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Abstract—The waterdrops on windshields during driving
can cause severe visual obstructions, which may lead to car
accidents. Meanwhile, the waterdrops can also degrade the
performance of a computer vision system in autonomous
driving. To address these issues, we propose an attention-
based framework that fuses the spatio-temporal representations
from multiple frames to restore visual information occluded
by waterdrops. Due to the lack of training data for video
waterdrop removal, we propose a large-scale synthetic dataset
with simulated waterdrops in complex driving scenes on rainy
days. To improve the generality of our proposed method, we
adopt a cross-modality training strategy that combines synthetic
videos and real-world images. Extensive experiments show that
our proposed method can generalize well and achieve the best
waterdrop removal performance in complex real-world driving
scenes.

I. INTRODUCTION

With the increasing applications of visual perception meth-
ods [1], [2], [3], [4] in robotics and autonomous driving,
the robustness of these methods has become more and more
important in their visual system. However, the performance
of current vision methods significantly degrades in rainy
weather in autonomous driving scenarios, since raindrops
on the windshield or camera lens cause inevitable visual
obstruction, as mentioned in Porav et al. [5]. Therefore,
removing waterdrops from videos on rainy days is highly
important for self-driving cars and various robot applications.

Although many researchers [6], [7], [8], [9], [10], [11],
[12], [13], [14], [15], [16], [11], [17] propose dedicated
frameworks to remove rain streaks, video waterdrop removal
receive much less attention and is still an open question.
Since there exists a significant geometric gap between wa-
terdrops and rain streaks, the dedicated methods proposed to
remove rain streaks cannot perform well on the waterdrop re-
moval task as mentioned in [18]. As shown in Fig. 1, directly
applying a state-of-the-art rain streak removal method [19] to
remove waterdrops will not yield satisfactory results. Instead
of being like the line shape of rain streaks, waterdrops tend
to be ellipses scattered on windshields. And each waterdrop
usually occupies a larger area than a rain streak, thus being
more difficult to deal with.

To tackle the waterdrop removal problem, some re-
searchers [20], [21], [22], [23], [24], [5] propose specialized
frameworks to remove waterdrops from a single image.
However, they still cannot handle complex driving videos,
which are very common in Autonomous Driving. On the
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Fig. 1: Real-world driving videos with waterdrops.

one hand, their datasets are usually collected by sprinkling
waterdrops on the glass, thus there is a large domain gap
between these data and real driving scenes. On the other
hand, their methods lack temporal information utilization,
which is necessary for video tasks.

The lack of paired real-world training data for video
waterdrop removal limits the performance of learning-based
methods in the real world. It is almost impossible to collect
perfectly aligned driving videos with and without waterdrops.
To address this issue, we propose a large-scale synthetic
video waterdrop dataset with paired data for training. To
promote our proposed method to generalize to real driving
scenes, we adopt a cross-modality training strategy that
jointly trains our model on our large-scale synthetic video
dataset and a small-scale real-world image dataset proposed
by [21]. We also propose a spatio-temporal fusion-based
framework to restore the background information under the
regions occupied by sparse waterdrops and even the streaks
of waterdrops, as shown in Fig. 1. With the dedicated
framework and cross-modality strategy, the proposed method
achieves the best-performing video waterdrop removal in real
driving scenes.

Our contributions can be summarized as follows.

1) We propose a dedicated framework for video waterdrop
removal in complex driving scenes. Our framework
is based on spatio-temporal fusion that uses a self-
attention mechanism to exploit both spatial and tem-
poral information for restoring clean video frames.

2) We are the first to propose a large-scale synthetic video
dataset for the waterdrop removal task. We design a
video waterdrop synthesis algorithm based on Hao er
al. [24] to generate synthetic data.

3) To tackle the domain gap between the synthetic data
and real driving scenes, we propose a cross-modality
strategy for jointly training the proposed method on our



synthetic video data and the real-world image data [21].

4) The extensive evaluations demonstrate that our water-
drop removal method significantly outperforms previous
works on our synthetic dataset and real driving scenes
quantitatively and qualitatively.

II. RELATED WORK
A. Single-Image Methods

Although there are many methods focusing on image
deraining, they mainly attempt to remove rain streaks instead
of waterdrops from images. To remove watedrops from
images, some learning-based methods have been proposed in
recent years. Eigen ef al. [20] propose the first CNN-based
method to remove the waterdrops from a single degraded
image. Due to the over-shallow network architecture design,
their method shows poor removal performance for large and
dense waterdrops. Qian et al. [21] propose a generative
adversarial network (GAN) based method. Their method
generates an attention map for each input image. However,
with the simple concatenation of the input image and its
corresponding attention map, their method still only focuses
on the local spatial information instead of the global one.
Quan et al. [22] propose a shape-driven attention and channel
re-calibration to locate and process waterdrops. However,
this method is still limited by the local attention mechanism
that does not sufficiently explore the long-range but helpful
information from the whole single image. Hao et al. [24]
propose a waterdrop synthesis algorithm for the single image.
With their synthetic image dataset, they train a deep network
for waterdrop detection and removal. However, their method
shows poor performance in real driving scenes. Quan et
al. [18] propose to utilize the neural architecture search
method [25] to generate a complementary network to tackle
rain streak removal and waterdrop removal jointly. But their
method is still too weak to remove waterdrops from real
driving scenes.

B. Multi-Image Methods

Due to limited clues in a single image for clean back-
ground information recovery, some researchers [26], [23],
[27], [28] propose to take multiple degraded images as input
to reconstruct the clean ones. You er al. [26] propose to
calculate the dense motion change to detect waterdrops in
each frame. However, their method needs to retrieve similar
but clean information over nearly one hundred frames to
restore the regions under waterdrops. Shi et al. [23] propose
a dedicated framework for the stereo waterdrop removal
task. Their method relies heavily on the disparity map in
each stereo pair, which is not available in monocular driving
videos. A coarse-to-fine method is proposed by Liu et al. [27]
to tackle obstruction removals, such as reflection removal and
fence removal. Their method can be extended to waterdrop
removal task. Based on the flow estimation, they propose
to warp nearby frames to provide helpful information for
recovery. Most recently, Alletto et al. [28] propose a spatio-
temporal de-raining model to tackle single-image and video
waterdrop removal. They also propose a waterdrop synthesis

algorithm to simulate driving scenes during rain. Although
the abovementioned two methods can remove sparse water-
drops from multiple images, they fail to estimate a correct
optical flow when there are numerous waterdrops over a
sequence of frames. Considering the bottleneck of flow esti-
mation, we propose to utilize a temporal attention block that
directly provides effective information from nearby frames
to restore clean background information.

III. APPROACH
T

Given a sequence of frames with waterdrops {Ft} ,
. . t=1
where 7' is the sequence length, our goal is to remove

the waterdrops in these frames and recover the clean ones

{Ft}T . To tackle waterdrop removal, we consider two
types to_f]L occlusions: the partial occlusion and the complete
occlusion, as shown in Fig. 3. There is still some meaningful
background information covered by the waterdrop in the
partial occlusion, while the information in the complete
occlusion is totally lost for background restoration. To ad-
dress this problem, we propose a pixel attention block to
pixel-wisely re-weight the intermediate feature of each input
frame. The goal of the pixel attention block is to enhance the
background information in the partial occlusion and suppress
the meaningless information in the complete occlusion.

After re-weighting each pixel in the feature, we need
to refine the pixels in partially occluded regions and fill
completely occluded regions with meaningful values. We
treat this processing as an inpainting task [30], [31]. Inspired
by [31], we adopt a self-attention mechanism to refine
and fill regions degraded by waterdrops. Unlike previous
solely CNN-based works which are limited to exploiting
local information, we utilize the self-attention mechanism to
restore background information by fusing global information
across the whole spatial dimension. Based on such a self-
attention mechanism, we propose a spatial attention block
to refine re-weighted features from the pixel attention block.

Although the spatial attention block can restore most
regions in features, some regions that are still degraded can
be restored by utilizing features from nearby frames. Hence,
we propose a temporal attention block to fully exploit the
valid information from nearby frames. Similarly, but differ-
ently to the self-attention mechanism in the spatial attention
block, the temporal attention block refines multiple features
simultaneously by fusing the global information across the
temporal dimension. Through the above spatio-temporal fu-
sion, the proposed method can reconstruct cleaned frames
accurately.

A. Pixel Attention Block (PAB)

Given a sequence of frames within waterdrops
WA ~
Ft} JF, € REXWX3  we first feed them into
t=1 .
the encoder and obtain a sequence of features
{ft}?zl,ft € Rhwxe where h = £, w = Y and

¢ denotes the channel number. After encoding, each
feature is fed into the pixel attention block to obtain its



Supervision

Pixel Spatial |
— I —| Attention }— Attention
3 Block Block |

Image Input

C Cross-Modality )

"‘.
Image Output

T

——

Decoder

Temporal .
Supervision

Attention
Block

Pixel ) Spatial )

Attention Attention
Eepgter Block Block
' Pixel Spatial

~ ——| Attention ——| Attention
Block Block
Pixel Spatial

——| Attention ——| Attention
Block Block

Video Input

Video Output GT

Fig. 2: Overview of the proposed method. We propose a framework with spatial-temporal fusion, based on a self-attention
mechanism [29], to reconstruct each feature across spatial and temporal dimensions, respectively. Meanwhile, we also adopt
a cross-modality strategy to train our model on our proposed synthetic video data and the real-world image data [21] jointly.
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Fig. 3: Two types of occlusions caused by waterdrops.
Examples are from the dataset [21].

corresponding pixel-wise confidence map a;, as shown in
Fig. 4:
ar = o(Opa(ft)), (D

where 1 < t < T, o denotes the sigmoid activation. To
obtain a pixel-wise confidence map for each feature, we
adopt a similar block in SENet [32] but we discard the global
average pooling layer and replace the fully connected layer
with the convolutional layer © p 4. Since each waterdrop only
occupies a narrow region across the spatial dimension in each
feature channel, this encourages us to re-weight each pixel by
a pixel-wise confidence map a; instead of a common weight
as in [32]: )

fi =at O fi, (2)

where © denotes a pixel-wise multiplication operation. Dur-
ing re-weighting, the value of each element in the pixel-
wise confidence map is expected to be 0 for the complete
occlusion, 1 for the clean background region.

B. Spatio-Temporal Fusion

1) Spatial Attention Block (SAB): After re-weighting, we
need to refine the pixels in the partial occlusion and fill the
complete occlusion with meaningful pixel values. To address
this, we utilize a self-attention mechanism [29] to reconstruct
each feature by fusing patches with a predicted attention
map:

G =V, (f), ke=Tp(f), v =0y(f), O
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Fig. 4: The detail of the pixel attention block in the proposed
method.

where U (-), ¥,(-) and ¥,(-) denote the feature embed-
ding for query, key and value, which consists of the 2D
convolutional layers with 1 x 1 kernel size. We extract
N = h x w patches with size 1 x 1 X ¢ from the query,
key and value features, respectively. To calculate an attention
map, we reshape each patch of query and key features into
a 1-D vector, so the similarity between each query patch p?
and each key patch p* is

Sij = ) (v)” 4
Y Ix1lxe

where 1 < 4,7 < N, p! and pf denote the i-th query
patch and j-th key patch, respectively, - denotes a matrix
multiplication operation. As it is mentioned in [29], the
similarity value normalized by the dimension of each vector
can avoid a small gradient caused by a subsequent softmax
function. Finally, the attention map is

aig = e2lia) (5)

Zn=1 exp(si,n)

With the attention map, the output p? for each query patch

pi is a weighted fusion of corresponding value patches pV:

N
Py = Zai,jp}?- (6)
=1



After receiving these output patches, we reshape them into
the size h X w X ¢ to obtain the spatially refined feature.

2) Temporal Attention Block (TAB): In the temporal at-
tention block, we extract multi-scale patches for queries,
keys, and values from multiple input frames features as
in [31]. For the waterdrop removal task, the large patches are
marvelous for semantic-level reconstruction, and the small
ones encourage texture-level reconstruction. For the trade-off
between the computation cost and recovering performance,
we split each feature into two parts with size h X w x 5 and
extract different-size patches (2 x 2 x § and 8 x 8 x ) from
them. After fusing patches with a self-attention mechanism,
we reshape fused patches into h X w X c features to receive
temporally refined features.

After the spatio-temporal fusion, we feed each temporally
reﬁne;} feature into the decoder to obtain cleaned frames

il

C. Training

1) Cross-modality Training Strategy: Although the pro-
posed method only trained on our synthetic dataset can
generalize well to real driving scenes, training it jointly on
our synthetic video data and the real-world image data [21]
as shown in Fig. 2 improves the generalization performance
of our method. As mentioned in [21], the dataset [21]
only consists of degraded images with corresponding clean
images, and there is a slight spatial misalignment in each
image pair, so we need to utilize these image data carefully.

2) Loss Functions for Frame Sequences:

a) Mask Loss: In the pixel attention block, to encourage
the network to predict the pixel-wise attention map precisely
as much as possible, we feed the predicted pixel-wise atten-
tion map into the mask decoder to receive a waterdrop mask
for each input frame, the mask loss is

T
1 -
Lhask = 7 ) BCE(M;, My), (7)

t=1

where BCE(-) denotes binary cross entropy loss function,
M, denotes the predicted mask and M, denotes the ground-
truth mask from our synthetic dataset.

b) Reconstruction Loss: For the final cleaned frame
reconstruction, we add a pixel-wise loss between the network
outputs and the ground truths:

1z
= TZ
t=1

where F, denotes the cleaned frame output.

R 2
cr F, - F . 3

recons

c) Temporal Loss: To guarantee the temporal consis-
tency among network outputs, we adopt the conditional video
discriminator [33] to calculate the temporal loss (TL) for
network outputs:

Ly = Esp (@ logDv (7)), ©)

where P(-) denotes the data distribution, Fr denotes the
concatenation of all the network outputs, Dy denotes the
discriminator whose loss function is

Lp= EINPFT(JJ) [lOgDV (l)} + Ezop-

Fp (@)

[1 —logDy ()],
(10)

where Fr denotes the concatenation of all the ground-truth
frames from our synthetic dataset.

The total loss functions for each frame sequence are
concluded as follows:
EF 1= )‘IF ’ ﬁriask + +)‘2F ’ ﬁF

tota recons

+ A Lhp, (1D

where the weights for different losses are set as AP =10,
MY =25, and A\’ = 5.

3) Loss Functions for Images: Considering the spatial
misalignment between the input image I and its clean ground
truth 7, we only adopt a feature matching loss between the
network output and the ground truth:

Lo =3\ H@l(f) 7<I>l(I)H1, (12)
l

where I denotes the network output, ®; denotes the layer
l in the VGG-16 network [34] where we select the layers
convl 2, conv2_2, conv3_2, conv4d 2 and conv5_2, {\}
denotes the weights for the layers we select. Besides, since
there is no need to exploit the temporal information for im-
age reconstruction, we discard the temporal attention block
during attention-based fusion.
IV. SYNTHETIC VIDEO DATA GENERATION

Due to the lack of paired data for multi-image/video
methods training, we propose a synthetic waterdrop dataset
for driving scenes. To the best of our knowledge, there are
only three image waterdrop synthesis works [24], [28], [5]
which cannot be utilized to generate waterdrops for videos
directly. This encourages us to extend such algorithms to
video waterdrop synthesis by considering the followings:

1) For a driving video, each waterdrop remains at the same
position over a sequence of frames. With the wind or
the intense movement of the car, there will be a tiny
shift in each waterdrop.

2) With the evaporation of waterdrops, some completely
occluded regions turn to be partially occluded along a
sequence of frames.

Based on these observations, we design a video waterdrop
synthesis algorithm based on [24]. For a sequence of clean
frames, we generate 150 to 400 waterdrops in the first frame.
For each next frame, we add a shift along a random direction
to each waterdrop. Meanwhile, we linearly enlarge the blur
kernel size to make waterdrops progressively blurry over
frames, which can simulate the evaporation of waterdrops.
During synthesizing, we set the length of each sequence as
5, the shift value as 1 pixel, and the blur kernel size from 3
to 20 pixels.

To collect clean driving videos for data synthesis, we
choose the DR(eye)VE Dataset [35] which contains 51
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Fig. 5: Qualitative comparison on real driving scenes collected from the Internet. The results show that our method can
remove various-shaped waterdrops in multiple kinds of weather. The last column shows the proposed method still presents

a satisfying performance in the extremely challenging case.

videos with multiple scenes and weathers, varying from
the morning, evening, night, sunny, cloudy, countryside,
downtown, and highway.

To summarize, we propose a large-scale synthetic dataset
with numerous triplets (F, F', M). In each triplet, there are
one clean frame F, one frame F' with synthetic waterdrops
and one binary mask M for waterdrops. Totally, we have
67500 triplets from 45 videos for training and 600 triplets
from 6 videos for testing.

V. EXPERIMENTS

A. Implementation Details

We train the network by minimizing (Lf,,; + L}.,,) on
synthetic data and real data jointly. To be specific, for every
1000 training iterations, we train the network on synthetic
data for 900 iterations while on real-world data for 100
iterations. We set the proportion as 9 : 1, the best one we
select from 5 : 1, 7 : 1,9 : 1 and 11 : 1 by evaluations.
Totally, we train the network for 75000 iterations on both
datasets using the ADAM optimizer [36] with [r = 0.0001
and (51,52) = (0.9,0.999). We set the length T' of each

frame sequence as 5, and channel number ¢ as 256 during
training.
B. Comparison to State-of-the-Art

As abovementioned in Sec. II-B, there is only one video
waterdrop removal method proposed by Alletto et al. [28].
However, the lack of source code and real-scene evaluations
impedes us from making a fair comparison with them. To
evaluate our model and make fair comparisons, we select the
most recent and state-of-the-art methods for comparisons:

1) AttentGAN [21], Quan et al. [22], CCN [18] are
learning-based methods for single-image waterdrop re-
moval.

2) Vid2Vid [33] is a recent and typical video-to-video
translation method that is regarded as the spatio-
temporal baseline in evaluation.

3) LSTO [27] is a method for multi-image obstruction re-
moval. This method can be extended to video waterdrop
removal.

1) Qualitative Evaluation: We present some qualitative
comparisons in Fig. 5, evaluated on real driving scenes which
are collected from the Internet (without ground truth). For



TABLE I: Quantitative comparison on our proposed synthetic
dataset.

CCN [18] Vid2Vid [33] Ours
PSNR 1 26.2878 27.5029 29.5789
MS-SSIM 1 0.9220 0.9439 0.9627
LPIPS | 0.1896 0.1231 0.0848
Ewarp [37]1 1 0.0828 0.0811 0.0799

various waterdrop cases, image methods show poor perfor-
mance on video waterdrop removal, especially CCN [18],
since the network architecture dedicated to the single-image
task is too weak to handle such complex driving scenes.
Although Vid2Vid [33] shows satisfying removing perfor-
mance on the sparse and small waterdrops as shown in
Fig. 5 column 4, this CNN-based method fails to address
streak case with large waterdrops and it cannot restore the
background information under the complete occlusions, as
shown in Fig. 5 column 1. LSTO [27] can remove most
waterdrops in real driving scenes, while this multi-image
method relies heavily on flow estimation, which may fail
when there are many waterdrops along a sequence of frames.
Furthermore, this method is too time-consuming, which costs
60 seconds for each frame of size 960 x 512, while our
method only costs 0.5 seconds for the same one. Based
on our pixel attention block and spatio-temporal fusion,
the proposed method shows outstanding waterdrop removal
performance in sparse cases and streak cases. Even under
dark circumstances and heavy rain, the proposed method still
presents satisfying results in such extreme cases, as shown
in Fig. 5 columns 2 and 5.
2) Quantitative Evaluation:

a) PSNR and MS-SSIM: Due to the lack of paired data
of real driving scenes, we evaluate the different methods
on the testing set of our synthetic dataset. Since the lack
of training codes for other methods, we only compare the
proposed method with CCN [18] and Vid2Vid [33], which
are re-trained on the proposed dataset with the same cross-
modality training strategy. As shown in Table I, we compute
the PSNR and MS-SSIM [38] between the result cleaned
frames of different methods and ground-truth clean frames.
The proposed method shows strong performance over previ-
ous works on synthetic data.

b) User Study: We also conduct a user study for
the results of different methods on real driving scenes.
For each evaluation, we compare our method to the other
five methods. Each user is presented with a driving-scene
frame degraded by waterdrops and six cleaned frames from
different methods. The user needs to choose the cleaned one
which has better visual quality. There are 25 driving-scene
frames presented in the comparisons and 30 users in this
user study. The results are shown in Table II. There is nearly
77.84 percent of users prefer our results, which means our
method outperforms others significantly.

c) Temporal Consistency: To evaluate the quality of
results across the temporal dimension, we adopt a similar
evaluation metric proposed by Lei et al. [37]. For each

TABLE II: User study for video waterdrop removal task.

AttentGAN Quan ef al. CCN Vid2Vid LSTO  Ours
(21] [22] (18] (33] [27]
4.54% 10.23% 0% 6.82% 0.56% 77.84%

TABLE III: Ablation study on our proposed synthetic dataset.
The best and second-best scores are indicated in red and
blue.

Ours-noPAB Ours-noSAB Ours-noTAB Ours-noCMS Ours (full)

PSNR 1 27.6397 28.2355 28.0135 30.1052 29.5789
MS-SSIM 0.9456 0.9530 0.9492 0.9625 0.9627
LPIPS | 0.1209 0.1318 0.1363 0.0740 0.0848
Ewarp [371 1 0.0815 0.0810 0.0831 0.0800 0.0799

(b) Ours-noCMS

(a) Input Frame (c) Ours (full)

Fig. 6: Qualitative comparison on real driving scenes for our
ablation study.

cleaned frame Ft, we calculate the warping error with Ft_l,
F,_3 and F,_j for considering multi-scale temporal consis-
tency. As shown in Table III, our model without the temporal
attention block suffers heavily from temporal inconsistency,
which means the temporal attention block not only restores
the regions with the clues from nearby frames but also keeps
the network outputs temporally consistent.

C. Ablation Study

To better analyze each block or cross-modality training
strategy that contributes to the final performance of our
network, we remove or replace each block one by one and re-
train each modified network on the same datasets. As shown
in Table. III, each attention block shows a positive effect
for removing and recovering performance. Besides, although
the model trained without cross-modality strategy (Ours-
noCMS), which is only trained on our synthetic dataset,
performs the best in quantitative evaluation in Table III, our
full model shows better performance on real driving scenes,
as shown in Fig. 6. The cleaned frame maintains the original
color in good condition with our cross-modality training
strategy, and some tiny waterdrops disappear.

VI. CONCLUSION

We present a new method with spatio-temporal fusion for
video waterdrop removal. To train our proposed method, we
build a large-scale synthetic waterdrop dataset for complex
driving scenes. With an appropriate cross-modality training
strategy, the proposed method shows an impressive water-
drop removal performance in real driving scenes. Further-
more, we are the first one to compare the proposed method
with others on numerous synthetic data and real driving
data. Both quantitative and qualitative evaluations show the
proposed method is better than others.
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