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Abstract: In this paper, we propose a new method for removing raindroppsages under heavy rain. When we drive in
heavy rain, the raindrops attached to the windshield fordmasnd our visibility degrades drastically. In such
situations, the existing raindrop removal methods canecover clear images, since these methods assume
that the background scene is visible through the gap bettheamindrops, which does not happen anymore in
heavy rain. Thus, we in this paper propose a new method foveging raindrop removal images under heavy
rain from sequential images by using conditional GAN. Theutes of our experiments on real images and
synthetic images show that the proposed method outperfivenstate-of-the-art raindrop removal method.

1 INTRODUCTION

When driving in heavy rain, the risk of an accident
goes up since a large amount of raindrops adhere
to the windshield and hinder visibility. In recent
years, the realization of autonomous vehicles is ex- §
pected, but even in the autonomous vehicles that use
in-vehicle cameras, keeping visibility in the rain is a
big problem, as with human drivers. (a) image under heavy rain  (b) result of our method

. Thus, in rece_nt years, some me_thOdS for removing Figure 1: Input image observed under heavy rain and rain-
raindrops from in-vehicle camera images have been grop removal image obtained from our method.
proposed. However, these methods assume that the

amount of raindrops attached to the windshield is rel- |,,qer heavy rain, where the background scene does
atively small hence the background scene can be ob-,; change drastically while the non-uniform rain-
served through the gaps between the raindrops. Thusdrops on the windshield randomly change the light
in the case of heavy rain, when raindrops spread like p4ths to the viewpoint of the camera, our network can
a film over the entire windshield, these existing meth- ocover a clear undistorted image of the background
ods cannot generate raindrop removal images appro-scene from a set of sequential images distorted by
priately. heavy rain.

Therefore, in this paper, we propose anew method  For training our network, we need pairs of rain-
for generating raindrop removal images properly as drop and undistorted images. However, under actual
shownin Fig. 1 (b) even when raindrops adhere to the heayy rain, it is very difficult to obtain correspond-
entire glass surface as shown in Fig. 1 (a). ing images with and without raindrops. Thus, we in

In our method, the raindrops are not considered this research synthesize training dataset of sequential
as occluding objects but are considered as transparenimages captured under heavy rain, and train our net-
objects that refract incident light in various directions work by using the synthetic heavy rain dataset. We
and distort the observed images. Our method is basedshow that our network trained on the synthetic heavy
on end-to-end learning, where the input is a set of se- rain dataset outperforms the state-of-the-art raindrop
quential images distorted by heavy rain and the output removal method proposed by Qian (Qian et al., 2018)
is a clear image with no distortion. We use a condi- in our real image experiments.
tional GAN framework for training a generator effi-
ciently. By using the property of sequential images

128

Matsumoto, K., Sakaue, F. and Sato, J.

Recovering Raindrop Removal Images under Heavy Rain.

DOI: 10.5220/0009325601280136

In Proceedings of the 15th International Joint Conference on Computer Vision, Imaging and Computer Graphics Theory and Applications (VISIGRAPP 2020) - Volume 4: VISAPP, pages
128-136

ISBN: 978-989-758-402-2; ISSN: 2184-4321

Copyright (© 2022 by SCITEPRESS — Science and Technology Publications, Lda. All rights reserved



Recovering Raindrop Removal Images under Heavy Rain

2 RELATED WORK - 2

There are two major causes of poor visibility in rainy
weather. The first one is rain streaks that block light
passing through 3D space, and the second one is rain-
drops attached to the windshield that refract light and
distort images.

For removing rain streaks in images, many authors
prOp(.)S‘.ad image dehazing methods based on rain Chari:igure 2. Generative adversarial network (GAN) for gen-
acteristics (Garg and Nayar, 2004; N. and N., 2008; ¢ 3ting raindrop removal images. GeneraBgenerates
Chen and Hsu, 2013; Santhaseelan and Asari, 2014)4 raindrop removal imagg from a set of sequential dis-
sparse coding (Luo et al., 2015) and deep neural net-tortion imagesX and noisez. DiscriminatorD learns to
works (Fu et al., 2017; Li et al., 2017; Yang et al., discriminate a false paiij;,X) and a true paify;,X), and
2017). However, these methods cannot recover im- generatoG is trained so that it minimizes correct answer of
ages which are distorted by raindrops on the wind- discriminator.
shield.

For removing raindrops attached on windows,
multiple cameras were often used to obtain the scene
information that is hidden by raindrops and invisible
at a certain viewpoint (Yamashita et al., 2005; Mat-
sui et al., 2014). The sequential images were also
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ter film. We use such distorted sequential images for
recovering the undistorted back ground scene image.
Although the image distortion is dynamic and non-
uniform, we think the distorted images include the
background scene information, and hence the undis-
used for obtaining the scene information hidden by torteq background scene image can be recovered from
raindrops at a certain time instant (Yamashita et al., n€ distorted sequentialimages.

2009; Nomoto et al., 2011; You et al., 2016). More For recovering undlstorted scene images from the
recently, the deep learning technique is used for re- distorted sequential images, we use conditional GAN

covering raindrop removal images from a single cam- (I_spla etal., 2(,)17)' The ,”e“',vmk structure of our con-
era view (Qian et al., 2018). ditional GAN is shown in Fig. 2. The generatGr

Although these raindrop removal methods work 1S & 16-layer convolution-deconvolution network (U-
efficiently under light rain, they no longer work prop- Net) (Ronneberger et al., 2015) and the discriminator

erly under heavy rain. This is because these methodsP IS @ 5-layer convolution network. _
assume that the background scene can be observed 1€ inputX of the generator is a set of distorted
through the gaps between the raindrops, that is no Sequential images up to the current titrees follows:
longer the case in heavy rain.

Thus, we in this paper consider the raindrops not
as occluding objects but as refractive media that dis- where, T is the number of time instants in the set of
tort the observed images, and propose a method forsequential images{. The generato6 generates an

X:{tht—lv'" 7Xt—T+1} (1)

recovering distorted images under heavy rain. undistorted imags at timet from the set of distorted
sequential imageX and a random noise vectaras
follows:

3 RAINDROP REMOVAL USING J = G(X,2) @)

GENERATIVE ADVERSARIAL The ground truth of the undistorted image is denoted

NETWORK asy;. Unlike the standard conditional GAN, our gen-
eratorG generates a single undistorted im&geX, z)
In the heavy rain, the entire image is covered with from multiple image.
raindrops, and the background scene cannot be ob-  The discriminatoD is trained so that a ground
served through the gaps between the raindrops. Thustruth pair{X,y:} is determined to be true and a fake
in this research, we recover undistorted background pair {X,G(X,2)} is determined to be false. The net-
scene by using the entire image which is distorted by work is trained, so that the discriminator maximizes
unknown non-uniform water film. the rate of correct judgments and the generator min-
We assume that the 3D shape of the non-uniform imizes it. Thus, the training of our conditional GAN
water film changes over time, and we can observe can be described as follows:
a set of sequential images in which the background . .
scene is distorted by the changing non-uniform wa- ~ G* = argminmax_.eean(G,D) +AL11(G)  (3)
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Figure 3: B-spline surface. Red points show control points
of B-spline surface.

magnitude of distortion

/at pixel (x,y)

z=07"<, N (b) Raindrop images
Figure 5: Example of raindrop images synthesized by B-
spline surfaces.

(x,y)
Figure 4: Representation of distortion by using a B-spline
surface. The magnitude of distortion at pixly) is repre-
sented by the coordinate of the B-spline surface(aty).

where,Lccan is the following adversarial loss:

LCGAN (G’ D) - EX,ythdata(X,yt) [Iog D(X7yt)]
FEx~poara(X),2~p2(2) [109(1 — D(X,G(X, 2)))] (4)

and /1 is anly loss as follows:

L11(G) = Bx yi~ pgara(Xyt).2~p2(2) [t = G(X, 2) [l (5)

As training progresses, genera®mwill generate
images that make it difficult for the discriminatidrto
determine authenticity. In other words, a trained gen- (c) T =4, large distortion
erator can generate raindrop removal images that arérigyre 6: Example images in our dataset. (a) shows an orig-
natural to humans from a series of distorted sequentialinal image and two sequential raindrop images in the case
images. of T = 2. (b) shows those in the cas€eloE 3 and (¢) shows
those in the case df = 4 respectively. The magnitude of
distortion is smallin (a), and those in (b) and (c) are medium
and large respectively.

4 DATASET
4.1 Representation of Raindrop

Since the accuracy of deep learning depends on the Distortions

dataset, it is important to collect many data for train-

ing. However, it is very difficult to obtain various Sj ider situati in which h .
scene data with and without various raindrops, in par- Ince We consider situations in which néavy rain gen-
erate non-uniform water film on a windshield, the dis-

ticular under heavy rain. Thus, in this research, we . . L
synthesize images that are distorted by various heavytortlon caused 'by the non_—unlform water f|Ir_n IS rep-
rains adhere on a windshield and build a dataset for "6S€nted by using a B-spline surface. By using the B-
training. sp!ln_e surface, the surface sha_pe can pe contrqlled by
a limited number of control points efficiently. Fig. 3
shows an example of B-spline surface which is gen-
erated from the control points shown in red. The B-
spline surfac&(u, v)is defined by using x K control
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pointsPij(i=1,--- ,K;j =1,---K) as follows: thezcoordinates of th& x K control points ofS, and
K K S,. We call it a water surface parameter.
S(uv) = NP (WNP (V)P 6 _Some example imageg generated by using the B-
(uv) i;gl (NG (V)P ©) spline surface are shown in Fig. 5.

where,u andv denote parameters in horizontal and 4 3 Sequential Raindrop I mage Dataset
vertical axes, an® is the degree of B-spline. .
and Training

NP(u) and NP(v) are called blending functions
and represent tl!1e influence of the control points. In ) o .
the case of a B-spline surface, B-spline basis func- BY using the method described in section 4.2, we gen-
tion is used as the blending function, which is de- €erated a dataset of sequential raindrop images. The

fined by the position of the knot sequenggi = sequential imgges in Cityscapes_ dataset (Cordts et al.,
1,--- ,K4+P+1), as follows: 2016) were distorted by changing the water surface
parametep randomly. The number of time instants
1 1 (X <u<Xi1) T in sequential images was set to 2, 3 and 4 for eval-
N7 (u) = 0 (otherwise) (7) uating the relationship between the number of time
instantsT and the accuracy of recovered raindrop re-
moval images.
NiK(u) - ﬂNinl(u) Furthermore, in order to evaluate the relationship
Xitk — Xi between the magnitude of distortion and the accuracy
" Xitkr1—U N_K—l(u) ®) of undistorted image recovery, the dataset was gen-
Xitkp1—Xig1 Tt erated changing the magnitude of image distortion in

three patterns of small, medium and large. Thus, the
sequential raindrop image dataset was generated with
3 different numbers of time instants and 3 different
patterns of distortion, and a total 033 = 9 datasets
were created. Each dataset consists of 325 training

) 11 } ~ sequences and 50 test sequences. Some examples of
In case of heavy rain, the entire image is heavily dis- nine datasets are shown in Fig. 6.

torted by raindrops. In order to generate a distorted  The network explained in section 3 was trained
image from an undistorted image, image transforma- py ysing the sequential raindrop image datasets. We
tion is performed by using B-spline surfaces. In our {rained the network with 1000 epoch. Then, the
B-spline surfacess axis represents the horizontal di-  rained generator was used for generating undistorted

tical direction of the image respectively. Thexis

of the B-spline surface represents the displacement
of the image pointx,y) caused by the raindrops as
shown in Fig. 4. (Singe we have displacemeniin S EXPERIMENTS

andy axes, the displacement is represented by two

independent B-spline surfaceS;(x,y) and Sy(x,y). 5.1 Synthetic Image Experiments
Thus, the point coordinatds,y) of the original im-
age is transformed into(,y’) in the distorted image
as follows:

In this paper, image distortion due to raindrop wa-
ter surface is represented by the B-spline surface.

4.2 Raindrop Image Synthesis

We next show the experimental results obtained from
, the proposed method. We first show results from syn-
{ X=X+ Xp(X,Y) (9) theticimage experiments.

Y =y+yp(xy) Fig. 7 shows results under small image distortions,
where,xp(X,y) andyp(X,y) denote the displacement where (a) shows ground truth raindrop removal im-
of a point(x,y) in x andy axes, and these are rep- ages and (b) shows input raindrop images distorted
resented by the coordinate ofS(x,y) and Sy(x,y) by heavy rain. Fig. 7 (c), (d) and (e) show raindrop
respectively. removal images obtained from the proposed method

By varying the control points of the B-spline sur- in the case off =2, T =3 andT = 4 respectively.
face, it is possible to represent distortions caused byt can be confirmed that the input images in (b) have
various raindrops. Thus, we control theoordinates  distortions whereas the recovered images in (c), (d)
of theK x K control points ofS, andS,. More specif- and (e) have no distortion.
ically, the image distortion is controlled by a vec- Fig. 8 shows results under medium distortions. As
torp=[Z,, - ,z’éK,zil, e ,zﬁK]T, which consists of  shown in Fig. 8 (b), we have relatively large distor-
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(a) ground truth (b) inputimage @=2 (d)T=3 e)T =4

Figure 7: Results under small image distortions. (a) shomesirgd truth images, (b) shows test input images which are
distorted by raindrops, (c), (d) and (e) show raindrop reshomages obtained from our method in the cas& ef 2, T =3
andT = 4 respectively.

(a) ground truth (b) inputimage @=2 (dT=3 (e)T=4
Figure 8: Results under medium image distortions. See thioceof Fig. 7 for detail explanations.

(a) ground truth (b) inputimage (@=2 (dT=3 (e)T=4
Figure 9: Results under large image distortions. See thisocapf Fig. 7 for detail explanations.
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(a) ground truth  (b) input image @=2 (AT =3 (e)T=4 (f) A2Net

Figure 10: Comparison with the existing method. Columns$d4g) are the same as before, and column (f) is the resuleof th
conventional methoé2Net. The first row shows the generated images, and the seoarshows the results of segmentation
obtained from the standard segmentation network.

Table 1: Segmentation error of the proposed metfiog 2, also uses deep neural network for removing raindrops

T =3,T =4) and the existing method\{Net) under small,  in images. However, their method assumes that the

medium and large image distortions. raindrops in images are not so many, and the back-
T=2]T=3] T=4 ] A?Net ground scene is occluded only partially in images.

small | 0.0803] 0.0776| 0.0748| 0.1286 We tested these two methods under heavy rain situ-
medium | 0.1456] 0.1407] 0.1293] 0.1773 ations. The first row of Fig. 10 shows the raindrop

large | 0.1851] 0.1508| 0.1456| 0.2266 removal images generated from the proposed method

andA2Net under heavy rain situations. As shown in

. 2 .
Table 2: LPIPS of the proposed methdd-£2,T=3,T = Fhese imasesy hel qannot jecovenraindiop remoyal
4) and the existing methodAfNet) under small, medium b properly, while the proposed method provides
and large image distortions. us fairly good results.

T=2]|T=3] T=4 | A’Net
small | 0.0322| 0.0291| 0.0268| 0.1990
medium| 0.1181| 0.1145| 0.0927| 0.1992
large | 0.1179| 0.1118| 0.1294| 0.2312

For comparing the accuracy of raindrop removal
images numerically, we computed LPIPS (Zhang
et al., 2018), which can measure semantic similar-
ity of two images. Unlike the traditional error met-

] o ] . ric, such as RMSE and SSIM, it has been confirmed
tions in input raindrop images. Nonetheless, the pro- py many authors that LPIPS provides us image sim-
posed method reduced the image distortion drastically jjarity that matches the human sense. We computed
as shown in Fig. 8 (c), (d) and (e). Also, we find that | p|ps between the ground truth images and raindrop
less distorted images were generated as we increasgemoval images generated by our method Aflet.

the number of time instant in the image sequence.  The results are shown in Table 2. As shown in this

Fig. 9 shows results under large distortions. As taple, LPIPS of our method decreases as we increase
shown in Fig. 9 (b), it is almost impossible to rec-  the number of time instants used in our method. We

ognize original vehicles and buildings in the input ¢an aiso find that our method provides us much better
images. Nonetheless, the proposed method reCoV-raindrop removal images thafNet.

ered fairly good road scene images with vehicles and
buildings. Again, image quality increases as we in-
crease the number of time instafits

For evaluating the visibility of objects in the re-
covered images, we also evaluated our method by per-
. . . forming the semantic segmentation on the recovered
5.2 Comparison with Conventional images using a pretrained semantic segmentation net-

Methods work. The semantic segmentation network used in
this evaluation is pix2pix (Isola et al., 2017). For
We next compare our method with the existing state- comparing the segmentation accuracy numerically,
of-the-art raindrop removal method. In this exper- the segmentation error was computed by normalizing
iment, we compared our method witk*Net (Qian the total number of wrongly segmented pixels by the
et al., 2018) proposed by Qian et al. Their method number of total pixelfp, in an image multiplied with
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(b) resulvts fro

m the proposed method

(c) results fromA?Net

Figure 11: Results from real image experiment. (a) showgi@sabserved under heavy rain. (b) and (c) show raindrop
removal images obtained from images in (a) by using the megpanethod ané?Net respectively. The visibility in (b) is
better than that in (a) and (c). For example, the white lanekens and the road guardrails are heavily distorted in (d)(@p

but they look more accurate in (b).

the number of image; as follows: distortions. We can also find that the accuracy im-
N Np proves as we increase the number of time instants in
|
error — Z\ z wrong(i, ) (10) our method. .
Ni-Np & & From these results, we find that the proposed
method is very efficient for recovering images which
pixel j of imagei is are distorted by heavy rain.
wrong(i, j) = " segmented correctly  (11)

1: others 5.3 Real Image Experiments

The second row in Fig. 10 show the results of se-
mantic segmentation performed on raindrop removal Up to now, we tested our method by using synthetic
images recovered from our method aftNet under ~ heavy rain images. For evaluating the efficiency of
large image distortions. As shown in Fig. 10 (f), the our method, we next apply our method to real heavy
segmentation result o&?Net is very different from  rainimages.
that of the ground truth in (a). However, that of the Fig. 11 (a) shows input images of various road
proposed method is very close to the ground truth as scenes observed under heavy rain. As we can see
shown in Fig. 10 (c), (d) and (e). Moreover, it can in these images, the road scenes are heavily distorted
be seen that the quality of the raindrop removal image due to the rain water film, and driving with these im-
improves as we increase the number of time instantsages is very difficult. Fig. 11 (b) shows raindrop re-
used in the proposed method. moval images obtained from the proposed method,
The improvement of accuracy in the proposed and Fig. 11 (c) shows those obtained frédNet.
method can be seen more clear in Table 1, which  From these results, we find that both methods can-
shows the segmentation error defined in Eq. (10). As not remove image distortions perfectly, but the pro-
we can see in this table, the proposed method outper-posed method provides us better views of the road
forms A%Net in all cases of small, medium and large scene thaW®Net.
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Since the ground truth undistorted images of these streaks. IrProc. of International Conference on Com-
scenes are not available, we cannot evaluate the accu-  puter Vision, pages 1968-1975.
racy of these generated images numerically. However, Cordts, M., Omran, M., Ramos, S., Rehfeld, T., Enzweiler,
we can still find that the visibility of the scene in (b) is M., Benenson, R., Franke, U., Roth, S., and Schiele,
better than that in (a) and (c). For example, the white B. (2016). The cityscapes dataset for semantic urban
lane markers and the road guardrails are heavily dis- ~ SCene understanding. Rroc. of the |EEE Conference

torted in (a) and (c), but they look more accurate in on Computer ‘”?‘0” and P,attem Recognltllon (CVPR).
(b). Fu, X., Huang, J., Ding, X., Liao, Y., and Paisley, J. (2017).

_ Clearing the skies: A deep network architecture for
Although, our method outperforms the existing single-image rain removal EEE Transactions on Im-
state-of-the-art method, we also find that our method age Processing, 26(6):2944—2956.

is not perfect, and we need more improvements. IN garg K. and Nayar, S. (2004). Detection and removal of
particular, the heavy rain model used to generate the rain from videos. InProc. Conference on Computer

training dataset needs to be improved. A more ac- Vision and Pattern Recognition (CVPR), volume 1.
curate heavy rain model would lead to more accurate |sola, P., Zhu, J.-Y., Zhou, T., and Efros, A. A. (2017).
raindrop removal. Image-to-image translation with conditional adversar-

ial networks. InProceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR),
pages 1125-1134.

6 CONCLUSIONS Li, Y., Tan, R., Guo, X., Lu, J., and Brown, M. (2017).

Single image rain streak separation using layer priors.

In this paper, we proposed a new method for remov- |EEE Transactions on Image Processing.

ing image distortion caused by raindrops under heavy LU0, Y., Xu, Y., and Ji, H. (2015). Removing rain from
a Slngle Image via discriminative Sparse COdlng. In

rain. . :
. . . . Proc. of International Conference on Computer Vision
In heavy rain, raindrops form a non-uniform film (ICCV), pages 3397—3405.
on the Wmds.hleld’ and the Y'S'.b'“ty fpr a driver de- Matsui, T., Sakaue, F., and Sato, J. (2014). Raindrop re-
grades drastically. The existing ramdr'op remoyal moval by using camera array systemIEEE 17th In-
methods cannot recover clear images in such situ- ternational Conference on Intelligent Transportation

ations, since these methods assume that the back- Systems (ITSC), pages 2249-2250. |IEEE.
ground scene is visible through the gap between theN., B. and N., L. (2008). Using the shape characteristics of

raindrops, which does not happen anymore in heavy rain to identify and remove rain from video. Rroc.
rain. Thus, we in this paper proposed a new method of Joint International Workshops on Statistical Tech-
for recovering raindrops removal images from the se- niques in Pattern Recognition and Sructural and Syn-

tactic Pattern Recognition, volume LNCS5342, pages
pp 451-458.

Nomoto, K., Sakaue, F., and Sato, J. (2011). Raindrop com-

ries of distorted images. The results of our exper-

iments show that the proposed method outperforms

the state-of-the-art raindrop removal method in heavy X -
plement based on epipolar geometry and spatiotem-

rain situations. . . poral patches. IrProc. of International Conference
The proposed method is promising, but challenges on Computer Vision Theory and Applications, pages

remain. In our proposed method, image degradation 175-180.

due to raindrops is considered. However, in actual Qjan, R., Tan, R. T., Yang, W., Su, J., and Liu, J. (2018).

heavy rains, image degradation due to rain streaks Attentive generative adversarial network for raindrop

also exists, so it is desirable to expand to a method removal from a single image. [the |EEE Conference

that improves both of these degradations. on Computer Vision and Pattern Recognition (CVPR).
Furthermore, it is also important to use real heavy Ronneberger, O., Fischer, P., and Brox, T. (2015). U-net:

rain images to train the network for improving the ac- Convolutional networks for biomedical image seg-

mentation. Ininternational Conference on Medical

curacy. Since the ground truth undistorted images are image computing and computer-assisted intervention,

not available under heavy rain, we need to consider pages 234-241. Springer.
unsupervised leaning in the raindrop removal frame- o, ,inaceelan, V. and Asari, V. (2014). Utilizing local ghas
work. information to remove rain from vidednternational
Journal of Computer Vision, pages 1-19.
Yamashita, A., Fukuchi, I., and Kaneko, T. (2009). Noises

removal from image sequences acquired with moving
REFERENCES camera by estimating camera motion from spatiotem-
poral information. InProc. of International Confer-
Chen, Y. and Hsu, C. (2013). A generalized low-rank ap- ence on Intelligent Robots and Systems, pages 3794—
pearance model for spatio-temporally correlated rain 3801.

135



VISAPP 2020 - 15th International Conference on Computer Vision Theory and Applications

Yamashita, A., Tanaka, Y., and Kaneko, T. (2005). Re-
moval of adherent waterdrops from images acquired
with stereo camera. IRroc. of International Confer-
ence on Intelligent Robots and Systems, pages 400—
405.

Yang, W., Tan, R., Feng, J., Liu, J., Guo, Z., and Yan, S.
(2017). Deep joint rain detection and removal from
a single image. IrProc. of the IEEE Conference on
Computer Vision and Pattern Recognition.

You, S., Tan, R., Kawakami, R., Mukaigawa, Y., and
Ikeuchi, K. (2016). Adherent raindrop model-
ing, detectionand removal in videolEEE transac-
tions on pattern analysis and machine intelligence,
38(9):1721-1733.

Zhang, R., Isola, P., Efros, A. A., Shechtman, E., and Wang,
O. (2018). The unreasonable effectiveness of deep
features as a perceptual metric. Rroc. of the |IEEE
Conference on Computer Vision and Pattern Recogni-
tion (CVPR).

136



