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Abstract
As one of the most important sensors, cameras cap-
turing images to reflect the world. However, the im-
ages of outdoor scenes are usually degraded by the
bad weathers. In this paper, we focus on removing
rain from a single input image. Traditional derain-
ing approaches always filter out the rain streak but
ignore the haze (mist) caused by the high humidity
air in the rain images. Nevertheless, we content that
haze and rain removals in the rain images are tightly
intertwined, since the haze can also dramatically re-
duce the visibility of the scenes as rain streak. To
leverage the coupled nature of these two tasks, we
propose a novel dark channel guided convolutional
neural network, named DC-Net, to simultaneously
remove the concomitant rain streaks and haze in the
rain images. With the DC-Net, we achieve the best
rain removal performance with 1/3 time-cost com-
pared against the state-of-the-art methods.

1 Introduction
Cameras are widely used for video surveillance, automatic
drive, environmental monitoring, etc. However, images cap-
tured in outdoor scenes are usually degraded by the bad
weathers. Among them, rain is one of the worst situation,
which can dramatically reduce the visibility of the scenes, as
shown in Figure 1 (a). Therefore, image deraining is highly
desired for various real applications. In this paper, we address
the task of rain removal from a single image, which goal is
to automatically remove the visual distortions caused by rain
and enhance the clarity and contrast of the image without in-
troducing other blur and noise.

However, single image deraining is a highly ill-posed prob-
lem because there are multiple solutions for arbitrary given
single rain image [Li et al., 2016; Yang et al., 2016]. So there
is no uniform model for all real-world rain images. Moreover,
as rainy is a dynamic weather condition, single image derain-
ing is more difficult than video deraining [Garg and Nayar,
2004; Santhaseelan and Asari, 2015], due to lack of tempo-
ral information for rain detection and image recovery. Most
important, in real-world scenes, rain is usually accompanied
with mist which can lead to further occlusion on images. As
the researchers in single image haze removal filed makes no

(a) (b)

(c) (d)

Figure 1: (a) a real-world rain image; (b) the derained re-
sult [Li et al., 2016]; (c) the dehazed result [He et al., 2009];
(d) the result of joint rain and haze removal. (Best seen in
color.)

distinction among haze, fog, and mist, we use haze to indi-
cate mist in this paper. Some researchers [Li et al., 2016;
Fu et al., 2016; Yang et al., 2016] have already noticed this
phenomenon and proposed to remove haze before or after de-
rain independently in recent years. Nevertheless, as the haze
is caused by the rain, instead of simply linear combination,
rain and haze are interrelated and concomitant in real-world
rain images. Thus, we should remove rain and haze jointly
rather than independently. For example, as shown in Figure 1,
(a) shows a real-world rain image, (b) shows the result of the
derain-only method [Li et al., 2016], (c) shows the result of
the dehaze-only method [He et al., 2009], and (d) shows the
result of our proposed method which can simultaneously de-
rain and dehaze. It is obvious that joint derain and dehaze can
significantly improve the quality of rain images.

Existing methods for single image deraining have mainly
focused on decomposing an image into rain and back-
ground components by dictionary learning [Kang et al., 2012;
Luo et al., 2015; Chen et al., 2014], low-rank appearance
model [Chen and Hsu, 2013], and patch-based priors [Li et
al., 2016]. However, these methods are either based on strong
constraint that rain streaks have similar directions and appear-
ance or tend to over-smooth or leaving too many rain streaks



in the result images Furthermore, these methods are time-
consuming due to the multiple-objective optimization and it-
erative algorithms. Besides, they also neglect the interactive
and concomitant between rain and haze which is an signifi-
cant factor degrading the outdoor image quality. Therefore, it
is difficult to achieve perfect derain results on real-world rain
images. Although many researchers have noticed the phe-
nomenon that rain is usually accompanied with haze, most of
them [Li et al., 2016; Yang et al., 2016] choose to add an ad-
ditional dehaze operation before or after deraining. As men-
tioned before, rain and haze are not simply linear combina-
tion in real-world rain images, so dehaze and derain process
cannot be operated independently.

Undoubtedly, Convolutional Neural Network (CNN) have
achieved the state-of-the-art performance on various high-
level visual tasks, such as image classification, action recog-
nition.Recently, its power on low-level visual tasks (e.g., im-
age denoise [Eigen et al., 2013],super-resolution [Dong et al.,
2016], deblur [Sun et al., 2015] and dehaze [Cai et al., 2016;
Ren et al., 2016]) has also been explored and demonstrated.
In this kind of task, the convolutional filters can be considered
equivalent to the pre-trained bases, e.g., Histogram of Ori-
ented Gradient (HOG) and Gaussian Mixture Model (GMM),
to extract abundant features. Moreover, by accounting the er-
ror in the final image prediction, the network learns an end-
to-end mapping between the input low-quality images and the
output high-quality images. However, there are few works
to jointly exploit derain and dehaze with CNN. Because this
requires a well-designed multi-task network architecture and
sufficient training images that can reflect real-world condi-
tions. Furthermore, CNN does not work well on directly de-
haze, because it is more difficult to learn global features, such
as haze, than local features like edges, corners, and shapes.

In this paper, we propose a dark channel guided convolu-
tional neural network, named as DC-Net, for single image
deraining. Particularly, we first employ a fully convolutional
neural network to learn a mapping function between the rain
image and the corresponding ground-truth image. Different
from CNNs for low-level vision problems which adopt MSE
loss on RGB channels as the cost function (i.e. color loss),
our target is to jointly remove rain and haze caused by rain in
one framework. To achieve it, we innovatively combine the
color loss with dark loss. The proposed dark loss is utilized to
remove the haze and increase the visibility of the scene and
visual comfort. Specifically, the dark loss can facilitate the
dehaze result by minimizing the distance between the output
dark channel and the corresponding ground-truth dark chan-
nel. The network is trained under the joint supervision of the
color loss and dark loss, with a hyper parameter to balance the
two supervision signals. The color loss forces the rain streak
removal and total image restoration on color space. The dark
loss specially removes the haze to enhance the final result.
With the joint supervision, not only the rain streaks can be
removed, but also the accompanied haze can be decreased si-
multaneously.

The main contribution of this paper can be summarized
as follows. (1) We have designed an innovative multi-task
neural network that represents one of the first attempts to-
wards unifying the rain and haze removal into one end-to-end

framework. (2) We introduce a dark channel guided CNN
tailored for haze removal task in DC-Net, which effectively
incorporates the dark channel-based prior into CNN to elim-
inate the haze without reducing the luminance of the entire
image. (3) Experiment results on two datasets demonstrate
that the proposed DC-Net advances state-of-the-arts derain-
ing results significantly. Moreover, to facilitate the research
and evaluate the proposed method, we build a new dataset
named Rain700. Compared with existing datasets, Rain700
is much more than 50 times larger and can better mimic the
real-world weather conditions. The Rain700 dataset will re-
lease at https://github.com/darkrainremoval/DC-Net.

2 Joint Rain and Haze Removal
2.1 CNN-based Rain Removal
CNN performs well in many low-level vision tasks, such
as image super-resolution [Dong et al., 2016], and de-
noise [Eigen et al., 2013]. In the training procedure, the net-
work can learn an end-to-end mapping from low-quality im-
ages to the high-quality images by back-propagating the error
between training data and the ground truth. During the test
phase, the low-quality input image can be directly mapped
into the high-quality space through the trained CNN. As one
of the low-level task, rain removal can utilize the similar net-
work structure.

The CNN adopted in low-level vision applications usually
contains three components, including one feature extraction
layer, the non-linear mapping layers, and one reconstruction
layer, as shown in Figure 2. The convolutional filters can
be considered equivalent to the pre-trained bases to extract
abundant features.

Feature Extraction. For the input rain image X , the first
layer F1 convolves it by a set of filters which are equivalent
to densely extract patches and represent them. It produces a
high-dimensional vector for each patch.

F1(X) = σ(W1 ∗X +B1) (1)

whereW1 andB1 represent the filters and biases respectively,
and ∗ denotes the convolution operation.

Non-linear Mapping. By using a set of 1 × 1 filters, the
middle layers Ft can map the high-dimensional vector gen-
erated by F1 into another high-dimensional vector which is
equivalent to apply a non-linear mapping operation at each
spatial location.

Ft(X) = σ(Wt ∗ Ft−1(X) +Bt) (2)

Reconstruction. The reconstruction layer FT aggregates
the above feature maps into the final derained output by a set
of linear filters.

FT (X) = WT ∗ FT−1(X) +BT (3)

Instead of individual optimization in traditional sparse
coding-based methods, the fully convolutional network in-
tegrates feature extraction, non-linear mapping, and recon-
struction together. So, these operations are involved in the
filters can be optimized together. To learning the end-to-end
mapping function F , we need to estimate the network param-
eters {W1,W2, . . . ,WT ;B1, B2, . . . , BT }. This is achieved
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Figure 2: The architecture of our proposed dark channel guided multi-task neural network.

through minimizing the loss between the output image FT (x)
and the corresponding ground-truth image y. Thus, we use
color loss to measure the difference on RGB channel

L =
1

N

N∑
i=1

||FT (x)− y||2F . (4)

Due to its effectiveness, the fully convolutional network
has been adopted in the recent works for image rain removal.
Although the proposed network performs better than many
traditional methods, it cannot well handle most real-world
rain images. Only implementing deraining operation for rain
images cannot generate realistic clear results due to rain usu-
ally accompanies mild haze in real-world. Therefore, directly
utilizing CNN for rain removal require an additional enhance-
ment for haze removal. However, the existing enhancement
always severely reduces the luminance in the derained im-
ages. In order to solve this problem, we propose to jointly
derain and dehaze in one convolutional network.

2.2 DC-Net-based Rain Removal
Because rain is usually accompanied with non-uniform haze
in real-world scenes that only applying derain operation can-
not remove the haze. CNN-based rain removal cannot di-
rectly obtain the feature of haze and remove the haze based
on RGB channels. That is why almost no exist dehaze method
directly remove haze from RGB images. Therefore, it is nec-
essary to add a dehaze component into the traditional CNN
for jointly removing rain and haze to improve the quality of
derained images. Figure 2 shows the network architecture.

Dark Channel guided CNN
In image haze removal filed, dark channel prior is simple
but effective. It is a physics-based prior that comes from the
statistics of a large number of outdoor images. For an image
I , the dark channel is defined as

D(I) = min
c∈{r,g,b}

( min
y∈Ω(x)

(Ic(y))), (5)

where Ic is a color channel of I , Ω(x) is a local patch cen-
tered at x. This prior describes the minimum values in image
patches. In other word, in the non-sky patch of a haze-free

outdoor images, at least one color channel has very low in-
tensity at some pixels. The low intensities in the dark channel
are mainly due to shadows, colorful and dark objects or sur-
faces. Based on our observation that the clear images usually
have lower intensity in dark channel than the real-world rain
images, especially heavy rain images. However, the original
dense dark channel uses the minimum value as the value of
each pixel in the patch. This operation will enlarge the resid-
ual in back propagation. In fact, the dense dark channel tends
to reduce the luminance of the whole image. Thus, we em-
ploy a sparse dark channel defined as follow to maintain the
residual and appropriately remove the haze.

D̃(i, j, c) =

{
min, if I(i, j, c) = min

0, otherwise (6)

where i and j denote the location of one pixel, c = 1, 2, 3
denotes the c-th channel.

Specifically, we propose the dark loss function which is
formulated as

LD =
1

N

N∑
i=1

||D̃(FT (x))− d||2F , (7)

where F indicates convolutional layer, D̃ indicate the dark
channel operation mentioned in Equation 5. In particular,
we lock the top T − 1 layers and only train the T -th layer.
By minimizing the loss between the output dark channel
D̃(FT (x)) and the corresponding ground-truth dark channel
d, the model can learn how to remove the haze. The non-
linear minimum operation D̃(x) can factorized as follows

D̃(x) = M ◦ I(x), (8)
where ◦ denotes the Hadamard product. M is a binary mask
to indicate the locations of the minimum pixels in a patch,

M(i, j, c) =

{
1, if D̃(i, j, c) = min
0, otherwise.

(9)

By multiplying an n × n × 3 image patch x with the corre-
sponding 3−D matrix M , we can get its dark channel D̃(x).
And the only non-zero value in the 3 − D matrix D̃(x) is
the minimum value of patch x, as shown in Figure 3. With
the location mask M , we can easily compute the residual for
back-propagation.
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Figure 3: The computation of dark channel ◦ denotes the
Hadamard product.

Multi-task CNN for Jointly Rain and Haze Removal
As discussed before, implementing dehaze operation as the
pre- or after- processing cannot generate satisfactory results.
Joint derain and dehaze can facilitate the final result in clear-
ing up the haze, and enhancing the contrast and visibility. As
a result, the traditional CNN for rain removal and dark chan-
nel guided CNN for haze removal cannot be learned or used
separately. Therefore, we propose a novel multi-task CNN
that employs the multi-task learning strategy to learn the de-
rain and dehaze tasks simultaneously, which can increase the
sample size for each task and jointly improve their perfor-
mance.

The input of our network is a triad {x, y, d}, x indicates
the synthetic rain image patches, y and d indicate the cor-
responding ground-truth image patches and its dark channel
respectively. Then, we can define the goal of joint derain and
dehaze model learning as follows

min ||FT (x)− y||2F + ||D̃(FT (x))− d||2F . (10)

The minimization of ||FT (x) − y||2F makes sure that the
model is trained to produce an clear image approximate to the
ground truth, and the minimization of ||D̃(FT (x))− d||2F en-
sures that the haze can be removed together. Then, we adopt
the joint supervision of color loss and dark loss to train the
network for joint rain and haze removal. The formulation is
given in Equation 11.

L = 1
N

∑N
i=1 ||FT (x)− y||2F

+ λ · 1
N

∑N
i=1 ||D̃(FT (x))− d||2F .

(11)

A hyperparameter λ is used for balancing the two loss func-
tions. The loss can be minimized by stochastic gradient de-
scent with 0.9 momentum. For the balance between accuracy
and speed, we adopt a three layers network in this paper. We
initialize the weights at all layers by randomly drawing from
a Gaussian distribution with mean 0 and standard deviation
0.001. The biases are initialized to 0. The initial learning rate
is 0.0001 and decreased by 0.9 after every 10 epochs. We use
no momentum or weight regularization.

3 Experiments
3.1 The Rain700 Dataset
In real-world practice, it is difficult to obtain the ground truth
of the real-world rain images with various scenes and differ-
ent background. Therefore, existing works mainly add arti-
ficial rain streaks on clear images to synthesize rain images
such as Rain12 [Li et al., 2016]. Nevertheless, there are two
main defects in these datasets. Firstly, they only synthesize

rain streaks but neglect the haze on images, which cannot
reflect the real-world weather conditions. Moreover, these
datasets are too small (e.g., Rain12 has only 12 images) for
training a discriminative and robust CNN model. Thus, we
collect a new dataset called Rain700 which contains more
than 700 clear and synthetic rain images pairsThe clear im-
ages are collected from BSDS500 [Arbelaez et al., 2011] and
web, which contain various natural scenes with different con-
tent and background. First, we convert the RGB images to
YCbCr color space and synthesize rain streaks on Y Channel.
The rain streaks are synthesized by the photorealistic render-
ing techniques proposed in [Garg and Nayar, 2006]. For syn-
thesizing haze , we use the method proposed by Liu et al [Liu
et al., 2015] to estimate the depth map d(x) of the ground-
truth images. Then, we can compute the transmission map
t(x) according to the exponential function:

t(x) = e−βd(x), (12)
where the scattering coefficient of the atmosphere β is ran-
domly set from 0.5 to 1.5 as suggested in [Ren et al., 2016].
At last, we can synthesize haze image by

H(x) = I(x)t(x) +A(1− t(x)), (13)
which is widely used in the filed of image dehaze. The global
atmospheric lightA is set to 1 as suggested in DehazeNet [Cai
et al., 2016] to avoid the uncertainty in variable learning. Fi-
nally, the synthetic rain streak image and haze image are com-
bined as the final rain images.

3.2 Experimental Settings
In order to evaluate the dark channel guided CNN for jointly
derain and dehaze, we compare the following seven meth-
ods on the existing Rain12 and proposed Rain700 datasets.
(1) Synthetic. This is the baseline difference between syn-
thetic images and the ground-truth images. (2) Discrimi-
native Sparse Coding-based Method (DSC). The method
learns a dictionary with mutual exclusivity to separate the de-
rained image layer and the rain layer [Luo et al., 2015]. We
select it as the state-of-the-art for dictionary learning based
methods. (3) Layer Priors-based Method (LP). This is layer
priors-based method [Li et al., 2016] that adopts the GMM
to separate the rain streaks. We select it as the state-of-the-
art algorithm for layer prior-based method. (4) CNN-based
Method (DerainNet). The method is based on fully con-
volutional neural network proposed by Fu et al [Fu et al.,
2016] that applies an enhancement operation on the outputs
of the network to reduce the haze caused by rain. (5) LP-
DehazeNet. This algorithm implements the state-of-the-art
single image dehaze method DehazeNet [Cai et al., 2016] as a
post-processing of rain removal by LP. (6) DSC-DehazeNet.
This method implements DehazeNet as a post-processing of
rain removal by DSC. (7) DC-Net. The proposed method for
joint rain and haze removal in one framework.

We evaluate the methods on synthetic images by two crite-
ria: Structure Similarity (SSIM) and Peak Signal to Noise
Ratio (PSNR) which are widly used in the field of image
deraining [Luo et al., 2015]. The SSIM and PSNR values
of ground-truth images are equal to 1. For real-world rain
images, it is not easy to provide quantitative analyses as the
ground-truth images are unavailable.



1 2 3 4 5 6 7 8 9 10 11 12 Avg.

Synthetic 0.35 0.70 0.66 0.56 0.45 0.74 0.86 0.85 0.60 0.68 0.70 0.54 0.64
DSC 0.36 0.67 0.63 0.67 0.52 0.75 0.85 0.70 0.65 0.72 0.74 0.61 0.67
LP 0.31 0.72 0.68 0.51 0.40 0.71 0.85 0.86 0.51 0.72 0.70 0.51 0.62
DerainNet 0.37 0.63 0.64 0.58 0.45 0.71 0.67 0.68 0.57 0.62 0.62 0.70 0.60
LP-DehazeNet 0.40 0.63 0.78 0.28 0.43 0.75 0.90 0.90 0.56 0.82 0.79 0.62 0.65
DC-Net 0.48 0.85 0.83 0.71 0.60 0.88 0.95 0.93 0.73 0.83 0.86 0.75 0.78

Table 1: Quantitative comparison of deraining results on Rain12 dataset using the criterion of SSIM.

Input DSC LP DerainNet DC-Net

Figure 4: Visual comparisons of different methods. The first
row shows the full image and the second row shows one
zoomed-in region. (Best seen in color.)

DC-NetDSC-DehazeNet LP-DehazeNetInput

Figure 5: The results on a real-world image with different
joint rain and haze removal methods. (Best seen in color.)

3.3 Evaluation on Synthetic Images
To quantitatively evaluate the performance of our method, we
first test it onRain12 andRain700. The quality of the output
images are measured on color images in RGB color space.
Table 1 demonstrates the SSIM value of five methods on
Rain12. 1-12 indicate the image numbers. Avg indicates
the mean SSIM value over 12 images. Table 2 shows the
comparison on Rain700 in terms of SSIM and PSNR. The
SSIM values of ground-truth images are 1. The SSIM val-
ues between synthetic images and the ground-truth images
are listed in the third raw. From the tables, we can find that
the DSC and LP do not work very well, because they only
consider deraining without removing haze in the images. The
DerainNet, which applies an enhancement operation after de-
raining, is worse in some images than the above derain-only
methods. The reason is that the enhancement operation can
introduce other noises. Moreover, the LP-DehazeNet obtains

Synthetic DSC LP DerainNet DC-Net
SSIM 0.53 0.56 0.54 0.61 0.65
PSNR 9.92 10.92 10.71 13.68 15.36

Table 2: Quantitative comparison of deraining results on
Rain700 dataset using SSIM and PSNR.

better performance than the LP method. This means that de-
haze can improve the derained images by a limited margin.
At last, our proposed DC-Net achieves the best performance
and dramatically improves the quality of the images due to the
powerful representation ability of the multi-task CNN. These
results demonstrate the effectiveness of jointly remove rain
and haze in one general framework, and the power of cooper-
ative and dark loss.

3.4 Evaluation on Real-world Images

To further evaluate the proposed method, we compare differ-
ent methods on the real rain images. Two examples are shown
in Figure 4 and 5. More results on real rain images can be ob-
tained at https://github.com/darkrainremoval/DC-Net. From
Figure 4, we can find that LP over-smooths the image and
losses some detailed edges. DSC remains too many rain
streaks especially on the complex background. This demon-
strates that the decomposition-based methods may be failed
due to different background, complex details, and various
rain conditions in real rain images. The results also show
that they neglect the haze in the rain image, so the contrast
and visibility of the image are very bad. DerainNet removes
most of the rain streaks from the image, but it also removes
most of the details of the background, such as the window.
Through the enhancement operation after deraining, it re-
duces the luminance of the whole image. In order to com-
pare the performance of serially and simultaneously degra-
dations removal, we apply one of the lasted dehaze method,
i.e. DehazeNet, as a post-processing of DSC and LP. The
evaluation is demonstrated in Figure 5. As well as Derain-
Net, DSC-DehazeNet and LP-DehazeNet significantly reduce
the luminance and lose the details. The proposed DC-Net re-
moves most rain streaks as well as remains details due to the
powerful representation ability of CNN and abundant train-
ing data. Furthermore, by combining the color loss with the
proposed dark loss, the trained CNN can remove the haze
while remain the luminance and contrast of the whole image.
This demonstrates the effectiveness of our dark channel prior
guided CNN for joint dehaze and derain.



Image Scale DSC LP DerainNet DC-Net
100× 100 6.65 49.76 3.76 1.14
300× 300 64.95 710.68 8.04 2.52
600× 600 261.61 1987.62 49.54 14.18

Table 3: Time complexity comparison on different image
scales.

3.5 Running Time
Comparing with other state-of-the-art methods, our method
significantly reduces the running time. We test each method
on 10 images with three different scales and list the average
running time in Table 3. All of the methods are implemented
in MATLAB using the same machine (Intel Xeon CPU E3-
1200 3.10 GHz and 8 GB memory). Our method is com-
pletely feed-forward, while the other methods need to solve
complex optimization problems on usage, such as sparse cod-
ing. As a result, the other methods consume much more
memory. Moreover, our method can be further accelerated
for practical applications by implementing on other platforms
or parallel computing on GPUs.

4 Conclusion
In this paper, we propose to re-examine the fundamental im-
age deraining problem by casting the rain and haze removal
from single images into one unified framework. To achieve
this goal, we propose a dark channel guided multi-task con-
volutional neural network, which can minimize the color and
dark losses simultaneously. The color loss is exploited to re-
move the rain, and the dark loss is built in dark channel to
eliminate the distortions of haze. Experiment results demon-
strate that the proposed method can achieve significant im-
provements in the rain removal effect with only 1/3 time cost.
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