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ABSTRACT

Image deraining is an important task for subsequent multimedia
applications in rainy weather. Traditional deep learning-based meth-
ods rely on the quantity and diversity of training data, which is
hard to cover all complex real-world rain scenarios. In this work, we
propose the first Unsupervised Controllable Network (UConNet) to
flexibly tackle different rain scenarios by adaptively controlling the
network at the inference stage. Specifically, our unsupervised net-
work takes the physics-based regularizations as the unsupervised
loss function. Then, we sensibly derive the relationship between
trade-off parameters of the loss function and the weightings of
feature maps. Based on this relationship, our learned UConNet can
be flexibly customized for different rain scenarios by controlling
the weightings of feature maps at the inference stage. Alternatively,
these weightings can also be efficiently determined by a learned
weightings recommendation network. Extensive experiments for
image and video deraining show that our method achieves very
promising effectiveness, efficiency, and generalization abilities as
compared with state-of-the-art methods.
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1 INTRODUCTION

Removing rain from a single image is a classical and challenging
low-level visual task [24, 52]. The classical rain degradation model
[33, 58] assumes that the rainy image O is an addition of the clean
image B and the rain R, i.e,,

O=B+R. 1)
The goal of image deraining is to estimate the underlying clean
image B and rain R from the observed O, which is a typical ill-
posed inverse problem. Existing image deraining methods can be
roughly categorized into three classes: model-based methods, deep
learning-based methods, and their integrations. In this paper, we
are interested in the last one: how to elegantly and cleverly com-
bine the model-based and deep learning-based methods to utilize
their respective advantages—the generalization abilities of model-
based methods and the representation abilities and efficiency of
deep learning-based methods. This is curial to make the deraining
algorithm more generalized and efficient for real world applications.

Model-Based Deraining Methods In the era before deep learn-
ing, the deraining task was usually formulated as optimization prob-
lems [1, 7], where the modeling of the clean image and rain streaks
are especially important. Early techniques included sparse coding
[18, 29, 62], which approximated different layers by discriminative
codes over learned dictionaries. The low-rankness [1, 6, 20, 62]
was widely adopted since both the rain streaks and clean images
were supposed to exhibit some low-rank structures. The non-local
means filter [19] was also developed for deraining. Li et al. [26]
utilized Gaussian mixture models to depict the complex rain streaks.
Some directional prior of rain streaks and clean images [7, 69] was
further considered for deraining. However, model-based methods
have two limitations. First, these methods are based on shallow
operators, which may lack representation abilities for real-world
complex rain scenarios. Second, many model-based methods are
not efficient enough, since they rely on iterative optimization algo-
rithms, such as alternating direction method of multipliers (ADMM)
[7], alternating minimization [26], and greedy pursuit [29].
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Figure 1: The deraining results and residual rain maps. Our learned UConNet has three controllable weightings {w; ?:1 at the
inference stage. We control each weighting (by increasing or decreasing its value) and fix others to achieve different deraining
results. UConNet can handle different rain scenarios by controlling these weightings, leading to high generalization abilities.

Deep Learning-Based Deraining Methods In recent years,
deep learning-based methods were extensively studied for derain-
ing. Based on convolutional neural networks (CNNs), these meth-
ods studied some popular deep learning architectures including
attention modules [13, 31, 37, 42, 66], variational autoencoder [9],
aggregation network [3, 25], fusion network [15, 16, 38], genera-
tive adversarial network [32, 48], recurrent network [34, 54, 67],
and some deep learning strategies such as representation learning
[2, 4, 39], residual learning [55, 67, 68], transfer learning [47, 56],
semi-supervised learning [14, 57], to name but a few [12, 35, 46, 49,
50]. Apart from these, other deep learning-based methods focused
more on the structures of rainy images, such as vapor and haze
removal [43, 44], details preserving [8, 10, 11], rain detection [51],
rain density estimation [45, 63], rain generation [41, 58], and others
[23, 30, 33, 60, 65]. However, all these deep learning-based methods
learn a deep network as a deterministic mapping, i.e., at the infer-
ence stage, the learned network is uncontrollable and is expected
to directly map the rainy image to a clean one without manual
adjustment. When encountered with out-of-distribution data, these
uncontrollable networks would unavoidably lack generalization
abilities and their performance could be unstable.

Integrations of Model and Deep Learning Recently, there are
few attempts to integrate the model-based and deep learning-based
methods for deraining. Liu et al. [28] combined the optimization
with deep networks under the plug-and-play framework for image
deraining, which was based on iterative optimization. Wang et al.
[40] unfolded an optimization process to a deep neural network for
interpretable deep image deraining. Yu et al. [59] proposed an un-
supervised image deraining method by leveraging the model-based
regularizations as the unsupervised loss of the network. These
strategies [40, 59] achieve good interpretation and enhance the
generalizations abilities of deep networks. However, the learned
networks [40, 59] are still deterministic mappings and are uncon-
trollable at the inference stage.

In real-world rain scenarios, the structures of rain streaks and
images are complex. The learned deraining networks highly de-
pend on the quantity and diversity of training data, which is hard
to cover all the different complex rain scenarios and thus their
generalization abilities are limited. To address this issue, we aim to
design a controllable network that can be adaptively tunned at the
inference stage to meet different rain scenarios, which can largely
enhance the generalization abilities of the deraining network.
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In this work, we build an unsupervised image deraining network
which is the first one that can be controlled at the inference stage
for deraining. The key methodology is that we estabilish a rela-
tionship between trade-off parameters of the loss function { ﬁi}?zl
and weightings of some feature maps {wi}?zl (see Eq. (9)). This
relationship allows us to control the weightings {wi}?zl at the in-
ference stage, which is equivalent to controlling the underlying
trade-off parameters { ﬂ,-}?zl, see Fig. 1. Our network is unsupervis-
edly trained using hand-crafted regularizations (see. Sec. 2.1) and
thus is termed as the Unsupervised Controllable Network (UCon-
Net). The contributions of this paper are:

e We propose the UConNet for image deraining. First, we de-
sign physics-based regularizations as the unsupervised loss
function by solely using observed rainy images as training
data. Then, we establish a relationship between trade-off
parameters of the loss function and weightings of some fea-
ture maps. At the inference stage, the learned UConNet can
handle different rain scenarios by adaptively controlling
these weightings or using the suggested weightings by the
weightings recommendation network, leading to high gen-
eralization abilities. Moreover, the learned UConNet can be
flexibly controlled to balance the rain removal and details
preserving, leading to promising deraining results.

We evaluate UConNet on benchmark synthetic and real-
world datasets. The effectiveness, efficiency, and generaliza-
tion abilities of UConNet are demonstrated quantitatively
and qualitatively. We also extend our UConNet to video
deraining by further incorporating the optical flow. Since
rain scenarios in videos would vary in different frames, the
demand for controllability is even more urgent, which ex-
actly fits the advantages of our UConNet. The experimental
results show that our method achieves state-of-the-art per-
formances as compared with other video deraining methods.

2 THE PROPOSED METHOD

In this section, we first introduce the unsupervised loss function
for image deraining. Then, we propose the controllable module by
establishing a relationship between trade-off parameters of the loss
function and weightings of feature maps. Finally, we present the
rain direction estimation network and content-aware weightings
recommendation network to improve the applicability of UConNet.
The overall flowchart of our UConNet is illustrated in Fig. 3.
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Figure 2: Justifications of our physics-based regularizations. (a) The gradient map of rain streaks R along the rain direction
follows the Laplacian distribution. (b) The rain streaks R follow the Laplacian distribution. (c) The gradient map of the clean
image B along the orthogonal direction of the rain direction, i.e., 87, follows the Laplacian distribution. Here, the real rain

streaks R are captured by a camera in the black background [22].

2.1 Unsupervised Loss Function

2.1.1  Problem Formulation. Suppose that we are given a rainy
image O € RFFXW_ Qur goal is to estimate the underlying B and R
by maximizing the posterior P(B, R|O) (with the assumption that
B and R are independent):

arg n];ahx logP(B,R|O) = arg n]}ell{x log P(O|B,R) +log P(B) +log P(R).

@

According to the basic rain model (1), the log likelihood log P(O|B, R)
is re-formulated as a fidelity constraint O = B + R:

arg ng:%zx log P(B) +log P(R) s.t. O=B+R, 3)

where P(B) and P(R) respectively correspond to the regularization
term of clean image and rain streaks.

2.1.2  Regularization Terms. We form the unsupervised loss func-
tion by elaborately designing three regularization terms:

o (i) The piece-wise smoothness of rain. We discover that the
rain streaks are piece-wise smooth along their landing direc-
tions (see Fig. 2(a)). Specifically, suppose that the rain direc-
tion is 6, it is reasonable to assume that each pixel of the gra-
dient map of R along the direction 6 follows i.i.d. Laplacian
distributions with zero mean, i.e., (VgR); j ~ La(0, %) (i=
1,2,---,H. j=1,2,--- ,W), where Vg denotes the deriva-
tive operator along the direction 6 (see supplementary ma-
terials for detailed definition of Vy). This forms the first
regularization term f1||VgR|l,.

(ii) The sparsity of rain. We discover that rain streaks ap-
pear in few places in the image and thus are sparse (see Fig.
2(b)). So rain streaks also follow the Laplacian distribution
(R)i,j ~ La(0, ﬁ) which forms the second regularization
term fa||R||¢, .

(iii) The piece-wise smoothness of clean image. We notice
that the clean image B is piece-wise smooth along the or-
thogonal direction of the rain direction € (see Fig. 2(c)). Thus,
the gradient map of B along the direction 7 follows the
Laplacian distributions (VgrB); j ~ La(0, /%3), where 67
denotes the orthogonal direction of 6. This forms th third
regularization term f3]|Vy7B||,, .

According to the above analysis, the final optimization model
corresponding to (3) is formulated as

argfgil{lﬁlllveRllﬁ +B2lRlle + 3lIVgrBlle, st O=B+R, (4
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which can be equivalently formulated as

argmin f1[|VoR|le, + B2lIRlle +B3lVer (O —R)lla.  (5)

where the optimization variable is the rain R and the clean image
is obtained viaB = O — R.

2.1.3  Formulations of Unsuperviseed Loss Function. In traditional
model-based methods, iterative algorithms such as the ADMM [7]
can be directly adopted to solve model (5). However, directly solv-
ing model (5) using numerical algorithms may lask representation
abilities for real-world complex rain scenarios, since the model and
algorithms are based on shallow operators. Also, iterative algo-
rithms require many iterations and large computational costs.

To address these issues, we employ a deep CNN and train it
using the three regularization terms in (5). The learned network
can be regarded as a fast solver of (5). Given the rainy image O and
the rain direction 6, we hope that the learned network N, (O, 0)
(parameterized by w) can map O and 6 to the approximate solution
of model (5):

No(0.0) ~ argmin f1[|VoR|le, + B2(IRlle + B3l Vo7 (O — R)lla,
(6)
where the network output is expected to be the rain map N,, (0, 0) =
R and the clean image is obtained via B = O — R.
To learn such a neural network N(O, 6), we only need to col-
lect abundant rainy images {On}lr:]: , with their corresponding rain

directions {0, }Y

h=1 and form an unsupervised loss function as

N
1
Lo =5 2P0, No(On e + follNo O Bulet

P11V 7 (On ~ Nes (O 6) I

where N denotes the total number of training samples. By min-
imizing the loss (7), N, can be unsupervisedly learned as a fast
approximator of the solution of (5). Given the approximator net-
work N,,, only one inference forward propagation is needed for
deraining, which is obtained by computing N, (O, ) (the rain layer)
and O — N, (O, 0) (the clean image).

2.2 Controllable Network

Although the formulation of the unsupervised loss function (7) has
taken the respect advantages of model-based methods (general-
ization abilities) and deep learning (efficiency and representation
abilities), the loss function (7) has a critical issue: the determination
of the trade-off parameters {f; }?:1. A simple strategy is to manually
set the trade-off parameters as some deterministic values in the
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Figure 3: The flowchart of our UConNet N,,. At the training stage, we learn a relationship between trade-off parameters { ﬁi}?zl

and weightings of feature maps {Wi}?=1- At the inference stage, given a rainy image, we can control the weightings {w;}

handle different rain scenarios.

training phase [59]. This strategy implies that at the inference stage,
the network can only provide deraining results corresponding to
fixed { ﬁi}?zl, since the trade-off parameters are not controllable
at the inference stage. This limits its generalization abilities for
different rain scenarios. The underlying challenge of building a
controllable network is how to embed the trade-off parameters into
the forward propagation of the network.

To address this issue, we derive a relationship between the trade-
off parameters { ﬁi}?zl and weightings of feature maps {Wi}?:l (see
Fig. 3). The ideal result is that at the inference stage, by changing the
weightings {wi}?zl, the network NV, can output the deraining result
corresponding to different trade-off parameters {ﬁi}?zl, and thus
can handle different rain scenarios. To achieve the controllability,
in the training phase, we randomly select the values of { ,Bi}?zl for
each training sample. Specifically, for the n-th training sample, we
select the trade-off parameters { ﬁi,n}?zl as

ﬂi,n ~ U(O’ bl) (l = 1; 2, 3)’ (8)

where U(0,b;) (i = 1,2,3) are the uniform distributions with
{bi}?=1 denote the parameters of the uniform distributions. Then,
we assign the weightings of feature maps according to the following
analytical relationship:

__ Bin/b)
52 (Binlby)
where the scaling factor 1/b; ensures that the three weightings

{w;, "}?=1 are in similar orders of magnitude. Based on this relation-
ship, we re-formulate the unsupervised loss function (7) as

(i=1,23), )

in

N
1
Lo =5 D Pl Vo, No(On. b {win}plle+

n=1

(10)
B2,nlINw (On, On, {Wi,n}?zl e+

ﬂ3,n”vgn7‘ (On = Ny (Op, O, {Wi,n}?ﬂ))”t’p

Here, the inputs of the network N, are the rainy image O, the
rain direction 6, and the three weightings {wi}?zl. The output
Ny (Op, 6, {Wi,n}?zl) is the estimated rain map R.

At the inference stage, we can explicitly control the weightings
{wi }?:1 to obtain different rain maps R (see Fig. 1 for examples). The
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3
i=1

to
underlying methodology is that controlling the weightings {w,—}?:1
is equivalent to controlling the trade-off parameters { ﬁi}?:l under
the relationship (9), where different trade-off parameters {ﬁi}?zl
correspond to different rain maps R. The controllability brings
significant advantages that the network is not deterministic but
can be manually controlled to meet different rain scenarios, which
ensures high generalization abilities.

In our work, we set by = 28, by = 1, and bz = 16 for all training
samples to ensure the balance between different regularizations (b1,
ba, and b3 respectively correspond to the smothness of rain streaks,
the sparsity of rain streaks, and the smoothness of the clean image).
We adopt the Adam optimizer for training N,,. The learning rate
is set to 0.0001 and the batch size is 16. We train 10 epochs. The
training datasets are specified in the experiments.

2.2.1  Network Architectures. As shown in Fig. 3, the UConNet N,
consists of a feature extraction network, three encoders, and one
decoder. In the following, we respectively introduce their structures.

o The feature extraction network maps the input rainy image
of size 1 X 1 X H X W (We respectively feed each channel
of the RBG image into the network) to a feature tensor of
size 1 X 16 X H X W. It consists of four residual blocks (each
residual block consists of two convolutional layers, batch
normalization, and ReLU activation). Before the encoding
phase, the feature tensor is rotated according to the given
rain direction 6. The rotation in the redundant feature space
can thoroughly avoid information loss as compared to the
rotation in the image space [17, 59].
The encoding stage contains three parallel encoders. The
input feature tensor is processed separately and multiplied
by the corresponding weightings {wi}?zl,
nated together to form a weighted feature tensor of size
1% 48 x H X W. Each encoder is composed of four residual
blocks. The reverse rotation is employed to rotate the feature
tensor back before the decoding stage.
o The decoder consists of seven residual blocks, which map the
feature tensor to the desired rain streaks of size 1 X 1XHXW.

and then concate-



UConNet: Unsupervised Controllable Network for Image and Video Deraining

2.3 Rain Direction Estimation and Weightings
Recommendation Networks

Although the learned UConNet can be adaptively controlled to han-
dle different rain scenarios, it needs manual estimations of the rain
direction 6 and the weightings {wi}?zl. Therefore, we introduce
the rain direction estimation network and weightings recommen-
dation network to ease the burden of rain direction estimation and
weightings selection at the inference stage. These two networks
have simpler structures than the main UConNet, and thus we use
supervised training strategies to learn these two networks.

2.3.1 Rain Direction Estimation Network. To estimate the rain di-
rection 6 of each rainy image O, we propose to learn a rain direction
estimation network #, parameterized by 7. The loss function for

training the rain direction estimation network ) is

L= L S Py 0m - 007 (1)
7T M g n\Yn n) s

where 0, denotes the real rain direction of O, and #5(Op) de-
notes the estimated rain direction in the n-th sample. M denotes the
total number of training samples. The learned #;, can be used
to provide the estimated rain direction 6 to the main network
Ny (0,8, {wi}?zl) for deraining, see Fig. 3.

The network # is consists of four downsampling layers, which
reduce the spatial dimension of data from 128 X 128 to 1 X 1. Each
downsampling layer is composed of one max pooling layer for
downsampling and two convolutional layers. Each convolutional
layer is followed by batch normalization and ReLU activation. A
convolutional operator is added in the last layer to reduce the
channel size to 1. We select M = 8000 training samples from the
DID-MDN dataset [63]. Specifically, we first randomly perform
synthetic rain streaks with known rain directions {Hn}y: , onall
clean images in the DID-MDN dataset. Then, we randomly crop a
128 X 128 patch in each synthetic rainy image as the input O,. We
use the Adam optimizer for training. The learning rate of training
Py is 0.0001 and the batch size is 64.

2.3.2  Content-aware Weightings Recommendation Network. We re-
mark that the training of UConNet N,, dose not need the manual
selection of weightings {w; ?:1, since the weightings are randomly
selected at the training stage. However, at the inference stage, the
weightings {wi}?:1 are controllable and need manual selection.

To ease the burden of selecting appropriate weightings {w; ?:1
at the inference stage, we learn a content-aware weightings rec-
ommendation network Hy (parameterized by k) to automatically
suggest the appropriate weightings for each given rainy image.
Since there is no ground truth labels for the optimal weightings
{w; }?:1 for each rainy image, it is hard to directly train the weight-
ings recommendation network Hy. To address this issue, we turn
to use the ground truth clean image labels and adopt the learned
UConNet N,, to train the recommendation network Hy. Specif-
ically, using the well-trained UConNet N,,, the loss function for
training Hy is

P
1
-EK = 1_3 Z”(On - Na)(on, gn, {Wi’n}?zl)) — Bn”%) (12)

n=1
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Table 1: The average results on R100L dataset. UConNet (a)
denotes that the weightings {w; ?:1 are fixed. UConNet (b)
denotes that the weightings are suggested by the weight-
ings recommendation network. UConNet (c) denotes that the
weightings are tunned to obtain the best PSNR value.

Metric Rainy UConNet (a) UConNet (b) UConNet (c)
PSNR 25.83 29.03 31.28 31.40
SSIM 0.8300 0.9231 0.9351 0.9372

Time (second) 0.1214 2.1095

Table 2: The average results on R100L dataset. UConNet (d)
denotes that w; = 0 and wy, w3 are searched to obtain the best
PSNR value. UConNet (e) denotes that wy = 0 and wy, w3 are
searched to obtain the best PSNR value. UConNet (f) denotes
that ws = 0 and w1, wy are searched to obtain the best PSNR
value. UConNet (c) denotes that all weightings are searched
to obtain the best PSNR value.

Metric Rainy UConNet (d) UConNet(e) UConNet(f) UConNet (c)
PSNR 25.832 29.64 30.14 25.832 31.40
SSIM 0.8300 0.9019 0.9092 0.8300 0.9372
Time (second) - 0.9826 1.0103 1.1201 2.1095
where
(Bin/bi)

(i=1,23), {Bintiey = He(On), (13)

iin= 2z . .. <

31 (Bin/b))
and {Oy, Bn}f::1 denote P pairs of rainy images and correspond-
ing ground-truth clean images. The loss function (12) minimizes
the mean square error between the estimed clean image O, —
Ny (On, O, {Wi,n}?zl) and the ground truth clean image B, where
the weightings {w,-,n}?:1 are obtained using the weightings rec-
ommendation network Hy. Here, the parameters of the UConNet
N,, are fixed. We only update the parameters of the weightings
recommendation network Hy using the loss function (12).

We use the Adam optimizer for training H,. The learning rate is
0.0001 and the batch size is 32. The training data contains P = 8000
pairs of rainy images and clean images in the DID-MDN dataset
[63]. The network structure of Hy contains two serial sub-networks.
The first sub-network is the fixed feature extraction network and
the three encoders of the UConNet N, (see Fig. 3), which results
in a feature tensor of size 1 X 48 X H X W. The second sub-network
contains seven downsampling layers, which map the feature tensor
to the suggested trade-off parameters {ﬁi}?zl, which further calcu-
late the suggested weightings through relationship (9). Here, the
downsampling layer has the same structure as that of the direction
estimation network #y.

2.4 The Overall Deraining Framework

By combining the backbone UConNet with the two auxiliary net-
works, we obtain an overall deraining framework as shown in Fig.
3. Specifically, given an observed rainy image O, we first use the
learned rain direction estimation network #;, to estimate the rain
direction 6. Specifically, we collect eight 128 x 128 patches in the
rainy image O as independent inputs of #,, where the final rain
direction 0 is determined as the median number of the eight output
directions. With the estimated rain direction 0, we can feed 0 and
O into the learned UConNet N,,. Here, the weightings of feature
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Figure 4: The deraining results by different methods on three synthetic rainy images in the R100L [51], Rain1400 [11], and

Rain12 [26] datasets.
maps {wi}?zl can be either manually tuned to achieve satisfactory
performances or using the suggested weightings by the recommen-
dation network Hy. In experiments, we choose the latter strategy
for efficiency consideration.

Overall, the proposed UConNet can efficiently handle different
rain scenarios by changing the controllable weightings, and thus
achieves high generalization abilities.

3 EXPERIMENTS

3.1 Ablation Study

3.1.1  Effectiveness of Controllable Weightings. To validate the effec-
tiveness of the controllability of weightings {wi}?:1 at the inference
stage, we consider three variants of our UConNet: (a) The UConNet
using fixed weightings wi = 0.5, wp = 0.25, and wz = 0.25. (b) The
UConNet using the weightings recommendation network H, to
provide the values of weightings, which is used in the main experi-
ments. (c) The weightings of UConNet are searched by the greedy
algorithm to obtain the best PSNR value for each rainy image. We
test these three variants on the R100L dataset (The backbone UCon-
Net is trained on the DID-MDN dataset [63]) and report the average
results and inference time in Table. 1. We can observe that UConNet
(c) can achieve the best PSNR value since it is based on adaptive
tunning for each rainy image, which is reasonable. UConNet (a) is
not that effective since the fixed weightings limit its applicability
for different rainy images. UConNet (b) also obtains satisfactory
results, while its efficiency is higher than UConNet (c), since the
weightings recommendation network H, can provide the suggested
weightings in less time. These results validate the effectiveness of
the controllable weightings, which help the UConNet to achieve
higher generalization abilities for different rainy images.

3.1.2  Effectiveness of Different Regularization Terms. To test the
effectiveness of different regularization terms in the loss function
(10), we respectively set each weighting w; (i = 1, 2,3) to 0 (Note
that wy corresponds to the smoothness of rain streaks, wy corre-
sponds to the sparsity of rain streaks, and w3 corresponds to the
smoothness of the clean image) and tune other weightings to ob-
tain the best PSNR value. The average results are shown in Table
2. We can observe that without the smooth regularization of rain
(UConNet (d) with wy = 0), the performance is degraded. The same
phenomenon happens when the spasity of rain is neglected (UCon-
Net (e) with wy = 0). When the smooth regularization of the clean
image is neglected (UConNet (f) with ws = 0), the PSNR and SSIM
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Table 3: The quantitative results and average inference time
by different methods on different datasets.

Dataset Metric Rainy RESCAN PReNet RLNet SSIR UDGNet Model (5) UConNet

Rioo, PSNR 2533 2095 2792 2941 2623 2684 2781 3128
SSIM  0.8300 0.8972 0.8682 0.8979 0.8409 0.8482 08792  0.9351
Rainiago PSNR 2365 2615 2439 2553 2314 2293 2393 2678
SSIM 07561 0.8187 0.7717 0.8038 0.7169 0.7740  0.7910  0.8491
Rain1z PSNR 2882 30.80 2964 3031 2965 2749 2003 32.39
SSIM  0.8355 0.8680 0.8439 0.8596 0.8650 0.8589  0.8589  0.9142
Parameters (X100) —— 0.2 0.2 56 0.05 1.2 — 0.9
FLOPs (x1011)  — 0.76 16 31 18 2.7 — 1.2

Time (second) 0.1521 0.2022 0.2514 0.0888 0.1781

values of the deraining results are the same as that of the rainy
images. This is reasonable, since without the smooth regularization
of clean images, the network output (the rain map) is only being
constrained to be smooth and sparse, and thus the network output
is a zero matrix, making the deraining result being the same as the
rainy image. These analyses show that each controllable weighting
is important to improving the performance of UConNet.

3.2 Comparisons with State-of-the-Arts

Baselines We consider five state-of-the-art competing image de-
raining methods: RESCAN [25] (ECCV 2018, supervised), PReNet
[35] (CVPR 2019, supervised), RLNet [2] (CVPR 2021, supervised),
SSIR [47] (CVPR 2019, semi-supervised), and UDGNet [59] (ACM
MM 2021, unsupervised). Moreover, we include the unsupervised
optimization model (5), which is solved by the ADMM (See supple-
mentary materials for details of the ADMM), as another baseline.
Training data We adopt 4000 clean images in the DID-MDN
dataset [63] as training data. Since the training of our rain direction
estimation network needs the real rain direction, we cannot use the
rainy images in DID-MDN, where the rain directions are unknown.
Instead, we re-perform synthetic rain streaks on the clean images
in the DID-MDN dataset, where the rain streaks are generated
by the screen blend model [29] with randomly selected length,
direction, width, and intensity for each image. Each clean image
is used to generate two rainy images. The supervised methods
RESCAN, PReNet, and RLNet are re-trained using these 8000 pairs
of simulated rainy images and ground truth clean images. The semi-
supervised SSIR is re-trained using these 8000 pairs of images and
their own real-world rainy images [47]. The unsupervised UDGNet
and our UConNet are trained with only 8000 simulated rainy images,
while UDGNet needs some other clean images for the adversarial
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Figure 5: The deraining results by different methods on real-world rainy images. Please increase screen brightness.

loss [59]. Moreover, both UDGNet and our UConNet need the real
rain directions data to train the direction estimation network.

Testing data To test the generalization abilities of our method,
we use three benchmark testing datasets: R100L [51] (containing
200 pairs of rain and clean images), Rain1400 [11] (containing 1400
pairs of rain and clean images), and Rain12 [26] (containing 12
pairs of rain and clean images). We evaluate the results using peak
signal-to-noise ratio (PSNR) and structure similarity (SSIM). For
real-world data, we collect rainy images with large field of view
from datasets [11, 26, 51] and online search. A total number of 38
real-world rainy images with different rain scenarios are included
to test the generalization abilities of our method.

3.3 Experimental Results

The quantitative results on synthetic rainy images are reported in
Table 3. Although our UConNet achieves better results than other
supervised methods, we remark that we only adopt a relatively
small scale dataset (i.e., the DID-MDN dataset with 8000 pairs of
images) to train the compared supervised methods, and the train-
ing data and testing data are in different domains. These factors
relatively restrict the performance of supervised methods. How-
ever, since our unsupervised method is also trained with only 8000
rainy images and still attains better performances, it is reasonable
to say that our unsupervised UConNet has higher generalization
abilities than compared supervised methods under a small scale
training dataset. Also, our UConNet outperforms the unsupervised
UDGNet, which reflects the superiority of the controllability of
our method. Meanwhile, UConNet shows better performances than
directly solving the model (5), which reveals that the deep network
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has higher representation abilities to learn natural image statistics
inside training data. The inference time of UConNet is short, which
makes it more applicable in real scenarios as compared with model-
based methods, e.g., the model (5), which takes several seconds to
process a rainy image. Also, the number of parameters and FLOPs
of our method are acceptable as compared with other deep learning
methods. Some qualitative results on synthetic rainy images are
displayed in Fig. 4. We can observe that our UConNet can both
better remove the rain streaks and preserve the image details as
compared to other methods thanks to the controllable weightings of
UConNet, where different rainy images are assigned with different
weightings to achieve the optimal deraining effect.

The deraining results on real-world rainy images are shown in
Fig. 5. From these figures, we can observe that supervised methods
cannot totally remove the real-world rain streaks due to the do-
main shift between real-world rainy images and training data. As
compared, the unsupervised UDGNet and our UConNet are more
applicable in real-world scenarios. However, the UDGNet is a deter-
ministic mapping and cannot be tunned for different rainy images.
As compared, our method has controllable weightings at the infer-
ence stage, which is more flexible to handle different rain scenarios.
As a result, according to the visual results in the red-boxes of Fig.
5, we can observe that our UConNet can better preserve the image
details, while UDGNet suffers from over smoothness. More visual
results can be found in supplementary materials.

3.4 Extension to Video Deraining

Compared with single image, videos have consistence along the
temporal mode. To tackle the video deraining task, we only need to
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Figure 6: The deraining results by different methods on a synthetic rainy video in the NTURain dataset (The first row) and
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Figure 7: The flowchart of our UConNet-V for video deraining. Based on UConNet, we introduce an optical flow network [36]

to align adjacent frames. The weightings {wi};‘:1
introduce an extra pre-trained optical flow network to help capture
the temporal consistence [36], which extracts the optical flow of
videos to align adjacent frames. The flowchart of our UConNet
for video deraining (termed as UConNet-V) is illustrated in Fig. 7,
where the weightings {wi}?zl are also controllable at the inference
stage (see supplementary materials for details of the structure and
training of our method for video deraining).

We compare our video deraining method with OTMS-CSC [21],
J4RNet [27], SpacCNN [5], SLDNet [53], S2VD [61], and ESTINet
[64] on synthetic and real-world rainy videos in the NTURain
testing dataset [5]. We use the pre-trained models of SpacCNN,
S2VD, ESTINet, and J4RNet, where SpacCNN, S2VD, ESTINet, and

our UConNet-V are trained on the NTURain training dataset [5].

J4RNet is trained on the RainSynLight25 and RainSynComplex25
datasets [27]. OTMS-CSC is a model-based method. The results
of SLDNet [53] are obtained from its generous authors. We train
UConNet-V for 10 epochs with learning rate 0.0001 and batch size
16. The results are illustrated in Table 4 and Fig. 6. Here, J4RNet
and SpacCNN are implemented with Caffe, thus we are unable
to calculate the number of parameters and FLOPs. From Table
4, we can observe that UConNet-V achieves competitive results
compared to state-of-the-art methods. We note that although S2VD
and ESTINet achieve promising results for synthetic rainy videos,
they fail to remove real-world rain streaks (see Fig. 6) due to the
domain shift between real-world data and training data. In contrast,
our UConNet-V has better generalization abilities since it does
not rely on paired training data and can also be controlled at the
inference stage.
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are controllable at the inference stage to achieve high generalization abilities.

Table 4: The quantitative results and average inference time
per frame by different video deraining methods. The best
and second-best values are highlighted.

Dataset ~ Metric Rainy OTMS-CSC J4RNet SpacCNN SLDnet S2VD ESTINet UConNet-V

NTURain (a) PSNR 2874 3161 2886 3195 3450 3618 3610 3509
SSIM 0.9355 09523  0.9259 0.9389 0.9536 0.9630 0.9672  0.9661

NTURain (b) PSNR 3064 2532 3109 3423 3505 3851 3614 3664
SSIM 0.9015  0.8229  0.9427 0.9558 0.9540 0.9736 0.9649  0.9657

Parameters (X100) —— — — — 40 05 299 13
FLOPs (x1011)  — — — — 510 38 542 45

Time (second) 4.02 5.94 1.49 0.05 141 118

4 CONCLUSION

In this work, we propose the UConNet for image and video derain-
ing. Our UConNet learns a relationship between trade-off param-
eters of the loss function and weightings of feature maps. At the
inference stage, the weightings can be adaptively controlled to han-
dle different rain scenarios, resulting in high generalization abilities.
Extensive experimental results validate the effectiveness, gener-
alization abilities, and efficiency of UConNet. In future work, we
can consider applying the controllable network to more low-level
visual tasks, e.g., denoising and super-resolution.
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