the number of channels and MSDRLs, respectively
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Fig. 9 The visualization from multi-scale kernels de-raining layer at the first multi-scale feature maps de-
raining layer. From top to bottom, dilation factor with 1, 3, 5, and the fusion out, respectively

Combining Tables 1 and 4, we can see that the results are comparable with other state-
of-the-art methods when C is 8 and L is 6, while the parameters only have 16,843. With the
numbers of channels and MSDRLs increasing, the results become more satisfactory but the
network has heavier weights. It obtains better performance when L is 8 and C is 10, while
the parameters are less. Hence, we select them to set our network.

4.5 Analysis onmulti-scale kernels

To better verify the effectiveness of our proposed multi-scale kernels de-raining layer, we
illustrate the visualization of feature maps on different dilation factors in the first multi-scale
feature maps de-raining layer in Fig. 9. We can observe that the feature maps on different
dilation factors, shown in the first three rows in Fig. 9, pay attention to either background
or rain streaks. The last rows in Fig. 9 show the fusion results that only focus on rain streaks
rather than background. This design makes our network have more stronger rain streaks
representation ability and also illustrate that our proposed multi-scale kernels de-raining
layer is effective.

4.6 Analysis onmulti-scale feature maps

Convolutional features at different scales have similar structures, we show the visualization
of feature maps at different scales at 1st MSFMDLs and their pixel histograms, shown
in Fig. 10. We can see that they have similar feature structures, shown in 1st − 3rd and
5th−7th rows of Fig. 10. The corresponding pixel histograms at different scales are shown
in 4th and 8th rows of Fig. 10. They have the same or similar pixel distribution. Further, we
compare their gradients at different scales shown in Fig. 11. They also have similar feature
structures and the same or similar pixel histograms. From the visualization of feature maps
and their gradients at different scales and corresponding pixel histograms, we believe that
the features at different scales have similar structures. This further supports our research
basics in this paper.

5 Conclusion

In this paper, we propose a more effective de-raining network, which is based on multi-
scale information from kernels and feature maps. Multi-scale kernels improve the de-raining



Multimedia Tools and Applications

Fig. 10 The visualization of feature maps at different scales and their pixel histograms. SF in pixel his-
tograms denotes scale factor. From top to bottom, scale factor is 1, 2 and 4, respectively. The pixel histograms
of different scales are shown blew the corresponding feature maps

performance and the multi-scale feature maps based on the same or similar feature maps by
statistical pixel histogram greatly reduce the number of parameters. Both of the two multi-
scale methods boost our de-raining performance, while using less parameters. Quantitative
and qualitative experimental results demonstrate the superiority of proposed method com-
pared with several state-of-the-art de-raining methods on Rain100H, Rain100L, Rain1200,
Rain1400 datasets and real-world datasets.
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Fig. 11 The gradient visualization of feature maps at different scales and their pixel histograms. From top to
bottom, scale factor is 1, 2 and 4, respectively.

In the future work, we will attempt to apply the multi-scale manner to other low-level
vision tasks and we also will further explore the de-raining methods with small models by
studying the property of convolutional neural network.

Different loss function may influence our deraining performance and different acquired
manner of multi-scale maybe affect the behavior of the network. We will explore these
limitations to further develop single image de-raining methods with small models.
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