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ABSTRACT

Images captured in rainy outdoor usually have poor visual
quality due to the appearance of raindrops blur or rain streak-
s in the image. For many practical vision systems, such as
autonomous driving and video surveillance, this problem is
urgently required to be solved. In this work, a novel network
for single image de-raining has been proposed. The proposed
network consists of three stages, encoder stage, Dense Non-
Local Residual Block (DNLRB) stage, and decoder stage. To
better capture spatial contextual information, which has been
analyzed to be meaningful for image de-raining [1], we adop-
t squeeze-and-excitation enhancing on feature maps in each
convolution layer. We also embed non-local mean operations
in DNLRB, which effectively leverages spatial contextual in-
formation for extracting rain components. Quantitative and
qualitative experimental results demonstrate the superiority of
the proposed method compared with the state-of-the-art de-
raining methods.

Index Terms— Image de-raining, Convolutional Neu-
ral Network (CNN), squeeze-and-excitation, non-local mean,
dense network

1. INTRODUCTION

Images and videos taken under rainy conditions tend to con-
tain unpleasing artifacts produced by raindrops. Formed by
different speeds and different orientations of raindrops, these
artifacts often appear as raindrops blur or rain streaks with
various density levels in the captured images. This impair-
ment severely affects the performance of many practical vi-
sion systems, especially for some image understanding and
recognition tasks, such as object detection and tracking in au-
tonomous driving and video surveillance.

This paper is to address rain components removal prob-
lem from a single image. The goal is to recover a clean image
from the observed rainy image, usually by estimating the rain
components and then removing them. Most early methods
attempt to explore additional prior information to make the
problem more tractable. Image priors or combinations of d-
ifferent kinds of image priors, such as sparse coding [2] and
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low-rank representation [3], may be the most commonly used
priors in early de-raining methods.

Another line is recent deep learning based rain removal
methods [4, 5, 6]. Yang et al. [5] consider various rain-density
levels with different orientations and scales and synthesize a
large-scale dataset for training. Li et al. [6] propose a stage-
by-stage Recurrent Squeeze-and-Excitation Context Aggre-
gation Net (RESCAN) to remove various kinds of rain streak-
s. These CNN-based de-raining methods have achieved better
performance than conventional ones. However, most of exist-
ing CNN-based methods process local image patches or limit-
ed receptive fields and neglect spatial contextual information
in a larger region, which has been analyzed to be useful for
image de-raining [1].

In this paper, we propose a novel deep network for single
image de-raining. Indeed, we intend to learn the transforma-
tion from an input image to the rain component layer. Con-
sidering the significance of spatial contextual information, we
adopt squeeze-and-excitation enhancing on feature maps to
adaptive calibrate the feature response and enhance the rep-
resentation of feature maps. In addition, to better leverage s-
patial contextual information for extracting rain components,
non-local mean operations are utilized in the dense non-local
residual block. Experimental results compared with state-of-
the-art methods demonstrate the effectiveness of our work.

2. RELATED WORK

In this section, we briefly discuss some existing relevant sin-
gle image de-raining methods and put the proposed method
in the proper context.

There are a number of methods proposed in the past
decades to detect and remove raindrops. The work of Tripathi
and Mukhopadhyay [7] provides an overview of a series of
video-based de-raining methods. For video-based de-raining,
a critical and valuable prior is temporal information on adja-
cent frames, which can be exploited to effectively remove the
rain components. In comparison, single image de-raining can
be more challenging, as there is no additional known infor-
mation except for an input degraded image.

In general, single image de-raining methods can be divid-
ed into two categories, prior based methods and deep learning
based methods. Sparse coding based methods [2, 8, 9], low-



rank representation based methods [3], non-local mean fil-
ter [10], and Gaussian Mixture Models (GMMs) based meth-
ods [11] are a few typical de-raining methods. Kang et al. [2]
separate the rain streaks from high-frequency layer by sparse
coding from HOG features. Luo et al. [8] propose discrim-
inative sparse coding in order to separate rain streaks from
background images. Chen et al. [3] propose a generalized
low rank model that the rain streak layer is assumed to be
low-rank. Kim et al. [10] use non-local mean filter to detect
rain streaks and removed them. Li et al. [11] propose to uti-
lize GMMs which acts as a prior to decompose a rainy image
into background and rain streaks layer.

Recently, deep learning based image processing has
acquired tremendous progress. Many low-level vision
tasks benefit from deep CNN, such as single image super-
resolution [12], deblurring [13], dehazing [14], style-
transfer [15], denoising [16, 17], and de-raining. [4] and [19]
first introduce deep learning methods to de-raining problem.
They decompose a rainy image into low-frequency base layer
and high-frequency detail layer to extract the rain streaks lay-
er via a CNN. Yang et al. [5] propose a recurrent network to
jointly detect and remove rain streak step by step. Zhang et
al. [20] propose a generative adversarial network (GAN) to
handle single image de-raining, and use the perceptual loss to
improve the final result. Specially, Li et al. [21] give a com-
prehensive benchmark analysis among de-raining methods.

For most of these methods, CNN is regarded as a power-
ful tool to learn how the input rainy images are transformed
to rain-free images. So, in this paper our proposed method is
a CNN-based single image de-raining method. We construc-
t a network to form a function which maps the input image
to the rain component layer. Based on a simple rainy image
decomposition model, the final estimated rain-free image can
be obtained by substraction. We adopt squeeze-and-excitation
enhancing to capture spatial contextual information and lever-
age spatial contextual information for extracting rain com-
ponents via non-local mean operations. Experiment results
show that the proposed method achieve good performance on
rain components removal compared with the state-of-the-art
de-raining methods.

3. PROPOSED METHOD

In this section, we introduce the proposed de-raining method
in details. We present the specific rainy image formation mod-
el in Section 3.1. Section 3.2 describes our method and the
overall architecture of the proposed network.

3.1. Rainy image formation model

Mathematically, one rainy image is commonly modeled by a
linear combination of a rain-free background scene and a rain
components layer, which can be expressed as

O = B +R, (1)

where O denotes the observed rainy image, B denotes the
rain-free background scene, and R denotes the rain compo-
nent layer. For single image de-raining, undoubtedly, recov-
ering B from (1) is a highly ill-posed problem because many
pairs of B and R give rise to the same O.

Many existing de-raining approaches make assumptions
on R so as to recover B easily, such as the sparse assumption
which means the rain streaks should have similar character-
s in falling direction and shapes. Different from the line of
exploring and designing priors, we deal with single image de-
raining by adopting deep CNN.

3.2. The proposed network

We attempt to seek out the mapping relationship between the
input image O and the rain component layer R. Consequent-
ly, our strategy is to find a non-linear function f , which di-
rectly describes the mapping relationship between O and R.
When the rain component layer is obtained, the rain-free im-
age can be computed by subtraction operation. In the follow-
ing, we present the proposed network to learn f .

3.2.1. Overall framework

The proposed network for learning f consists of three stages,
encoder stage, Dense Non-Local Residual Block (DNLRB)
stage and decoder stage. The overall framework is shown in
Fig 1. For the encoder stage, there are 6 convolution layers
and 3 pooling layers. The pooling operation is acted on 2-
nd, 3-rd, and 4-th convolution layer. Subsequently, there are
4 same DNLRBs. For the decoder stage, there are 3 trans-
posed convolution layers and 4 convolution layers. The trans-
posed convolution operation is acted on 3-rd, 4-th, and 5-th
layer. And there are 4 skip connections from encoder stage to
decoder stage in order to transmit low-level features to high-
level semantic features. The final output of network is the es-
timated rain-free image B̂ = O − f(O). More details about
our network structure can be found in the supplementary ma-
terials.

3.2.2. Squeeze-and-excitation enhancing

Generally, it is less reasonable to treat all feature maps e-
qually for extracting rain component layer. Different feature
maps may contribute to the rain component layer different-
ly. So, we adopt squeeze-and-excitation block [22] to allot
weight to every channel, where squeeze-and-excitation oper-
ation can adaptively recalibrate the feature response of each
feature map and further facilitate capturing more spatial con-
textual information. These enhancing operations are effective
to extract rain component layer, as discussed in Section 4.4.



Fig. 1. Overall Network Framework.

Fig. 2. Non-Local Residual Block.

3.2.3. Dense non-local residual block

Non-local neural networks is firstly presented by Wang et
al. [23]. The non-local operation works via regarding the
response at a position as a weighted sum of the features at
all positions. This idea can be extended in single image de-
raining. Intuitively, there are background layer and rain com-
ponent layer in each feature map. However, to a great exten-
t, the information in the background layer is meaningless to
represent rain components. Naturally, we propose to calcu-
late the response of each position in feature map by assigning
different weights to all positions. For a position located in a
raindrop region, the weights of background-position should
be very small. As the limitation of the number of papers, the
formulations of squeeze-and-excitation and non-local mean
are presented in our provided supplementary materials.

Based on the above analysis, we embed non-local mean
operation into our de-raining network. The work of [23] pro-
vides a generic non-local mean operation with several specific
instantiations. In this paper, we adopt the one which chooses
Embedded Gaussian to calculate the affinity. By using the
notation NL to represent this specific non-local mean opera-
tor, we then introduce the proposed non-local block.

Non-Local Residual Block (NLRB). Denote x and z as the
input and output of NLRB. The process of NLRB can be in-
tuitively expressed as

z = Conv(Conv(NL(x))) + x, (2)

where Conv denotes the convolution operation. Fig 2 shows
the illustration of (2).

Fig. 3. Dense Non-Local Residual Block (DNLRB).

Dense Non-Local Residual Block. As mentioned in Sec-
tion 3.1, there are 4 DNLRBs in the DNLRB stage. The entire
DNLRB process evolves in a recursive process which incor-
porates previous outputs as current inputs. Specifically, the
output hi(i = 1, 2, 3) is generated by

hi = NLRB(Conv1×1(Cat(h0, · · · , hi−1))), (3)

where Conv1×1 denotes 1× 1 convolution, which can match
the channel size of the input. Cat denotes the concatenation
in dimension of channel. Our DNLRB is illustrated in Fig 3.
The final output is calculated as

h = h0 + h3. (4)

3.2.4. Loss function

For the proposed single image de-raining framework, we
choose the following loss function:

L1 =
1

HWC

H∑
t=1

W∑
s=1

C∑
k=1

‖B̂t,s,k −Bt,s,k‖1, (5)

where H,W,C denotes the height, width and channel num-
ber of the rain-free image, respectively. A natural problem is
that why not choose to minimize errors between rain compo-
nent layer R and the learned output f(O). Actually, this loss
is equivalent to 1

HWC

∑H
t=1

∑W
s=1

∑C
k=1 ‖R̂t,s,k −Rt,s,k‖1

according to the rainy image decomposition (1).

4. EXPERIMENTAL RESULTS

In this section, we evaluate the proposed de-raining method
on a few benchmark datasets compared with state-of-the-art



Table 1. Quantitative experiments evaluated on two synthetic datasets. Best results are marked in bold.

Dataset Metric ID (TIP12 [2]) DSC (ICCV15 [8]) LP (CVPR16 [11]) DetailsNet (CVPR17 [4]) JORDER-R (CVPR17 [5]) RESCAN (ECCV18 [6]) Ours

Rain800 PSNR 18.88 18.56 20.46 21.16 22.29 24.09 27.25
SSIM 0.5832 0.5996 0.7297 0.7320 0.7922 0.8410 0.8532

Rain100H PSNR 14.02 15.66 14.26 22.26 23.45 25.92 27.12
SSIM 0.5239 0.4225 0.5444 0.6928 0.7490 0.8411 0.8524

de-raining methods. The major experimental settings and
criterions of quality evaluation are provided in Section 4.1.
Quantitative comparisons on synthetic datasets are report-
ed in Section 4.2 and visual comparisons on real-world im-
ages are provided in Section 4.3. Six state-of-the-art de-
raining methods are compared, which are image decompo-
sition (ID) [2], discriminative sparse coding (DSC) [8], lay-
er priors (LP) [11], DetailsNet [4], the recurrent version of
joint rain detection and removal (JORDER-R) [5], and RES-
CAN [6].

4.1. Experiment settings

Synthetic Datasets. We evaluate the performance of our
method on two datasets. One is Rain100H, which is the most
difficult one of the three datasets introduced by Yang et al. [5].
Five different rain streak directions are utilized to generate
rainy images, which makes it challenging to effectively re-
move all rain streaks. It contains 1800 image pairs for train-
ing, and additional 200 image pairs for testing. The other
one is introduced by Zhang et al. [20], which is widely called
Rain800. This dataset contains 700 pairs of training images
and 100 pairs of testing images. The ground-truth images of
both training and testing images are randomly selected out-
door images.

Real-world Testing Images. The real-world rainy images
we use for testing are also from Zhang et al. [20] and Yang et
al. [5]. For these real-world rainy images, the rain compo-
nents are different from orientation to density. We use them
to check the effectiveness of our network.

Training Settings. In the training process, we randomly crop
each training image pairs to 112× 112 patch pairs. The batch
size is chosen as 64. For each convolution layer, we use
batch normalization, leaky ReLU (α = 0.2), and squeeze-
and-excitation in sequence except the first one and last one
layer. We use ADAM algorithm [24] to optimize our net-
work. The initial learning rate is 5 × 10−4, and is updated
twice by a rate of 1/10 at 30000 and 36000 iterations. Our en-
tire network is trained on an Nvidia GTX 1080Ti GPU based
on PyTorch.

Evaluation Criterions. Peak signal to noise ratio (PSNR)
and structure similarity (SSIM) are commonly used metrics
to evaluate the quality of the recovered results in compari-
son with ground-truth images for a specific algorithm. As
computing PSNR and SSIM need the estimated rain-free im-
ages and corresponding ground-truth images, they are the on-

ly computed for synthetic datasets. For real-world images, the
evaluation is only based on visual comparisons.

4.2. Results on synthetic datasets

Quantitative comparisons between the proposed method and
six state-of-the-art de-raining methods are shown in Table 1.
These de-raining methods include three conventional meth-
ods ([2, 8] and [11]) and three learning based methods ([4, 5]
and [6]). On the datasets of Rain100H and Rain800, both of
our PSNR and SSIM are superior to the these methods.

We show a challenging example in Fig 4 for visual com-
parisons. Fig 4(a) is a synthetic image severely degraded by
heavy rain streaks. As can be seen in Fig 4(b) and Fig 4(c),
conventional methods ID [2] and DSC [8] fail to recover an
acceptable clean image. Deep learning based methods, De-
tailsNet [4] and JORDER-R [5], generate results with un-
neglectable artifacts, as shown in Fig 4(d) and Fig 4(e). The
de-raining result of RESCAN shown in Fig 4(f) is visually
a little better, but it is still unpleasing and some textures are
damaged. As shown in Fig 4(g), our result is the best both
quantitatively and visually.

4.3. Results on real-world images

We further evaluate the performance of our method on a se-
ries of real-world rainy images. Fig 5 shows one example.
The result of ID [2] shown in Fig 5(b) is over de-rained and
blurry. LP [11] fails to recover a rain-free output, as shown
in Fig 5(d). The results of DSC [8] (Fig 5(c)) and JORDER-
R [5] (Fig 5(e)) contain artifacts near edges. In comparison,
our result shown in Fig 5(f) is the visually the best.

Another example is shown in Fig 6 compared with two
recent deep learning based methods [4] and [6]. As can be
seen in Fig 6(b) and Fig 6(c), [4] and [6] are less effective to
de-rain this image. Fig 6(d) is cleaner. More examples can be
found in our supplemental materials.

4.4. Ablation study

It is meaningful to explore the effectiveness of squeeze-and-
excitation enhancing and non-local mean operation in our net-
work. To this end, we conduct an ablation study on four dif-
ferent methods: baseline, baseline + SE, baseline + NL, and
baseline + SE + NL, where baseline denotes the network with-
out squeeze-and-excitation enhancing and non-local mean op-
eration. We conduct experiments on Rain100L with the same
settings. Quantitative evaluations are reported in Table 2. We



(a) Input (b) ID [2] (c) DSC [8] (d) DetailsNet [4]
PSNR/SSIM 7.14/0.2586 7.27/0.2325 17.88/0.5335

(e) JORDER-R [5] (f) RESCAN [6] (g) Ours (h) GT
18.13/0.6122 21.06/0.6962 23.59/0.7275 Inf/1

Fig. 4. Visual and quantitative comparisons on a synthetic example. The input image shown in (a) is synthesized by large-scale
dense rain streaks, which makes it hard to de-rain. Overall, deep learning based methods performs better than conventional
methods. Our result shown in (g) has the highest PSNR and SSIM values. Visually, the proposed method generate the cleanest
result with least artifacts.

(a) Input (b) ID [2] (c) DSC [8] (d) LP [11] (e) JORDER-R [5] (f) Ours

Fig. 5. One real-world example. (a) is the input. (b) is over de-rained. (c) and (e) contain artifacts near edges. (d) is under
de-rained. (f) is clear and clean without artifacts.

(a) Input (b) DetailsNet [4] (c) RESCAN [6] (d) Ours

Fig. 6. Another real-world example compared with deep learning based de-raining methods [4] and [6]. Our result shown in
(d) is visually better than the results shown in (b) and (c).

Table 2. Ablation study on different components of our pro-
posed method.

Metric Baseline Baseline + SE Baseline + NL Baseline + SE + NL
PSNR 24.94 32.75 36.21 36.64
SSIM 0.7356 0.8583 0.9765 0.9780

note that the proposed method outperforms the other three
methods in terms of both PSNR and SSIM.

5. CONCLUSION

In this paper, we propose a novel network to handle with sin-
gle image de-raining. Our network architecture is constructed
based on a combination of squeeze-and-excitation enhancing
and non-local mean. For a rainy image, the proposed net-
work learns a function, which maps the input image to rain

component layer. According to rainy image decomposition,
the estimated rain-free image can be obtained by substraction
operation. Quantitative and qualitative experimental evalua-
tions on both synthetic datasets and real-world images show
the effectiveness of the proposed network for single image
de-raining.
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