Depth-attentional Features for Single-image Rain Removal
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Rain model: Fig.3: two sets of example images in our dataset RainCityscapes > // /
» Rain often comes with fog (Fig.1) . > Rain-free image I(x)
| S | .g &2 > We prepared this dataset by first picking 262 training images and 33 testing images from the Depth-attentional features Residual image
» Object visibility varies with depth from the camera. training and validation sets of the Cityscapes dataset [3] as our rain-free images, where the (DAF) Res(x)
» Objects closer to the camera are covered mainly by the rain streaks, weather is overcast without obvious shadow and the depth map is plausible. Then, we used 5 i
while objects far away are covered more heavily by the fog (Fig.1). different parameters to simulate different degrees of rain and fog; see paper for details. . . . S £~ 2 E E~ 2 E E E o
o ® Depth-guided attention mechanism: = oM. BE BT e e SA S o P e RS
> Fig.2 plots the rain streak intensity (t,) against the scene depth (d) » Altogether, our RainCityscapes dataset has 9,432 training images and 1,188 testing images. - T - - S - R - S = (T
based on the rain model in [1].
Problems: Experimental Results Application: Vehicle Detection
» Existing methOdS fO.CUS mal.nly on removing rain streaks and ignore | q**\* . Y ‘* ® Compare different methods on RainCityscapes The presence of rain affects the vehicle detection
the physical properties of rain. L i ,. 7 ZelIRs N —thod PSNR | SSIM performance. We used SINet [4] (trained on
» Existing datasets for rain removal contain only rain streaks, while Cityscapes) to detect vehicles in various kinds of
some of the images are even indoor. DAF-Net (ours) 30.06 | 0.9530 images; see average precision reported below.
I}){I]]E;;)S-?Z/Ifﬁ[gc\ép\lfills ]] gijg 82;23 various kinds of images car bus
Contribution #1: Rain Image Formulation rain removal , <10 0 rain images 43.89% | 50.63%
S JOBICCVI7T] 1 15.10 107592 rain-free images (ours) | 63.99% | 78.95%
An observed rain image O(x) is a composition of a rain-free image 1(x), GMMLP [CVPR16’] 17.80 | 0.8169 rain-free images (ground truth) | 74.29% | 84.34%
DSC [ICCV157] 16.25 | 0.7746 _

a rain layer R(x), and a fog layer A(x) (see the examples in Fig.3):

DCPDN [CVPRI18’] | 28.52 | 0.9277

haze removal | \ 1y Net (ICCV17'] | 20.40 | 0.8243

Ox) = Ix)(1 — R(x) — A(x)) + R(x) + A)A(x),
where

® R(.X) = Rpattem(x) * tr(X) , tr(X) — e—a’maX(dl,d(x)) ,

® User study: mean ratings from 1 (fake) to 10 (real)

where Ry itern(X) is an intensity image of rain streaks from [2]; dataset rating (mean & standard dev.)
t-(x) is the rain streak intensity map (Fig.2); and a is an .
r(X) | n Y P (Fig.2) | | real rain photo 8.93 + 1.66
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