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ABSTRACT Existing methods for single images raindrop removal either have poor robustness or suffer
from parameter burdens. In this paper, we propose a new Adjacent Aggregation Network (A2Net) with
lightweight architectures to remove raindrops from single images. Instead of directly cascading convolutional
layers, we design an adjacent aggregation architecture to better fuse features for rich representations
generation, which can lead to high quality images reconstruction. To further simplify the learning process,
we utilize a problem-specific knowledge to force the network focus on the luminance channel in the YUV
color space instead of all RGB channels. By combining adjacent aggregating operation with color space
transformation, the proposed A2Net can achieve state-of-the-art performances on raindrop removal with
significant parameters reduction.

INDEX TERMS Raindrop removal, feature aggregation, YUV space, deep learning.

I. INTRODUCTION
Severe weather conditions, such as rain [1], haze [2], [3]
and snow [4], impact not only human visual perception but
also outdoor computer vision systems [5]. In rainy days,
both dynamic rain streaks and static raindrops adhered to the
camera lens can significantly degrade the captured image’s
quality. Raindrops in particular, can easily blur and block
objects in the image due to light refraction and scattering.
Since many computer vision systems are designed based on
the assumption of clean inputs, their performance is easily
affected by adhered raindrops. Thus, developing an effective
method for raindrop removal is desirable for a wide range of
practical applications.

Many methods have been proposed for rain streaks [1],
[6]–[9] or snow [10], [11] removal. These methods usually
rely on the physical properties specific to rain streaks or
snow. For example, Fu et al. [1] exploit the high-frequency
prior of rain streaks to help remove rain streaks. Intuitively,
if we apply these derain/desnow methods directly to raindrop
removal, the results can be disappointing. The reason is that
the appearance and physical imaging process of raindrops
are completely different from those of rain streaks and snow.
Compared with rain streaks and snow, raindrops have more
irregular geometric structures, which makes this problem
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more challenging. To address the restoration of raindrop
degradation, some sophisticated convolutional neural net-
works have recently been developed. These CNNs [12], [13]
employ very deep and complex architectures to effectively
remove raindrops. While the visual results are often decent,
the heavy computational burden prevents these CNNs from
being applied to real systems.

In this paper, we make effort to develop a lightweight
network that can effectively remove raindrops from a single
raindrop-degraded image. To better learn the mapping func-
tion between the degraded image and the clean one, not only
high-level semantic features but also rich spatial informa-
tion [14] are required. Therefore, we design a new feature
aggregating operation to better fuse spatial and semantic
information across adjacent layers. Furthermore, we find that
raindrops are short focal length convex lenses with the func-
tion of converging light. The light passing through a raindrop
and converge to a point, causing a significant change in the
luminance of the raindrop occluded area, while the chromi-
nance will not be affected much. Based on this observation,
we force our network to focus on the luminance channel of
the YUV color space. Compared with the conventional way
of processing all the RGB channels, this color space transfor-
mation can significantly simplify the learning process. The
contributions of this work are threefold:

1) We propose a simple yet effective adjacent aggrega-
tion structure which fuses adjacent features for gen-
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erating more informative representations. By directly
deploying this simple aggregation into existing network
architectures, the raindrop removal performance can be
significantly improved without increasing parameters.

2) We observe a new phenomenon and utilize it for
this specific raindrop removal problem. Specifically,
instead of directly processing RGB, we intentionally
force the network to focus on the luminance (Y chan-
nel), but less on the chrominance (UV channels). This
divide-and-conquer strategy can effectively simplify
the learning process.

3) By combining the aggregating operation with color
space transformation, our adjacent aggregation
networks (A2Net) can achieve state-of-the-art perfor-
mance on single images raindrop removal. The A2Net
exerts less pressure on system resources (e.g. CPU and
memory), which makes it more suitable for practical
applications.

II. RELATED WORKS
In this section, we briefly review several recent works related
to image restoration in bad weather.

A. RAIN STREAKS REMOVAL
Traditional deraining methods are designed by using hand-
crafted image features to describe physical characteristics
of rain streaks, or exploring prior knowledge to make the
problem easier. These methods include sparse coding [9],
[15], low-rank approximations [16], [17], and Gaussian mix-
ture models (GMMs) [18]. To further improve generalization,
several CNN-based methods [1], [19], [20] have also been
proposed for image de-raining. In [1], a deep network takes
the image detail layer as its input and predicts the negative
residual as output. In [19], Zhang et al. propose a density-
aware multi-stream densely connected convolutional neural
network (DID-MDN) for joint rain density estimation and
rain removal. In [20], a recurrent dilated network with mul-
titask learning is proposed for joint rain streaks detection
and removal. Since these methods are specifically developed
for rain streaks, they cannot be expected to be efficient for
raindrop removal.

B. SNOW REMOVAL
Most snow removal methods use priors of rainfall-driven
features (e.g., HOG) [21], [22], color assumptions [23] and
frequency space separation [24], [25] to model falling snow
particles. Recently, deep CNNs [10], [11] have also been
applied to single image snow removal. Because the appear-
ance of snow particles is similar, the performance of these
methods is usually good.

C. RAINDROP REMOVAL
In general, the existing methods for raindrop removal can
be categorized as model-based methods and learning-based
methods.
Model-based methods are based on physical imaging

process or raindrop geometric appearance to model the

distribution of raindrops. In [26], Roser et al. attempt to
model the shape of adherent raindrops by a sphere section.
Furthermore, in [27], Bessel curves are used to obtain higher
modeling accuracy. Since raindrops have various shapes and
sizes, the above models can cover only a small portion of
raindrop shapes. To simplify the raindrop removal problem,
several hardware constraints, e.g., multiple cameras [28],
a stereo camera system [29] and pan-tilt surveillance cam-
eras [30], are exploited. However, these methods cannot work
with single cameras. In [31], You et al. detect raindrops
by using motion and intensity temporal derivatives of input
videos. Since this method requires consecutive video frames
to extract raindrop features, it is not suitable for processing
single images.
Learning-based methods use large amounts of data to

learn and explore the characteristics of raindrops. In [32],
Kurihata et al. detects raindrops on a windshield using rain-
drop features learned by PCA. When objects in the back-
ground are similar to raindrops, PCA cannot effectively
extract the characteristics of raindrops and causes false detec-
tion. Recently, due to the large amount of available training
data and computing resources, deep learning has become
the most popular learning-based methods. In [33], Eigen
et al. build a 3 layers network to extract features of static
raindrops and dirt spots from synthetic images. While this
method works well on small and sparse rain spots, it can-
not remove large and dense raindrops. To tackle this prob-
lem, an AttentiveGAN [12] is proposed to simultaneously
detect and remove raindrops. This method employs a recur-
rent network to detect raindrops. Though AttentiveGAN
can remove raindrops efficiently, it tends to leave obvious
artificials. In addition, AttentiveGAN contains a relatively
large number of parameters and requires complex recur-
rent operations, which limits its potential value in practi-
cal applications with limited computing resources. Later,
Quan et al. [13] propose a double attention guided CNN to
restore the raindrop-degraded image. Since they also ignore
the computational efficiency, the architecture of the proposed
CNN is complicated.

III. OUR METHOD
We show the framework of our proposed A2Net in
Figure 1. Instead of designing a complex network archi-
tecture, we focus on how to better aggregate adjacent fea-
tures to generate informative representation for clean image
reconstruction. Furthermore, we utilize a problem-specific
knowledge to simplify the learning process, i.e., we learn the
mapping function in the YUV color space rather than RGB.
In this way, the tough single image raindrop removal problem
can be well tackled with much less parameters.

A. ADJACENT AGGREGATION NETWORK
Since raindrops in the image exhibit various shapes, sizes
and appearances, it is difficult for a network to identify
all raindrops using single-scale features. Naturally, dealing
with this problem in a multi-scale fashion is more suitable
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FIGURE 1. The framework of our A2Net. The input is firstly transformed into the YUV image and all YUV components share one encoder. Then the
encoded features of Y and UV are separately decoded as OY and OUV to estimate the clean YUV image. The final output is obtained by transforming
the estimated YUV image into RGB image. k denotes the number of feature maps at each convolutional layer.

FIGURE 2. Our adjacent aggregation network. (a) A general encoder-decoder model, (b) Our adjacent aggregation network.

to capture complex geometric structures of raindrops. For-
tunately, the hourglass structured network, e.g., U-Net [34]
and FPN [35], can well extract features at different scales.
This classical architecture can benefit the network to identify
various raindrops. However, during our experiment, we found
that directly using this network cannot generate pleasing
results. This is because the hourglass networks are good at
extracting high-level semantic features at the cost of detail
lost. For the specific raindrop removal problem, the networks
not only need to extract strong semantic features to rec-
ognize raindrops but also require rich detail information to
reconstruct clean images. The lateral connections, indicated
by green lines in Figure 2(a), that fuse low- and high-level
features can alleviate this problem to some degree. However,
this simple fusion cannot help much to the quality of recon-
structed images, since the low-level features are too noisy to
provide sufficient semantic guidance [36].

To address the aforementioned problems, we design a
new adjacent aggregation network based on the classical
encoder-decoder architecture, as shown in Figure 2(b). Fea-
ture aggregation [14], [37], [38] has been proven to be good at
extracting informative representations from its inputs. Here,
we conduct a novel combination by introducing adjacent
feature aggregation into the encoder-decoder network. The
purpose of this combination is to better fuse information

FIGURE 3. Illustration of aggregation node architectures. k denotes the
number of feature maps.

across layers and scales. Our aggregating operation merges
features extracted from adjacent layers and generate new
representations with richer detail and semantics. In the aggre-
gation encoder, the inputs of fusion are two adjacent features
with same resolutions after down-sampling. In the aggre-
gation decoder, the inputs of fusion are three features with
same resolutions, two are adjacent features after up-sampling
and one is from the encoder. These features are merged by
using same aggregation nodes, as shown in Figure 3. The
aggregation operation is defined by

X = δ(W ∗ C(X1, . . . ,Xm)+ b), (1)

where X1, . . . ,Xm are the inputs of the aggregation node,
C denotes the concatenation, ∗ indicates the convolution
operation and δ(·) is the nonlinear activation. W is a kernel
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FIGURE 4. Residual histogram distributions of 200 pairs of clean and raindrop-degraded images. (a)-(c) represent
histograms of residual distributions in R, G, and B channels, respectively. (d)-(f) represent histograms of residual
distributions in Y, U, and V channels, respectively.

FIGURE 5. (a) Raindrop image (input) I . (b) Ground truth T . (c) An RGB image converted from a concatenation
of the Y channel of T and the UV channels of I . (d) An RGB image converted from a concatenation of the Y
channel of I and the UV channels of T .

of size 3 × 3 to fuse X1, . . . ,Xm and the kernel number is a
hyper-parameter for each encoder and decoder. X is the fused
feature which has the same resolution as X1, . . . ,Xm. In this
paper, we set the number of down-sample three times, and the
aggregation decoder will correspondingly up-sample three
times.Moreover, we set the kernel numbers to the same for all
layers in each encoder or decoder based on our experiments.

B. COLOR SPACE CONVERSION
To further improve the raindrop removal results, we inves-
tigate the way raindrops degenerate images and observe an
interesting phenomenon: the adherent raindrops are short
focal length convex lenses with the function of converging
light. The rays of reflected light from a wider environment
will converge to a point after passing through a raindrop.
According to Grassmann’s laws [39], when two lights of
different color are mixed, they give rise to a color which lies
in between the two, while the total luminance of any mixture
light is the sum of each light’s luminance. Therefore, there
should be obvious changes in the luminance of the raindrop
occluded area in the image, while the chrominance will not
be affected much. This observation inspires us that if we can

remove raindrops from the luminance channel of the image,
the quality of the raindrop-degraded image should be greatly
enhanced, like shown in Figure 5(c).
Computer vision tasks are dominated by the RGB color

space, which seems to be the most intuitive choice. We here-
inafter denote the input raindrop-degraded RGB image as I
and the corresponding ground truth as T . Then the residual E
can be represented as

E = T − I . (2)

However, RGB color space does not separate the lumi-
nance from the chrominance components [40], and pixel
values in RGB color space are highly correlated. This makes
it a poor choice for luminance and chrominance analysis.
Therefore, we convert I from the RGB color space into the
YUV color space, where the luminance (Y channel) and
chrominance (UV channels) are separated. The residual in
YUV color model can be expressed as

EYUV = TYUV − IYUV , (3)

where the subscript ‘YUV ’ denotes the YUV color model.
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FIGURE 6. The aggregation result of the first aggregation node in the encoder.

FIGURE 7. The aggregation result of the last aggregation node in the decoder for Y channel. Please zoom in for a better visualization.

To verify the effectiveness of our color space conver-
sion strategy is, we randomly select 200 pairs of raindrop-
degraded images and the corresponding raindrop-free images
from the raindrop dataset [12]. Figure 4 shows the resid-
ual histogram distributions over all 200 pairs of images.
Since channels in RGB space are strongly coupled, raindrops
have almost the same effect on each channel in RGB space,
as shown in Figures 4(a) to (c). While in the YUV space,
the residual components in UV channels have significant
range reduction in pixel value compared with Y channel,
as shown in Figures 4(d) to (f). This implies that the impact
of raindrops on the image is mainly concentrated in the lumi-
nance channel. Furthermore, using a simple channel swap
operation, we observe that raindrops are rare in the UV chan-
nels (as shown in Figure 5(c)), while most of the raindrops
remain in the Y channel (as shown in Figure 5(d)).
Given the above, the YUV space should be a better choice

for raindrop removal than RGB space. YUV space was used
to reduce computation burden in previous methods of rain
streaks removal or denoising [18], [41]. To the raindrop
removal, utilizing YUV involves basic physical properties.
In the YUV space, luminance (Y) and chrominance (UV)
information can be processed separately, so we can divide
the single image-to-image mapping problem into two easier
sub-problems. In addition, since most raindrops exhibit in the
luminance channel, we can intentionally force the network to
focus on the Y channel to simplify the learning process.

C. PROPOSED A2Net
Combining with the adjacent aggregation and color space
conversion strategy, we propose the A2Net as shown in
Figure 1. Our A2Net contains one aggregation encoder and
two aggregation decoders. One decoder is for Y channel and
the other is for UV channels. In this way, the network can
achieve better raindrop removal performance than directly
learning the mapping between images with only one decoder,
as shown in Figure 10. The lateral connections are used to
connect the encoder and decoders for information propoga-
tion. At the same time, we find that Y and UV channels
can share one encoder to guide each other for better rain-
drop removal and parameters efficiency. Our network adopts

global residual learning with the long short-cut to ease the
learning process [1]. The output components are represented
as OY and OUV , which are concatenated to generate the
estimated clean YUV image. Finally, we convert the YUV
image to the RGB image. We set the kernel number of the
decoder in Y channel larger than that in the UV channels,
so that our network can mainly concentrate on the Y channel.
In the final A2Net, the kernel numbers are set to 32, 32 and
24, as shown in Figure 1.

To illustrate the value of the proposed aggregation oper-
ation, we show the learned feature maps in Figure 6 and
Figure 7. Figure 6 shows the aggregation result of the first
aggregation node in the encoder. Figures 6(a) and (b) are the
adjacent feature maps. As can be seen, the two feature maps
contain many invalid information, while the fused features
are more informative as shown in Figure 6(c). The fused
features retain more details while gaining stronger semantics,
which can bring benefits for reconstructing images. Figure 7
shows the aggregation result of the last aggregation node
in the decoder for Y channel. The fused features (as shown
in Figure 7(d)) can better capture the raindrops, which makes
it easier for the decoder to estimate the residual component
in Y channel. We argue that the performance of raindrop
removal can be significantly enhanced by effectively aggre-
gating adjacent features.

D. LOSS FUNCTION
The mean squared error (MSE) is widely used to train a
network. However, raindrops are blendwith objects and back-
ground scene, it is hard to distinguish between raindrops
and objects by simply minimizing MSE loss. A model with
only MSE loss tends to result in a blurred reconstruction.
Therefore, for Y and UV channels we adopt MSE + SSIM
loss [42] which can preserve global structure better as well as
keeping per-pixel similarity. We minimize the combination
of those loss functions to train the encoder and decoders. The
loss functions for Y and UV channels are defined by:

LY =
1
M

M∑
i=1

(LMSE (OiY ,T
i
Y )+ LSSIM (OiY ,T

i
Y )), (4)
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TABLE 1. Network architecture of aggregation encoder. Nout denotes the
number of output feature maps for each layer.

TABLE 2. Network architecture of aggregation decoder. Number of
feature maps k and network output channels m andepend on the
experiment. For Y channel, m = 1,k = 24, and for UV channels,
m = 2,k = 32.

LUV =
1
M

M∑
i=1

(LMSE (OiUV ,T
i
UV )+ LSSIM (OiUV ,T

i
UV )), (5)

where M is the number of training data, TY and TUV denote
the components of ground truth, LMSE and LSSIM are theMSE
and SSIM loss, respectively.

The overall loss function can be written as:

L = LY + α · LUV , (6)

where α is the parameter to balance the two losses. We set
α = 0.6 based on cross validation, which forces the network
to focus on the Y channel.

E. PARAMETER SETTING
As discussed, the proposedA2Net consists of one aggregation
encoder and two aggregation decoders. Table 1 and 2 show
the details of aggregation encoder and aggregation decoder.
Each encoder and decoder includes several 3 × 3 convolu-
tional kernels. In the encoder, the down-sampling operations
are performed by 4 × 4 convolution with stride 2. In the
decoders, we use 2 × 2 deconvolution with stride 2 to up-
sample the low-resolution features. The activation functions
for all convolutional and deconvolution layers are ReLU [43],
while the activation function of the last layer is Tanh.

F. TRAINING DETAILS
We use the dataset from [12], which contains 861 pairs of
raindrop/clean images, to train our networks. We randomly
select 256 × 256 image patchs from training set as inputs.
We keep the learning rate to 2×10−4 for the first 2000 epochs
and linearly decay the rate to 0 for the next 2000 epochs.

TABLE 3. Comparisons on SSIM|PSNR values and parameter numbers.

TABLE 4. Comparisons on increasing kernel numbers.

The mini-batch size is set to 4. All experiments are performed
on a server with Inter(R) Core(TM) i7-8700K CPU, 16GB
RAM and NVIDIA GeForce GTX 1080 Ti.

IV. EXPERIMENTS
In this section, we present experimental results on synthetic
and real-world dataset. We compare our A2Net with several
deep learning methods: DDN [1], DID-MDN [19], JORDER-
E [20], Eigen [33], Pix2pix [44] andAttentiveGAN [12]. Note
that, DDN, DID-MDN and JORDER-E are three state-of-the-
art rain streaks removal methods.

A. RESULTS ON SYNTHETIC DATASET
There are two test dataset, testA and testB, provided by [12].
The testA contains only 58 pairs of well aligned images.
The testB contains 249 pairs of images that better reflect the
complexity of the raindrop distribution, but some of the image
pairs are not perfectly aligned. To ensure a fair comparison,
we merge testA and testB, then strip out the unaligned images
and get 177 pairs of precisely aligned images for testing.1

We show the visual comparisons in Figure 8. As can be
seen, our method significantly outperforms other methods
and is successful in restoring the images. The rain streaks
removal methods (i.e. DDN, DID-MDN, JORDER-E) fail to
remove raindrops. These results are reasonable because the
physical properties of raindrops are very different from those
of rain streaks. The GAN-based method AttentiveGAN can
remove raindrops effectively but always loses some details.
In contrast, our method achieves promising results in remov-
ing raindrops, enhancing the visibility and preserving details.

SSIM and PSNR are also adopted to perform quantitative
evaluations in Table 3. As observed, our method achieves
higher SSIM and PSNR thanAttentiveGAN and considerably
outpeforms other methods. This indicates that ourmethod can
generate results more similar to the ground truth. Moreover,
our A2Net contains far fewer parameters than AttentiveGAN,
potentially making it more suitable for practical applications.

On the other hand, we tune the kernel numbers for all
encoder and decoders to 32, and refer to this model as A2Net-
32. As shown in Table 4, the performance of A2Net-32 is
slightly better than that of the final A2Net, but the number

1Our code and datasets will be released soon.
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FIGURE 8. Visual comparisons on raindrop dataset provided by [12].

of parameters is increased to 0.45M. This experiment further
confirms that the UV channels does not have toomuch impact
on the effect of raindrop removal. Therefore, we set the kernel
numbers to 32, 32 and 24 as the default setting to balance the
performance and parameters burden.

B. RESULTS ON REAL-WORLD DATA
In this section, we show that A2Net, which is trained on the
raindrop dataset [12], can still works well on real-world data.
We collect 100 real-world raindrop images from the Internet
as a new dataset. Since no ground truth exists, we only show
the qualitative results on real-world data in Figure 9. As can
be seen, our A2Net achieves the best visual performance on
removing raindrops and preserving details compared to other
methods.

C. RUNNING TIME
Our A2Net can process new images very efficiently. Table 5
shows the average running time of 100 test images for
three different image sizes on both CPU and GPU. With
the increase of image size, most deep models require sub-
stantial amounts of memory and time to work. In contrast,
our method has the faster computational speed and lower
hardware requirements. As a pre-processing for other high-
level vision tasks, the raindrop removal process should be
simpler and faster. Our A2Net is a relatively shallow network

that requires fewer calculations, so it is more practical, for
example, on mobile devices.

D. ABLATION STUDY
We provide an ablation study to demonstrate the advantage
of each part of our model.

1) YUV SPACE AND FEATURE AGGREGATION
To validate the necessity of color space conversion strat-
egy and adjacent feature aggregation operations, we design
three variants of the A2Net for exhaustive comparison. One
is called NetYUV that only keeps one aggregation encoder
and one aggregation decoder. The NetYUV directly learns the
image-to-image mapping by focusing on all YUV channels
in YUV space. The second is called NetRGB which has the
same structure as NetYUV , but is trained in RGB space. The
last one is a general UNet that only keeps one general encoder
and one general decoder, as shown in Figure 2(a). TheUNet is
also trained in RGB space. We adopt global residual learning
for each network structure.

We show the comparison of the above networks in
Figure 10. Since these networks have similar numbers of
layers, we only tune their kernel numbers to control the
parameters. We find that NetRGB can achieve higher SSIM
and better parameters efficiency than UNet. This is because
the adjacent aggregation operation can effectively enhance
the network capacity. On the other hand, the NetYUV cannot
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FIGURE 9. Visual comparisons on real-world raindrop images.

TABLE 5. Comparison of running time (seconds). ‘‘\’’ represents ‘‘out of memory’’.

FIGURE 10. Quantitative comparisons on ablation study.

produce satisfactory results since it directly learns the image-
to-image mapping by using only one decoder. In contrast, our
final A2Net handles the Y and UV channels separately and
achieves better raindrop removal performance. This indicates
that the raindrop removal problem can be simplified with the
color space conversion strategy.

Visual comparisons are shown in Figure 11. As can be
seen in Figure 11(c), some of the raindrops in the image can
be removed via UNet, but the quality of the reconstructed
image is not desirable. The adjacent aggregation operation
helps a lot to preserve image details, and the color space
conversion strategy can further improve the raindrop removal
performance, as shown in Figures 11(d) and (f).

2) OTHER COLOR SPACES
There are some other color spaces (e.g.CIE Lab) that can sep-
arate the luminance and chrominance of an image. We further

FIGURE 11. Visual comparisons on ablation study.

test whether our method is still efficient in other color spaces
that meet our motivation. We use Lab space to replace YUV
space. In Lab space, a color image is split into luminance
(L channel) and chrominance (ab channels). We again train
the models on the raindrop dataset [12]. The subjective com-
parisons are presented in Figure 12, where we see that the
visual quality of Figure 12(c) and (d) is comparable. On the
other hand, our A2Net achieves the average SSIM/PSNR
of 0.9055/28.36 dB in Lab space, close to the YUV space
of 0.9074/28.43 dB. This experiment proves that our method
performs well not only in YUV space, but also in other color
spaces where luminance and chrominance are separated.

3) UV CHANNELS
We also test the effect of UV channels on the final results.
We train a new model, called NetY , which contains only one
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FIGURE 12. Raindrop removal results using different color space.

FIGURE 13. Raindrop removal example.

decoder for the Y channel, not for the UV channels. This
means that the raindrops remain in the UV channels of the
resulting image. NetY gets an average of 0.9005/28.01 dB in
terms of SSIM and PSNR for the test set [12], while our final
A2Net gives a slightly better 0.9074/28.43 dB. Subjective
comparisons are presented in Figure 13. As can be seen,
NetY effectively removes all raindrops, but the result still left
obvious artifacts. These experiments show that the network
can achieve good raindrop removal results by focusing on the
Y channel, but the UV channel also slightly affects the image
quality.

4) HYPER-PARAMETER α
In eq.(6), the losses for Y and UV channels are
weighted by parameter α. We test our model with
α ∈ {0.3, 0.6, 0.9, 1.2, 1.5} and the evaluation results are
shown in Table 6. As can be seen, our model achieves the
best performance when α = 0.6. According to this parameter

TABLE 6. Quantitative comparisons for different α.

setting, our model focuses on the Y channel, and the UV
channels are used to further enhance the visual quality.

V. FUTURE WORK
Despite superior results of our methods, there still remain
several problems to explore. For example, we only focus on
the removal of raindrops, without considering the removal of
fog and rain streaks. We can investigate image restoration in
more severe weather conditions, in which both rain and fog
exist. In addition, to break the limitations of data, unsuper-
vised methods are also worth exploring.

VI. CONCLUSION
In this paper, we have proposed a adjacent aggregation
network for single image raindrop removal. Our network
employs an encoder-decoder structure with a new adjacent
aggregation operation to effectively extract informative fea-
tures. To simplify the raindrop removal problem, our A2Net
learns the raindrop removal function in YUV color space.
In this way, the complex image-to-image mapping problem
can be transformed into luminance (Y channel) and chromi-
nance (UV channels) processing problems. Most of the net-
work’s attention is focused on the Y channel. Our A2Net
contains only 0.4M parameters while can still achieve state-
of-the-art performance.
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