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Abstract Rain can cause performance degradation of outdoor computer vision tasks. Thus, the exploration of rain removal from videos or a single image has drawn considerable attention in the field of image
processing. Recently, various deraining methodologies have been proposed. However, no comprehensive survey work has yet been conducted to summarize existing deraining algorithms and quantitatively compare
their generalization ability, and especially, no off-the-shelf toolkit exists for accumulating and categorizing
recent representative methods for easy performance reproduction and deraining capability evaluation. In this
regard, herein, we present a comprehensive overview of existing video and single image deraining methods as
well as reproduce and evaluate current state-of-the-art deraining methods. In particular, these approaches are
mainly classified into model- and deep-learning-based methods, and more elaborate branches of each method
are presented. Inherent abilities, especially generalization performance, of the state-of-the-art methods have
been both quantitatively and visually analyzed through thorough experiments conducted on synthetic and
real benchmark datasets. Moreover, to facilitate the reproduction of existing deraining methods for general users, we present a comprehensive repository with detailed classification, including direct links to 85
deraining papers, 24 relevant project pages, source codes of 12 and 25 algorithms for video and single image
deraining, respectively, 5 and 10 real and synthesized datasets, respectively, and 7 frequently used image
quality evaluation metrics, along with the corresponding computation codes. Research limitations worthy of
further exploration have also been discussed for future research along this direction.
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1

Introduction

Images and videos taken under rainy weather have undesirable quality. Specifically, rain can cause various
forms of visibility degradations. Nearby raindrops or rain streaks always obstruct or deform the image
background, and distant raindrops tend to cause mist or fog and blur the image information [1–4]. Thus,
rain removal has become a necessary preprocessing step for subsequent tasks, such as object tracking [5],
scene analysis [6], person reidentification [7], event detection [8], object detection [9, 10], and semantic
segmentation [11, 12], to further enhance their performance. Therefore, as an important research topic,
the removal of rain streaks from videos and images has recently drawn significant attention in the field
of image processing [13–20].
Various deraining algorithms have been proposed for rain removal in both videos and a single image
in recent years [21–31]. Comparatively, since effective temporal information is lacking in a single image
scene, performing a single image deraining task has many challenges [32–34]. Methodologies for the two
cases (videos and single image) are significantly different. However, conventional methods for both cases
mainly adopt a model-driven methodology; they particularly focus on sufficiently encoding the physical
properties and prior information of rain streaks and background images into an optimization model and
designing rational algorithms to solve these cases. In contrast, more recently developed methods often
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(Color online) Hierarchical categorization of current deraining approaches for videos or a single image.

adopt a data-driven approach by designing specific network architectures and pre-collecting rainy-clean
image pairs to learn network parameters for attaining complex rain removal functions [35, 36]. Most of
these methods have focused on certain insightful aspects of the rain removal task and have their suitability
and superiority on specific occasions.
Albeit developing several deraining methods (also referred to as derainers herein), to the best of
our knowledge, no comprehensive survey exists on specifically summarizing and categorizing current
developments for both video and single image deraining and on quantitatively assessing the generalization
ability of current state-of-the-art derainers. In particular, there is no easily usable source that could
provide an off-the-shelf platform for general users to obtain source codes of current deraining methods
and compare the rain removal capability of these methods. However, this should be relevant to further
investigate this topic and to facilitate easy performance reproduction of previous algorithms and discovery
of more inherent problems in existing deraining methods.
In this regard, this study aims to present a comprehensive overview of the existing deraining approaches
for videos and single image as well as to evaluate and analyze the essential abilities, especially generalization performance, of representative rain removal algorithms [3, 37]1) . Overall, our study contributions
are mainly summarized as follows.
First, we comprehensively analyze the main ideas of existing video- and single-image-based deraining
methods. In particular, we summarize the physical properties of rain commonly used by previous studies
for rain modeling. For video and single image rain removal methods developed based on both conventional
model-driven and latest data-driven methods, we elaborately categorize them into several hierarchal
branches (Figure 1), and analyze their pros and cons. In addition, we provide a detailed introduction to
current benchmark datasets.
Second, through extensive experiments performed on typically synthesized and real datasets, we reproduce representative rain removal methods, provide a comprehensive performance comparison, and
quantitatively evaluate their respective capacities, especially the generalization capability. The deraining
methods used in this study include 9 video-based derainers and 11 single image-based derainers, comprising recent state-of-the-art model- and data-driven rain removal algorithms. To the best of our knowledge,
this study is the first to provide quantitative generalization comparison for current representative single
image derainers.
Most importantly, in this study, we publicly present a comprehensive repository with detailed classification to facilitate easy use and performance reproduction/comparison of existing deraining methods
for general users. In particular, this repository includes direct links to 85 deraining papers, 24 relevant
project pages, source codes of 12 and 25 algorithms for video and single image deraining, respectively, 10
synthesized datasets and 5 real datasets, and 7 frequently used image quality evaluation metrics, along
1) The existing two review studies [3,37] focus on single image deraining methods. Specifically, the former provides a new dataset
to evaluate deraining ability based on diverse performance metrics, and the latter directly cites our experimental results in its Arxiv
version. Comparatively, we comprehensively review the deraining methods for not only a single image but also videos. In this study,
we also include the latest representative studies. More importantly, we evaluate the generalization performance of representative
single image derainers, which is relevant for real applications. Furthermore, a published off-the-shelf toolkit can help general users
comprehensively understand the field of image processing and can facilitate reproduction and performance comparison of existing
derainers, which has attracted increasing attention (https://github.com/hongwang01/Video-and-Single-Image-Deraining).
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with the corresponding computation codes.
The rest of the paper is organized as follows. Section 2 discusses the physical properties of rain. Sections 3 and 4 review existing rain removal methods for videos and single image, respectively. Sections 5
and 6 introduce existing benchmark datasets and the project repository, respectively. Experimental
results are then presented in Section 7 for performance evaluation. Section 8 concludes the entire paper
and lists some research issues worthy of further exploration in future studies.

2

Physical properties of rain

In this part, we discuss some physical properties of rain, constituting the modeling foundation of rain
removal methods.
Owing to the influence of some factors, including ambient illumination and surface tension [38, 39],
a falling raindrop often undergoes rapid shape distortions; this causes rain streaks to move in various
directions and possess different brightness levels, impairing the useful content of background images [40,
41]. In the following subsections, we illustrate the inherent characteristics of rain, which are typical
indices for optimization or network modeling for developing a rain removal method.
2.1

Geometric property

In [38], the shape of small raindrops was illustrated as a sphere. A falling raindrop can gain an invariable
speed (terminal velocity [42]). Using least squares to fit experimental results, Foote and Toit [42] roughly
achieved the following expression to reflect how the diameter d (mm) of a raindrop affects its terminal
velocity v (m/s):
v0 = −0.2 + 5d − 0.9d2 + 0.1d3 ,
(1)
0.4
v = v0 (ρ0 /ρ) ,
where v0 and ρ0 are computed under the atmospheric conditions with 1013 mb. ρ means the air density
at the location of the raindrop.
2.2

Brightness property

Garg and Nayar [13] indicated that raindrops would refract and reflect light, and they can make the
intensity of a rain-affected image Ir brighter than the corresponding rain-free background [43]. Mathematically, the imaging process could be expressed as follows:
Ir (x, y) =

Z

0

τ

Er (x, y)dt +

Z

T

Eb (x, y)dt,

(2)

τ

where Ir is the rain-affected image. τ is the time during which one raindrop passed through the pixel
(x, y). T denotes the exposure time. Eb and Er are the intensities brought by background and the
raindrop, respectively [13, 44].
2.3

Chromatic property

Concerning the brightness property of rain, Zhang et al. [15] further explored and showed that the increase
in intensities in three color channels is related to a background image. They used empirical examples and
observed that the fields of views of R, G, and B lights are approximately 165o . For ease of computation,
they directly assumed that the averages of ∆R, ∆G, and ∆B are almost equivalent for raindrop-affected
pixels, where ∆R denotes the changes in the red channel of one-pixel value within two successive frames.
2.4

Spatial and temporal property

Since the distribution of raindrops is random and irregular in space and raindrops often fall at a high velocity, they tend to make the intensity of a video fluctuate in spatial and temporal dimensions. Moreover,
a specific pixel is not always affected by the raindrops in each frame [15]. Consequently, this leads to
the phenomenon that in a stationary video, for a rain-affected pixel, the peaks of its intensity histogram
might be double. Specifically, one is for rain distribution, and the other is for background intensity [15].
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Video deraining methods

In this section, we review the current video deraining methods based on the categorization in Figure 1.
Garg and Nayar [13, 41] made an early attempt for rain removal from videos. They proposed that by
directly reducing the depth of field or increasing the exposure time, the effects of rain can be reduced or
even removed. However, under the condition of heavy rain and objects moving fast, this method fails,
and it is not easy to adjust camcorder settings without compromising on performance [39].
In the past several years, many experts have explored more essential properties of rain layers and
incorporated them into deraining algorithm designing for rainy videos in static or dynamic scenes.
These algorithms can be roughly divided into four types: time-domain-based, frequency-domain-based,
prior-knowledge-based, and deep-learning (DL)-based algorithms. Overall, the first three categories
can be regarded as traditional model-driven methodologies, whereas the last category follows a datadriven approach, where features are automatically learned from pre-collected training data (rainy/clean
pairs) [25, 36].
3.1

Time domain-based methods

Garg and Nayar [45] first discussed the influence of rain streaks on the imaging process and then designed
a corresponding algorithm to remove rain from videos. In their method, the photometry and dynamics
of rain streaks are described using a motion blur model and space-time model, respectively. In addition,
they assumed that as raindrops fall with some velocity, they affect only a single frame. Hence, using the
difference between consecutive frames enables the detection and removal of rain [46].
To further improve the rain detection accuracy, Ref. [15] introduced the chromatic and temporal
characteristics of rain and identified the rain-free part and rain part of videos via K-means clustering.
This method works well in handling light to heavy rain streaks. To obtain better visual quality, Park and
Lee [47] further proposed the estimation of the intensity of pixels and recursive removal of rain using the
Kalman filter, which performs well in a stationary video.
Subsequently, by introducing both the physical and optical characteristics of rain, Ref. [48] proposed to
locate rain-affected regions showing a short-duration intensity spike and replaced the rain-affected pixel
with the average value in consecutive frames. Naturally, the method is capable of distinguishing whether
rain streaks cause the intensity variations. However, it is not very suitable for the detection of heavy
rain, where multiple rain streaks overlap and form undesirable shapes.
Next, by combining the spatial and temporal characteristics of rain, Ref. [49] designed a histogram
model for rain removal, which embedded a K-means clustering algorithm with low complexity [15]. To
handle dynamic background and camera motion, Bossu et al. [50] adopted a Gaussian mixture model
(GMM) and geometric moments to estimate the histogram of the orientation of rains.
Inspired by Bayesian theory, Tripathi and Mukhopadhyay [40] relied on the temporal property of rain
to build a probabilistic model for the removal of rain streaks. Since the change of intensity of rainaffected and rain-free pixel values is different because of the waveform symmetry, the authors used two
statistical features (spread asymmetry and intensity fluctuation range) for distinguishing rain from rainfree moving objects. This method is robust to rain conditions as it does not make assumptions regarding
the shape and size of raindrops. To further reduce the usage of consecutive frames, the authors employed
a spatiotemporal process [46]. Compared to [40], the approach has less detection accuracy but better
visual quality.
3.2

Frequency-domain-based methods

To globally identify rain and snow, Refs. [51, 52] proposed a spatiotemporal frequency model. They used
a filter in the frequency domain to weaken the effect of snow or rain and approximated the blurring effect
caused by raindrops with a Gaussian model. This approach is still applicable in dynamic videos and can
efficiently analyze repeated rain patterns. However, the blurred Gaussian model cannot finely handle rain
streaks which are not sufficiently sharp. Moreover, the frequency-based removal approach often makes
mistakes when the frequency components of rain layers are not presented in order [40].
3.3

Prior based methods

In the last decade, low rankness and sparsity properties have been extensively studied for rain or snow
removal from videos. Chen and Hsu [53] explored the local similarity and repeatability of rain. Then,
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they proposed the generalization of a low-rank model in the form of a tensor structure to detect spatiotemporally correlated rain. To handle highly dynamic scenes [40, 45, 47, 49], Chen and Chau [54]
further designed a motion segmentation-based algorithm. Here, rain streaks were first detected based
on chromatic and photometric constraints, and then the motion occlusion clue and dynamic property
of pixels were incorporated. Thus, spatiotemporal knowledge is adaptively adopted when recovering the
rain streaks using the method. However, this method cannot finely fit camera jitters [55].
Later, by subtracting temporally warped frames from the current frame, Kim et al. [56] obtained an
initial coarse rain map and used a support vector machine (SVM) to divide the coarse rain map into two
types of basis vectors: outliers and rain. Next, by excluding outliers and performing low-rank matrix
completion, rain streaks were removed. This method needs extra supervised samples to train the SVM.
Considering dynamic scenes with heavy rain, Ren et al. [55] categorized rain layers into sparse and
dense ones. They used a multi-label Markov random field to detect moving objects and sparse snow or
rain. Dense rain types are assumed as a Gaussian model.
By exploring the discriminatively essential properties of a rainy video, Jiang et al. [57, 58] presented
a deraining approach for the video. In the direction of raindrops, the raindrops have sparsity and
smoothness. For clean videos, in the rain-perpendicular direction, they have smoothness. While in the
time dimension, they are globally and locally correlated.
Different from previous rain removal approaches that encode rain as a deterministic message, Wei et
al. [25] first formulated the rain layer patch as a mixture of Gaussian (P-MoG). By integrating the low
rankness of rain-free background and the spatiotemporal smoothness of moving objects, they proposed a
P-MoG rain removal model. Such a stochastic manner can adapt to various rain changes.
Recently, Li et al. [26] further investigated the characteristics of rain layers in videos; they showed
that rain is always sparse and it often presents some local patterns and exhibits repeatability. Furthermore, different distances to a camera make rain equipped with multiscale configurations. Based on such
understanding, the authors specifically built a multiscale convolutional sparse coding model. Similar
to [25], they separately used L1 and total variation (TV) to regularize the sparsity of feature maps and
the smoothness of the moving object layer. Such a formulating manner can properly extract natural rain
from rainy videos.
3.4

Deep-learning-based methods

Recently, DL has been broadly investigated and used in video deraining tasks. For example, Chen et
al. [59] proposed a convolutional neural network (CNN) framework to deal with torrential rainfall with
opaque streak occlusions. In their study, they regarded superpixel as the basic element for aligning
content and removing occlusion in a video with dynamic and highly complex scenes.
In [27], the wealth of temporal redundancy in videos was analyzed and a new rainy image model was
built to illustrate the occlusion effect brought by rain layers, expressed as follows:
Ot = (1 − αt ) (Bt + Rt ) + αt At , t ∈ {1, . . . , N },

(3)

where N and t represent the number of frames in this video and current time-step, respectively. Ot ∈
Rh×w , Bt ∈ Rh×w , and Rt ∈ Rh×w are the observed rainy image, background frame, and rain frame,
respectively. At is rain reliance map and αt is a matting map. Based on the model (3), the authors
used a deep recurrent neural network (RNN) to jointly accomplish deraining and reconstructing tasks.
This designed network (J4R-Net) has integrated the classification of rain degradation, deraining based on
spatial texture knowledge, and temporal-relevance-based background recovery. To address dynamically
detected video contexts, a parallel technical route was chosen and a dynamic routing network (D3R-Net)
was further developed [28].
Next, similar to previous studies, the same authors developed a two-stage recurrent network equipped
with dual-level flow regularization [60]. However, as stated in [61], these DL-based video deraining methods need to pre-collect synthetic paired data. To address this problem, the authors further investigated
useful priors and proposed a new video rain removal network that can achieve a self-learning mechanism
without the help of synthetic image pairs.
Table 1 summarizes the key ideas of existing representative video deraining methods and provides their
corresponding download links. Note that the direct links of some works are long. For conciseness, we
instead provide the link to the published repository.
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An overview of representative video deraining methods

Method

PDF/code link

Category

Garg et al. [45]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Time domain

Zhang et al. [15]

https://www.comp.nus.edu.sg/∼leowwk/demo/rain- removal.mpg

Time domain

Park et al. [47]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Time domain

Brewer et al. [48]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Time domain

Zhao et al. [49]

https://download.atlantis- press.com/article/1730.pdf

Time domain

Bossu et al. [50]

http://hautiere.nicolas.free.fr/pdf/2011/hautiere- ijcv11.pdf

Time domain

Tripathi et al. [40]

https://www.tandfonline.com/doi/abs/10.4103/0377- 2063.78382

Time domain

Barnum et al. [51]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Frequency domain

Chen et al. [53]
Chen et al. [54]

https://openaccess.thecvf.com/content iccv 2013/papers/
Chen A Generalized Low- Rank 2013 ICCV paper.pdf
http://www3.ntu.edu.sg/home/elpchau/pdf/Dynamic
%20Scene%20Rain%20Removal.pdf

Prior
Prior

Key words
Space-time correlation
physics-based motion blur
Temporal and chromatic properties
K-means clustering
Recursively removal
Kalman filter
Optical and physical properties of rain
Temporal and spatial properties
histogram model, K-means
GMM, geometric moments
histogram model
Temporal property
probabilistic model
Spatio-temporal frequency
blurred Gaussian model
Similarity and repeatability of rain
low-rank model
Spatio-temporal property
photometric and chromatic property
SVM

Kim et al. [56]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Prior

Ren et al. [55]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Prior

low rank completion
supervised samples

Jiang et al. [57, 58]

https://openaccess.thecvf.com/content cvpr 2017/papers/
Jiang A Novel Tensor- Based CVPR 2017 paper.pdf

Multi-label MRF for sparse rain
GMM for dense rain
Sparsity

Prior

smoothness
temporal correlation
P-MoG

Wei et al. [25]

https://github.com/wwzjer/RainRemoval ICCV2017

Prior

Spatio-temporal smoothness
low rank
Sparsity

MSCSC [26]

https://github.com/MinghanLi/

Prior

Multiscale configurations
MS-CSC model

Chen et al. [59]

https://bitbucket.org/st ntu corplab/mrp2a/src/
bd2633dbc9912b833de156c799fdeb82747c1240?at=master

CNN

J4RNet [27]

https://github.com/flyywh/

CNN

D3RNet [28]

http://39.96.165.147/Pub%20Files/2019/ywh tip19.pdf

CNN

Yang et al. [60]

http://ieeexplore.ieee.org/document/8953822

CNN

SLDNet [61]

https://github.com/flyywh/CVPR- 2020- Self- Rain- Removal

CNN

Consistency constraint
superpixel segmentation
Hybrid rain model
recurrent structure
Parallel route
spatial temporal residue learning
Two-stage recurrent network
dual-level flow regularization
Two-stage
temporal correlation
temporal consistency

4

Single image deraining methods

As shown in the above analysis, video-based deraining approaches always use temporal redundancy
knowledge. However, performing rain streak removal from a single image is more challenging because of
the unavailability of information for the time dimension. The development of single image rain removal
algorithms has attracted increasing research attention. In general, existing single image derainers mainly
use three different strategies: guided filtering, prior knowledge, and DL.
4.1

Filter-based methods

Previously, Xu et al. [62] used guided filter [63] to design a deraining method for single image. They
first exploited the chromatic property of rain streaks to obtain a coarse background and then used it to
filter the original observed rainy image to obtain its corresponding rain-free image. For better perceptual
quality, they further improved the quality of the guidance image by introducing brightness characteristics
of rain streaks [64].
Later, Zheng et al. [65] proposed a multiple-guided filtering strategy and used it to accomplish single
image snow or rain removal. In their study, the expected background was achieved by choosing the
minimum value of the coarse recovery image and rainy image. Here, the coarse image is obtained by
combining the high-frequency part (HFP) of the background and the low-frequency part (LFP) of the
rainy image. To obtain better deraining performance, Ref. [66] proposed the removal of snow and rain
using a guided L0 smoothing filter for obtaining coarse background images.
Considering the phenomenon that rain streaks always appear as elongated ellipticals from the vertical
direction, Kim et al. [67] identified rain regions based on aspect ratio and rotation angle of the elliptical
kernel at every location of a rainy image and then performed nonlocal means filter operations on the
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discovered areas to obtain the expected clean background image.
4.2

Prior based methods

In recent years, many researchers have utilized the idea of maximum a posterior to solve this single image
deraining problem [68, 69]. Mathematically, this research line is expressed as follows:
max

B,R∈Ω

p(B, R|O) ∝ p(O|B, R) · p(B) · p(R),

(4)

where O ∈ Rh×w , B ∈ Rh×w , and R ∈ Rh×w denote an observed rainy image, the expected background,
and rain streak, respectively. Ω := {B, R|0 6 Bi , Ri 6 Oi , ∀i ∈ [1, M × N ]} is the solution space. p(B)
and p(R) are the prior items. p(B, R|O) and p(O|B, R) represent the posterior probability and the
likelihood function, respectively. The MAP problem is often reformulated as an energy minimization
problem as [68]
min f (O, B, R) + Ψ(B) + Φ(R),
(5)
B,R∈Ω

where f (O, B, R) represents the fidelity term measuring the discrepancy between the observed rainy
data O and the rain-removed image B. Besides, Ψ(B) and Φ(R) are two regularization terms, and they
model intrinsic image prior knowledge of B and R, respectively. Since this single image deraining task is
an ill-posed image restoration problem, the priors play important roles in constraining the solution space
and enforcing the desired property of the output [70].
Various approaches have been designed to establish specific forms for all terms in (5). Then, the
expected background image would be recovered by adopting some iterative optimization strategies [70].
Along this line, subsequently, we present some representative studies.
Fu et al. [71] used morphological component analysis to formulate single image rain removal as an
image decomposition problem. They recovered a clean background image via two steps: using a bilateral
filter to divide observed rainy data into LFP and HFP and fusing the LFP with the rain-free part. Here,
the rain-removal component was achieved by performing sparse coding and dictionary learning on the
HFP. For more accurate HFP, Chen et al. [72] adopted sparse representation and then distinguished rain
from the HFP based on a hybrid feature set. Similarly, Kang et al. [73, 74] clustered into nonrain and
rain dictionary through histogram of oriented gradient (HOG) features of rain.
To remove snow and rain from an image, Wang et al. [75] proposed a three-layer hierarchical method:
(1) The HFP was obtained using a guided filter; (2) Through three classifications of dictionary atoms,
the HFP was decomposed into snow/rain-affected and snow/rain-free parts; (3) The image details were
extracted based on the guided filter and the sensitivity of variance of a color image map.
Thereafter, Sun et al. [76] used the structural similarity of image basis for single image rain removal. By
focusing on basis selection and incorporating incremental dictionary learning, the idea is robust against
rain patterns and can effectively preserve image information.
To finely separate rain streaks and the background image, Luo et al. [16] used dictionary learning to
design a deraining method. Their main strategy was to sparsely approximate the patches of background
images and rain through discriminative codes selected from a learned dictionary. To better remove more
rain information and preserve background content, the authors in [17] proposed to accommodate several
directions and scales of rain via GMM based patch prior.
To progressively distinguish rain streaks from useful background content, Zhu et al. [77] modeled
three regularizers from different aspects: illustrating local and nonlocal sparsity by a centralized sparse
form, computing derivation of gradients from assessed rain direction by analyzing gradient statistics, and
visually measuring the similarity of patches between rain and rainy image.
Recently, Ref. [18] derived a joint convolutional sparse representation approach, where the authors
adopted analysis sparse representation (ASR) to approximate image large-scale structures and synthesis
sparse representation (SSR) to illustrate image fine-scale textures. The mutual promotion of SSR and
ASR enables the joint convolutional analysis and synthesis (JCAS) to effectively detect image textures.
Considering the challenge to formulate effective regularization priors and optimize the objective function in (5), Mu et al. [68] provided an unrolling idea by incorporating data-driven network architectures
into the iterative process derived by a learning bilevel optimization algorithm. This is a beneficial attempt
to integrate both model- and data-driven methodologies for deraining tasks.
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4.3

(Color online) A hierarchical categorization of current DL-based single image deraining methods.

Deep learning based methods

Recently, researchers have proposed multiple DL-based frameworks for a single image rain removal task,
which can be mainly divided into three categories, as shown in Figure 2.
4.3.1 Supervised learning
For this category, diverse deraining models exist, including network structures and learning methods.
CNN structure. Eigen et al. [78] first used a CNN to remove dirt and water droplets on a camera
lens or a glass window. However, the idea does not work well when dealing with relatively large and
dense raindrops and dynamic rain streaks, and it tends to afford blurry outputs.
To particularly deal with single image deraining, Fu et al. [21] first designed a CNN-based DerainNet,
which automatically learned the mapping relationship between rainy and rain-free images from precollected paired training data. To improve the restoration quality, they additionally introduced imageprocessing domain knowledge.
Inspired by the great benefits of deep residual network [79], Fu et al. [23] further proposed a deep detail
network (DDN) to reduce the mapping range from a network input to network output. The training
process would, therefore, be significantly simpler. In addition, Fan et al. [80] presented a residual-guided
feature fusion network architecture, where negative residual was progressively obtained from coarse to
fine images with increasing network depth.
GAN-based mechanism. Qian et al. [81] designed a generative network with an attention mechanism
to handle substantially accumulated raindrops. Their basic strategy was to equip the generative and
discriminative networks with a visual attention module. Here, the generative network focused on raindrop
locations and the surroundings, while the discriminative network mainly assessed the local similarity of
reconstructed regions.
Moreover, Zhang et al. [82] adopted adversarial learning and incorporated visual, quantitative, and
discriminative performance into an objective function to perform rain streak removal. Since a single
network may not learn all patterns in training samples, the authors [22] further presented a multistream
dense network based image deraining method (DID-MDN). By integrating a residual-aware classifier
process, the proposed network adaptively decided the density of rain (light, medium, or heavy).
Recurrent and multi-stage framework. Recently, Yang et al. [1] presented a multi-task mechanism
that successively learned rain maps, rain streaks, and background images. They used an RNN and
a contextualized dilated network [83]; this method can progressively accomplish rain streak and rain
accumulation removal, even in the presence of heavy rain. For better performance, an enhanced version–
JORDER E was proposed, which included an extra detail preserving step [2].
Similarly, for single image deraining tasks, Li et al. [24] presented a context aggregation network
(CAN), comprising a recurrent squeeze-and-excitation unit that assigns alpha-values to different rain
layers. Furthermore, the proposed CAN can acquire a large receptive field.
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As shown, constructed deep network structures are increasingly becoming complicated, making performance reproduction of these derainers difficult for many beginners in this area. To address this issue,
Ren et al. [32, 84] progressively presented a simple and effective recurrent deraining network that was
developed by combining a simple ResNet block and a recurrent unit.
Multiscale architecture. Recently, some studies incorporated multiscale learning to exploit selfsimilarity both within the same scale or across different scales of rainy images [85–88]. For example, Fu
et al. [85] proposed to decompose an image restoration task into multiple subproblems and then used
several parallel subnetworks to estimate rain layers in a specific pyramid scale space. Recently, Jiang et
al. [88] further designed a multiscale progressive fusion network to exploit the correlated information of
rain layers across scales for performing the single image deraining task.
Encoder-decoder module. Li et al. [89] proposed a nonlocally enhanced network comprising symmetrical encoder and decoder parts to more accurately extract effective features for describing rain streaks
and then finely preserve image details. More encoder-decoder structures for the deraining task can be
found in works such as [90–92].
Model- and data-based learning manners. Recently, some interesting studies have focused on
finely embedding prior knowledge of rain streaks in the design of network architectures and then equipping
network modules with better interpretability. For example, based on the traditional MSCSC model [26]
for rain layers, Ref. [93] proposed a structural learning network (SRNet) for single image deraining. The
SRNet comprised three subnetworks that are stacked in parallel with different dilated factors for capturing
rain streaks at different scales. Although the SRNet achieves robust deraining performance and has good
interpretability, the network units are not entirely transparent. Furthermore, Ref. [94] proposed a rain
convolutional dictionary (RCD) model and constructed a well interpretable deraining network, where each
module one-on-one corresponded to each iterative step in the deraining algorithm. Benefitting from the
perfect design, the RCDNet significantly outperformed existing start-of-the-art single image derainers.
4.3.2 Semi-supervised learning
The main problem in recent data-driven single image rain removal methods is that they generally need
to pre-collect sufficient supervised samples, which is time-consuming and laborious. In addition, most
of them are trained on synthetic samples, limiting their generalization ability on real test samples with
complicated rain distribution. To address these issues, Wei et al. [35] used a supervised DDN as the
backbone and GMM as the prior form to learn rainy images in an unsupervised way. This semi-supervised
strategy reduced data acquisition costs and mitigated overfitting issues to some degree. Considering the
inaccuracy of GMM in modeling real rain layers, Ref. [95] adopted a Gaussian process strategy and
proposed a new transfer-learning framework.
4.3.3 Unsupervised learning
To further address the label pre-collection problem, few researchers have proposed a few unsupervised
single image deraining strategies [96,97]. For example, Jin et al. [97] proposed an unsupervised deraining
generative adversarial network comprising two collaboratively optimized modules, i.e., a rain guidance
module (RGM) and background guidance module (BGM). The RGM constrained the solution space of
the restored images, and the BGM was for background consistency.
For this single image deraining task, the representative methods are reported in Table 2 [98–103]. For
ease of usage, we also show the corresponding download links.

5

Dataset description

At present, multiple representative datasets exist for the single image deraining task, as listed in Table 3.
These existing datasets are mainly obtained in the following way:
• One commonly used approach is synthesizing rain streaks with a photo-realistic rendering technique [104] and then adding them on clear images, such as Rain100L [1], Rain100H [1], Rain1400 [23],
Rain800 [82], Rain12 [17], and Rain12000 [22].
• Instead of the simple addition operation described above, which was inspired by [13], some studies
explored better fusion mechanisms between clear images and rain streaks, such as RainCityscapes [91]
and NYU-Rain [99]. In particular, the rain data are from rain streak databases synthesized by setting
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An overview of single image deraining methods

Method

PDF/code link

Category

Key words

Xu et al. [62]

https://ieeexplore.ieee.org/abstract/document/6272780

Filter

Guided filter

Ding et al. [66]

https://link.springer.com/content/pdf/10.1007/s11042- 015- 2657- 7.pdf

Filter

L0 smoothing filter

Filter

Multiple guided filter

Zheng et al. [65]

https://pdfs.semanticscholar.org/f111/
54e4e1adbde9f24b25fd2d98337a759d8b21.pdf

Kernel regression

Kim et al. [67]

https://ieeexplore ieee.gg363.site/abstract/document/6738189

Filter

Fu et al. [71]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Prior

Kang et al. [73]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Prior

Clustering, dictionary learning
HOGs, sparse expression

nonlocal means filter
Bilateral filter, MCA
dictionary learning

Chen et al. [72]

https://ieeexplore.ieee.org/document/6748866/

Prior

Wang et al. [75]

http://ieeexplore.ieee.org/abstract/document/7934435/

Prior

DSC [16]

http://ieeexplore.ieee.org/document/7410745/

Prior

Sparse coding

GMM [17]

http://yu- li.github.io/

Prior

GMMs for background and rain

Zhu et al. [77]

https://openaccess.thecvf.com/content ICCV 2017/papers/
Zhu Joint Bi- Layer Optimization ICCV 2017 paper.pdf

Dictionary learning
guided filter, SVCC

Derivation of gradients
Prior

sparse representation
patch similarity
SSR for rain streaks

JCAS [18]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

Prior

DerainNet [21]

https://xueyangfu.github.io/

CNN

DDN [23]

https://xueyangfu.github.io/

CNN

Residual module

Fan et al. [80]

https://zhiwenfan.github.io/

CNN

Multi-level residual unit

ID-CGAN [82]

https://github.com/hezhangsprinter/ID- CGAN

GAN

DID-MDN [22]

https://github.com/hezhangsprinter/

CNN

JORDER [1]

https://github.com/flyywh/

CNN

JOREDER E [2]

https://github.com/flyywh/JORDER- E
- Deep- Image- Deraining- TPAMI- 2019- Journal

CNN

Li et al. [98]

https://arxiv.org/pdf/1804.02688.pdf

CNN

RESCAN [24]

https://github.com/XiaLiPKU/RESCAN

CNN

NLEDN [89]

https://github.com/AlexHex7/NLEDN

CNN

DualCNN [34]

https://sites.google.com/site/jspanhomepage/dualcnn

CNN

ERL-Net [90]

https://github.com/RobinCSIRO/
ERL- Net- for- Single- Image- Deraining

CNN

ASR for background details
3-layer neural network

Multi-scale conditional GAN
Multi-stream dense architecture
rain density classifier
Multi-task architecture
contextualized dilated module
Multi-task architecture
contextualized dilated module
Multi-task leaning
decomposition net
Multi-stage
recurrent SE block
Non-locally enhanced dense unit
Dual CNN
Encoder-decoder network
inherent mapping

PReNet [32]

https://github.com/csdwren/PReNet

CNN

Multi-stage, LSTM, ResBlock

SPANet [33]

https://github.com/stevewongv/SPANet

CNN

Spatial attentive module

Fu et al. [85]

https://xueyangfu.github.io/

CNN

Li et al. [99]

https://github.com/liruoteng/HeavyRainRemoval

GAN

Large-scale real dataset
rain removal in a local-to-global

DAF-Net [91]

https://openaccess.thecvf.com/content CVPR 2019/papers/Hu DepthAttentional Features for Single- Image Rain Removal CVPR 2019 paper.pdf

CNN

Gaussian Laplacian pyramid
recursive and residual network
Physics-based backbone
depth-guided GAN refinement
Create RainCityscapes
depth-guided attention mechanism

Mu et al. [68]

https://github.com/hongwang01/Video- and- Single- Image- Deraining

CNN

Bi-level optimization

Liu et al. [100]

https://ieeexplore.ieee.org/abstract/document/8760253

CNN

residual architecture prior

Yasarla et al. [19]

https://arxiv.org/pdf/1909.04207.pdf

CNN

Confidence measure (QuDeC)

UMRL [87]

https://github.com/rajeevyasarla/UMRL- - using- Cycle- Spinning

CNN

Jin et al. [97]

https://arxiv.org/pdf/1811.08575.pdf

GAN

Yang et al. [101]

https://ieeexplore.ieee.org/abstract/document/8610325

CNN

SIRR [35]

https://github.com/wwzjer/Semi- supervised- IRR

CNN

SRNet [93]

https://github.com/hongwang01/SRNet

CNN

MSPFN [88]

https://github.com/kuihua/MSPFN

CNN

Unrolling technique
Task-specific prior
Confidence measure
cycle spinning
Unsupervised, self-supervised constraint
Wavelet transform
recurrent recovery
Semi-supervised, DDN, GMM
Multi-scale
convolutional sparse coding
Recurrent calculation
Multi-scale pyramid
attention mechanism
VID [92]

https://openaccess.thecvf.com/content WACV 2020/papers/
Du Variational Image Deraining WACV 2020 paper.pdf

CNN

DRDNet [102]

https://github.com/Dengsgithub/DRD- Net

CNN

RCDNet [94]

https://github.com/hongwang01/RCDNet

CNN

Conditional variational auto-encoder
channel-wise deraining
residual SE network
structure detail context aggregation
Rain convolutional dictionary
step by step unfolding
interpretable network
Variation inference

VRGNet [103]

https://github.com/hongwang01/VRGNet

CNN

rain generation model
GAN

some oscillation parameters of raindrops [104]. In addition, MPID [3] comprises synthetic and real-world
rainy images with diverse rain types, including raindrops, rain streaks, and mist.
• A real rain dataset, called SPA-Data, proposed by [33], was semi-automatically generated from 170
real rain videos. Specifically, 86 real rain scenes were collected from StoryBlocks or YouTube and 84

Wang H, et al.
Table 3

Sci China Inf Sci

January 2022 Vol. 65 111101:11

An overview of representative datasets used in the single image deraining task

Dataset

#train/#test

Reference

Download link

Remark

Rain100L

200/100

Yang et al. [1]

https://github.com/hongwang01/RCDNet

Synthetic

Rain100H

1800/100

Yang et al. [1] https://github.com/hongwang01/Video-and-Single-Image-Deraining Synthetic

Rain1400

12600/1400

Fu et al. [23]

https://xueyangfu.github.io/

Synthetic

Rain800

700/100

Zhang et al. [82]

https://github.com/hezhangsprinter/ID-CGAN

Synthetic

Rain12

0/12

Li et al. [17]

https://github.com/csdwren/PReNet

Synthetic

12000/4000 Zhang et al. [22]

https://github.com/hezhangsprinter/

Synthetic

RainCityscapes

9432/1188

Hu et al. [91]

https://github.com/xw-hu/DAF-Net

Synthetic

NYU-Rain

13500/2700

Li et al. [99]

https://github.com/liruoteng/HeavyRainRemoval

Synthetic

SPA-Data

638492/1000 Wang et al. [33]

https://github.com/stevewongv/SPANet

Semi-real
Synthetic
and real

Rain12000

MPID

1561/419

Li et al. [3]

https://github.com/lsy17096535/Single-Image-Deraining

Internet-Data

0/147

Wei et al. [35]

https://github.com/wwzjer/Semi-supervised-IRR

Real

RealData

0/146

Wang et al. [33]

https://github.com/stevewongv/SPANet

Real

were manually captured by the authors by controlling exposure durations and the ISO parameter to
consider different lengths of rain streaks and illumination conditions. For every rainy-clean image pair,
the background (i.e., ground truth) was roughly estimated based on temporal redundancy and visual
properties.
• Internet-Data [35] and RealData [33] are real datasets without labels. They were collected from the
Internet and contain different rain types.
• Recently, another type of rain generation work [103] was conducted. The authors novelly proposed
adopting a variational inference framework to learn the implicit distribution of rainy images and thus
generate diverse and realistic rain streaks. Using the dataset augmentation operation, their generated
rain layers further improved the robustness of existing DL-based single image deraining methods in the
real world.

6

Comprehensive repository for rain removal

To facilitate easy usage and performance reproduction/comparison of current rain removal methods for
general users, we built a repository for current research development of rain removal2) . This repository
includes direct links to 85 deraining papers, 24 relevant project pages, source codes of 12 and 25 algorithms
for video and single image deraining, respectively, 10 and 5 synthesized and real datasets, respectively, and
7 frequently used image quality evaluation metrics, as well as their computation codes, including feature
similarity (FSIM) [105], visual quality (VIF) [106], structure similarity (SSIM) [107], and peak signalto-noise ratio (PSNR) [108]. In addition, we provide some nonreference evaluation indicators, including
naturalness image quality evaluator (NIQE) [109], blind/referenceless image spatial quality evaluator
(BRISQUE) [110], and spatial-spectral entropy-based quality (SSEQ) [111]. Thus, the performance
comparison of deraining methods can be easily obtained by general users. All our experiments were
readily implemented using this repository.

7

Experiment and analysis

Here we give a detailed performance comparison of different competing deraining approaches for video
and a single image. The implementation environment is Windows10, Matlab (R2018b), PyTorch (version
1.0.1) [112], and Tensorflow (version 1.12.0).
7.1

Video deraining experiment

In this subsection, we aim to evaluate the video rain removal performance of recent representative derainers on synthesized and real benchmark data. These methods include Garg et al. [13], Kim et al. [56],
Jiang et al. [57], Ren et al. [55], Wei et al. [25], Li et al. [26], Liu et al. [27], Chen et al. [59], and Yang
et al. [61].
2) https://github.com/hongwang01/Video-and-Single-Image-Deraining.
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(a) Input/groundtruth

(b) Garg et al.

(c) Kim et al.

(d) Jiang et al.

(e) Ren et al.

(f) Wei et al.

(g) Li et al.

(h) Liu et al.

Figure 3 (Color online) (a) Rainy frame (upper) and the corresponding groundtruth (lower) from the dataset released by [26];
(b)–(h) derained frames and detected rain streaks of 7 comparison approaches.

7.1.1 Experiments on synthetic data
Here, we first used the dataset released by [26]3) to evaluate the performance of existing video deraining methods. Two videos were chosen from the CDNET database [113], containing varying forms of
background details and moving objects. Then, various rain types from different aspects, varying from
drizzle to heavy rain streaks and from a vertical orientation to slash line, were added to the selected
videos. For synthetic data, as the rain-free ground-truth videos are known, the deraining performance of
the methods can be visually and quantitatively compared. Four typical metrics for video deraining were
used, including PSNR, SSIM, VIF, and FSIM. After obtaining derained results, we directly used Matlab
codes in the published repository to compute the quantitative deraining performance of the methods.
Figure 3 shows the derained results of these video deraining methods in the usual rain scenes. As shown
in the first row, the rain-removed results show that Garg’s, Kim’s, Jiang’s, Liu’s, and Ren’s methods leave
obvious rain streaks. Moreover, Ren’s approach mistakenly removes moving objects. The rain layers in
the second row depict that apart from Li’s algorithm, which finely preserves texture details, the rains
extracted by other methods contain some background.
We also evaluated the methods under heavy rain scenarios, as shown in Figure 4. The derained results
in the first row illustrate that Garg’s, Kim’s, Jiang’s, and Liu’s methods cannot effectively detect heavy
rain streaks. Compared to Wei’s method, which treats rain streaks as an accumulation of noise instead
of natural rain streamline, Li’s method presents natural patterns and better visual effects.
Table 4 lists the quantitative comparisons of the methods, showing that among these methods, Li’s
method achieves relatively better performance.
Moreover, we adopted another latest and typical dataset, called NTURain [59]4) , to demonstrate more
comprehensive comparisons. Figure 5 presents the visual results on a video with synthesized rain, and
Table 5 lists the quantitative performance on four synthesized videos from NTURain. From these results,
we find that all these methods cannot completely remove rain streaks. Moreover, compared to other
3) https://github.com/MinghanLi/MS-CSC-Rain-Streak-Removal
4) https://github.com/hotndy/SPAC-SupplementaryMaterials
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(b) Garg et al.

(f) Wei et al.

(c) Kim et al.

(d) Jiang et al.

(g) Li et al.

(h) Liu et al.

Figure 4 (Color online) (a) Input rainy frame with synthetic heavy rain (upper) and groundtruth (lower) from the dataset released
by [26]; (b)–(h) derained frames and extracted rain layers by 7 competing methods.
Table 4

Quantitative comparisons of all competing video rain removal approaches in synthetic rain

Datasets

Figure 3

Figure 4

Metrics

PSNR

VIF

FSIM

SSIM

PSNR

VIF

FSIM

SSIM

Input

28.22

0.637

0.935

0.927

23.82

0.766

0.970

0.929

Garg et al. [13]

29.83

0.661

0.955

0.946

24.15

0.611

0.960

0.911

Kim et al. [56]

30.44

0.602

0.958

0.952

22.39

0.526

0.932

0.886

Jiang et al. [57]

31.93

0.745

0.971

0.974

24.32

0.713

0.966

0.938

Ren et al. [55]

28.26

0.685

0.970

0.962

23.52

0.681

0.966

0.927

Wei et al. [25]

29.76

0.830

0.992

0.988

24.47

0.779

0.980

0.951

Li et al. [26]

33.89

0.865

0.992

0.992

25.37

0.790

0.980

0.957

Liu et al. [27]

27.56

0.626

0.995

0.941

22.19

0.555

0.946

0.895

methods, Yang et al.’s approach is the most competitive.
7.1.2 Experiments on real-world data
Here, we display the restored images of the video deraining methods on real rainy videos. As we have no
ground-truth knowledge, we only provide visual effect comparisons of the methods.
Figure 6 presents the deraining background images on a real video, including moving vehicles and
walking pedestrians, which are captured by surveillance systems on street. The figure shows that at the
location of a moving car, Garg’s, Kim’s, Jiang’s, and Wei’s methods lead to certain unfavorable artifacts.
Comparatively, Li’s method performs relatively finely in this complicated scenario.
Figure 7 displays rain removal performance on a real video obtained at night. Comparatively, Wei’s
and Li’s methods can detect all rain streaks better.
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Input

Garg et al.

Ren et al.
Figure 5

Jiang et al.

Chen et al.

Yang et al.

(Color online) Visual comparison on a video with synthetic rain (a1 in the NTURain testing dataset [59]).

Table 5

Average PSNR and SSIM results on four synthesized datasets from NTURain

Datasets

a1

a2

a3

a4

Metrics

PSNR

SSIM

PSNR

SSIM

PSNR

SSIM

PSNR

Input

28.25

0.935

27.88

0.944

27.61

0.919

31.24

SSIM
0.944

Garg et al. [13]

23.65

0.842

27.37

0.910

24.14

0.857

32.62

0.952

Jiang et al. [57]

22.05

0.883

25.99

0.746

24.13

0.670

29.70

0.954

Ren et al. [55]

28.93

0.934

29.06

0.944

28.46

0.924

30.43

0.958

Chen et al. [59]

29.15

0.951

29.73

0.953

29.13

0.944

33.86

0.967

Yang et al. [61]

32.17

0.962

32.22

0.966

31.57

0.953

35.76

0.974

Input

Ren et al.

Garg et al.

Kim et al.

Wei et al.

Li et al.

Jiang et al.

Liu et al.

Figure 6 (Color online) Rain-removed results of all comparing approaches on a real video selected from the dataset released
by [26] with a static background and dynamic rain, including complex moving objects.

Figure 8 shows derained results on a real video, i.e., ra2 from NTURain testing dataset. As shown, in
the real scenario, almost all methods leave obvious rain streaks or rain marks.

7.2

Single image deraining experiment

Here, we evaluate recent typical single image deraining approaches, including model-driven derainers: Luo
et al. [16] (DSC), Li et al. [17] (GMM), and Gu et al. [18] (JCAS), and representative data-driven derainers:
Fu et al. [21] (Clear), Fu et al. [23] (DDN), Li et al. [24] (RESCAN), Ren et al. [32] (PReNet), Wang et
al. [33] (SPANet), Yang et al. [2] (JORDER E), Wei et al. [35] (SIRR), and Yasarla et al. [87](UMRL).
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Garg et al.

Kim et al.

Wei et al.

Li et al.

Jiang et al.

Liu et al.

(Color online) Recovery frame of all comparing approaches on a real video at night selected from the dataset released

Input

Ren et al.

Garg et al.

Jiang et al.

Chen et al.

Yang et al.

Figure 8 (Color online) Visual comparison on a real rain video captured by panning unstable cameras (ra2 in the NTURain
dataset [59]).

7.2.1 Experiments on synthetic data
For synthetic data, we utilized the frequently-used datasets, including Rain1400 generated by Fu et
al. [23], Rain12 provided by Li et al. [17], and Rain100L and Rain100H released by Yang et al. [1].
Specifically, Rain1400 includes 14000 image pairs synthesized from 1000 background images with 14 rain
types with different magnitudes and directions. Among these images, 900 clean images (12600 rainy
images) are chosen for training and 100 background images (1400 rainy images) are selected as the test
dataset. Rain12 contains 12 image pairs. Rain100L has only one rain type chosen from BSD200 [114], and
the dataset includes 200 training paired images and 100 testing ones. In contrast to Rain100L, Rain100H
is more difficult to use since it has five types of streak in different directions. Rain100H comprises 1800
training rainy/background image pairs and 100 test image pairs. As for SIRR, we used 147 real unlabeled
rainy samples from [35] to accomplish the unsupervised training part. Since Rain12 contains few data,
such as [32], we simply evaluated Rain12 based on the model trained on Rain100L.
We evaluated the methods using two commonly used metrics PSNR and SSIM based on Matlab codes
in the published repository. As human perception is sensitive to the luminance channel, we used the Y
channel in YCbCr space to compute all quantitative results. Note that some GAN-based singe image
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Input

DSC

GMM

JCAS

Clear

DDN

RESCAN

PReNet

SPANet

JORDER_E

SIRR

UMRL

(Color online) Recovery results of all comparing derainers on a synthetic test image from Rain100L [1].

Groundtruth

Figure 10

Input

DSC

GMM

JCAS

Clear

DDN

RESCAN

PReNet

SPANet

JORDER_E

SIRR

UMRL

(Color online) Recovery results of all comparing derainers on a synthetic image from Rain100H [1].

derainers [82] also used the evaluation metrics PSNR and SSIM. Especially, SSIM is well correlated with
human’s perception of image quality [107].
Figure 9 shows the visual and quantitative performance of rain-removed results for one synthetic rainy
image from Rain100L. As displayed, the three model-driven approaches, DSC, GMM, and JCAS, leave
several rain streaks in the recovered image. Especially, JCAS tends to over smooth the background
images. This implies that prior knowledge is not sufficient to convey complicated rain streak shapes in
a synthetic dataset. Compared to these conventional model-driven methods, six data-driven methods,
Clear, DDN, RESCAN, PReNet, SPANet, and JORDER E, can more completely remove rain streaks.
However, they damage the image content, resulting in a loss of image information, and UMRL leaves
obvious rain marks. Although SIRR focuses on domain adaption, it fails to remove most rain streaks.
This can be explained by the fact that the rain distributions between Rain100L and real rainy images
are not the same and that GMM is not entirely applicable to real rain layers.
We further evaluated these methods on Rain100H. As displayed in Figure 10, due to complicated rain
patterns in heavy rain cases, the rain detection capability of these methods was weakened. By observing
the magnified red boxes, we find that for almost all methods compared here, rain removal results are not
satisfactory when rain streaks and the image background are merged. A more rational and insightful
understanding of the intrinsic imaging process of rain is still required and should be further discovered [1].
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Input

DSC

GMM

JCAS

Clear

DDN

RESCAN

PReNet

SPANet

JORDER_E

SIRR

UMRL

(Color online) Recovery results of all comparing derainers on a synthetic image from Rain1400 [23].

Input

DSC

GMM

JCAS

Clear

DDN

RESCAN

PReNet

SPANet

JORDER_E

SIRR

UMRL

(Color online) Recovery results of all comparing derainers on a synthetic image from Rain12 [17].

We additionally conducted an evaluation based on Rain1400 and Rain12 with different rain patterns, as
presented in Figures 11 and 12. From these, we can easily understand that generally data-driven methods
can achieve a better rain removal effect than model-driven methods. However, these DL methods result
in the loss of image details in derained results.
Table 6 presents the quantitative performance of typical approaches on synthetic datasets. Based on
the table, we can conclude that benefitting from the strong nonlinear fitting capability of deep networks,
the rain removal effect of most data-driven algorithms is better than those of traditional model-driven
methods.
7.2.2 Experiments on real-world data
For real-world applications, the deraining ability of all derainers on real rainy samples is of interest. Here,
we provide a fair evaluation based on two real-world datasets, i.e., RealData and SPA-Data, both proposed
by Wang et al. [33]. For the unlabeled RealData without ground truth, we performed the quantitative
comparison using well-known nonreference indicators: SSEQ and NIQE. The lower the SSEQ and NIQE,
the better the derained results.
Figure 13 demonstrates the generalization performance on a hard sample from RealData, where all
DL-based derainers are trained on Rain100H. As shown, most of these methods cannot completely re-
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Datasets
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Average PSNR and SSIM results on four synthesized datasets

Rain100L

Rain100H

Rain1400

Rain12

Metrics

PSNR

SSIM

PSNR

SSIM

PSNR

SSIM

PSNR

Input

26.90

0.838

13.56

0.371

25.24

0.810

30.14

SSIM
0.856

DSC [16]

27.34

0.849

13.77

0.320

27.88

0.839

30.07

0.866

GMM [17]

29.05

0.872

15.23

0.450

27.78

0.859

32.14

0.915

JCAS [18]

28.54

0.852

14.62

0.451

26.20

0.847

33.10

0.931

Clear [21]

30.24

0.934

15.33

0.742

26.21

0.895

31.24

0.935

DDN [23]

32.38

0.926

22.85

0.725

28.45

0.889

34.04

0.933

RESCAN [24]

38.52

0.981

29.62

0.872

32.03

0.931

36.43

0.952
0.961

PReNet [32]

37.54

0.980

30.08

0.905

32.09

0.942

36.66

SPANet [33]

35.33

0.969

25.11

0.833

29.85

0.915

35.85

0.957

JORDER E [2]

37.89

0.980

30.21

0.896

32.00

0.935

36.69

0.962

SIRR [35]

32.37

0.926

22.47

0.716

28.44

0.889

34.02

0.935

UMRL [87]

33.38

0.974

27.78

0.901

28.77

0.891

30.60

0.957

Input

DSC

GMM

JCAS

Clear

DDN

RESCAN

PReNet

SPANet

JORDER_E

SIRR

UMRL

Figure 13 (Color online) Rain-removed background of different methods on a real rainy sample from RealData [33]. Zooming in
these results on screen can obtain a better visual comparison.
Table 7

Average SSEQ and NIQE comparisons on RealData [33]. All DL based derainers are trained on Rain100H

Methods

Input

DSC

GMM

JCAS

Clear

DDN

RESCAN

PReNet

SPANet

JORDER E

SIRR

UMRL

SSEQ↓

28.28

26.45

35.37

31.61

31.95

26.98

27.31

28.23

29.84

28.21

25.88

35.59

NIQE↓

5.104

5.054

5.811

5.363

5.278

4.850

4.673

4.677

4.905

4.687

4.828

5.487

move rain streaks and rain accumulation effects. Although PReNet, RESCAN, and JORDER E achieve
significant deraining performance on synthetic datasets, they over smooth the background information
to some degree. This implies that for model-driven methods, the priors they adopt have not comprehensively considered the complicated distribution of real rain, and for data-driven methods, they tend
to learn specific rain patterns in synthesized data and cannot finely generalize real samples with various
rain patterns. Table 7 provides the quantitative comparison results. The table shows that under such
a generalization setting, SIRR has the low SSEQ and NIQE. This might be attributed to the use of
unsupervised modules.
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(Color online) Recovery results of different methods on a real rainy sample from SPA-Data testing dataset [33].

Table 8

Average PSNR and SSIM on SPA-Data testing set [33]. All DL based derainers are trained on Rain100L

Methods

Input

DSC

GMM

JCAS

Clear

DDN

RESCAN

PReNet

SPANet

JORDER E

SIRR

UMRL

PSNR

34.15

34.83

34.30

34.95

32.66

34.66

34.70

34.91

35.13

35.04

34.66

32.71

SSIM

0.927

0.941

0.943

0.945

0.942

0.935

0.938

0.941

0.944

0.941

0.935

0.932

Table 9 Comparison of network parameters and test running time for the input image with size 515 × 512 on GPU among deep
single image derainers
Methods

Clear

DDN

RESCAN

PReNet

SPANet

JORDER E

SIRR

UMRL

Parameter #

754691

57369

149823

168963

283716

4169024

58578

984356

Time (s)

0.50

0.61

0.61

0.21

1.72

3.12

3.65

3.68

Further, we used SPA-Data to more objectively analyze the generalization ability of all methods. The
results are presented in Figure 14 and Table 8. Figure 14 and Table 8 show that in this generalization case,
the model-driven method JCAS with meaningful priors performs better than some data-driven models,
i.e., DDN and RESCAN. These DL-based derainers have varying degrees of overfitting problems.
7.3

Network parameters and inference time

Table 9 presents a comparison among all deep single image derainers, including network parameters
and average inference time on GPU. The table shows that JORDER E and UMRL have relatively more
parameters. Moreover, PReNet comparatively has fewer parameters and is shown as a relatively more
light-weighted framework.

8

Conclusion and future studies

In this study, we have provided a comprehensive survey on recent deraining algorithms for videos or a single image. Both conventional model-driven and recent data-driven methodologies developed for deraining
tasks have been thoroughly introduced. Recent representative algorithms have been implemented on both
synthesized and real benchmark datasets, and their deraining performance, especially their generalization
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capability, has been empirically compared and quantitatively analyzed. Furthermore, for general users
to easily obtain rain removal resources, we publish a repository with detailed classification, including
direct links to 85 deraining papers, 24 relevant project pages, source codes of 12 and 15 algorithms for
video and single image deraining, respectively, 5 and 10 real and synthesized datasets, respectively, and 7
frequently used image quality evaluation metrics, along with the corresponding computation codes. We
believe this repository should be beneficial for further advancement in this relevant research issue.
Here, we summarize some limitations that still exist in current deraining methods:
(1) Since overlapping exists between background texture and rain patterns, most deraining techniques
tend to more or less remove texture in clean background regions, thus resulting in an over-smoothing
effect in the recovered background.
(2) As aforementioned, the imaging process of rain in natural scenes is complex [1, 3, 34]. However,
the rain model widely used in most existing methods has not sufficiently described intrinsic mechanisms,
such as the mist/fog effect formed by rain streak accumulation.
(3) Although current model-driven derainers elaborate some priors for describing complicated rain,
most existing prior forms apply only to specific rain patterns and cannot generally represent the irregular rain distribution in the real world. Another obvious drawback is that the optimization algorithms
employed by these methods generally involve many computation iterations, causing their inefficiency in
real scenarios [16–18, 55, 68].
(4) Most data-driven methods require large training samples, which are time-consuming and laborious
to collect [1, 23, 33]. In addition, they generally have unsatisfactory generalization capability because of
the overfitting-to-training-sample issue.
(5) For the video deraining task, most model-driven methods cannot be directly used in streaming
video data [25,26,55] in real time. In addition, the DL-based methods need a large number of supervised
videos, which exhibit high computational complexity in the training stage, and they cannot guarantee
favorable rain removal performance, especially in complex scenes [27, 59].
Hence, rain streak removal from videos or a single image is still an open research problem worthy of
further investigation. Based on our evaluation and research experience, we also attempt to present the
following remarks to illustrate some meaningful future research directions along this line:
(1) Owing to the diversity and complexity of real rain, a meaningful scope is to skillfully integrate
model- and data-driven methodologies into a unique framework to combine the superiority of the two
learning approaches. A hopeful direction is the deep unroll strategy, which might construct networks
with better interpretability and generalization ability [93, 94, 115].
(2) To deal with the difficulty in collecting training data and alleviate the overfitting problems, semisupervised/unsupervised learning and domain adaption and transfer learning regimes should be necessarily explored to transfer learned knowledge from limited training cases to a wider range of diverse testing
scenarios [35, 95, 97].
(3) To better serve real applications, we should emphasize efficiency and real-time requirement. Especially for videos, it is necessary to construct online rain removal techniques that meet three crucial
features: persistence (process streaming video data in real time), low time and space complexity, and
universality (available to complex video scenes). Similarly, fast test speed for a single image is also
required.
(4) In general, deraining is used as a pre-processing phase for certain subsequent vision tasks. Taskspecific deraining algorithms need to be developed [3].
(5) Since rain is closely related to other weather conditions, for example, haze and snow [1, 26], multitask learning by accumulating multiple sample sources collected in bad weathers for performance enhancement may also be worthy of exploration in future research.
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