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A 1 A Synthetic rain image generation (Learnable data
Augmentator)
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Al 3 A Semantic Segmentation
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Al 3 & DSANet (Disentangling and Synthesizing

Augmentator Network)

Al 1 A Framework Architecture
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(F G, DBDSS) = )‘msr’[’?nfse + )‘B (LBl + LBQ )
+ /\adv (Lfdv + Ladv ) + >‘re0<LrLZi + Lr%i + Lr]zz +Lr]iz ) (9)
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Al 3 @ Generating Rainy Scenes and Fine—tuning of Segmentation

Models for Improved Performance
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Al 1 A Datasets and Experimental Setting

» Cityscapes. & =FolAl= Cityscapes[1] Hlo]HAIS o]-&sto] A|1wlE o]
A YEI et AF-E 3Pkt Cityscapes ©9| A= 5,000% 7t
Fo] 7Y olmR & o]RojA glom, B =Foie B & F olf]
A5 tFer s ol °hE B 2= omAE FAE HolHAlS
28 H] 998 FE5k9] Cityscapes dlo]EAlo] A&7t} o]& A gto
24 ool B7E gl F98 onRE dojd 4 qlglow, uhEbA o
&5} segmentation A-S ML 4 UUATh

* RainHQ. Cityscapes Hlo|EAlo] BIZ} W2]x] ¢f= AA] T3 o]z Hd
At 2, RainHQ Hlo[gAl> H] Fefo] EAfst= dlolgAleltt. 1,000
& 7tge R o|folA glow, HZF WEle olmxet WA g olnlA|

S 15 AFsth 2 =74+ o] RainHQ Hlo|gAlo 2 BE H] g

& FE0to] Cityscape HlolEAle] A& 4 UAT st Ut o]FA

ofg] HolgAl& Egcte] ARgeto=a ZH7to] AHE B A4d 4 3l
Art.

o KITTL KITTI dlol€lAl& 15,000% 71=Fe] £33 olu|x]& o]Zo]zl dlo]

EAlolr, 2 =g HAEE @ o o] &5ttt Cityscapeet 22

ojm|Z] HlolEAlE Fofl BHe] mel Fgo] & Hof QU= &

@

3
T AT
Al 2 A Evaluation Metric

AlZdigeld 23S B71ek7] Asl mloUSt mAPE AHESHH, F A&

R o] w2 s 4ttt Aee Btk ERE, 13 3-104 DSANet=



s B7Pl Slsl A 94 E 87 s ARt
PSNR(¥|Z AT off & v]&)3 SSIM(FZ2H FAH A4)&
T 7Y el glol 245 o 2 F4d& vehdth PSNR2 949 &
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=
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Al 3 A Segmentation Experiments on Generated Rainy Images

I3 4-394+= DSANet= &85t Cityscape ¥ KITTI dlo]glAl e
e Az H7E Wele @4S Algeoldrt 949 AlwEeld A1zt
A7E AAE . DSANet> theFet H] @+ 4o digt Al1dEold&
AAZ17]1 f1ell A2 AAgEH A4S 7IHEe 2 DeeplabV3et SegFormers:
FY5tth ol=4 AAHE M= v 2= HolgAle & 4-1o] AFH L
2 H7t= et Cityscape @ KITTI dloelAle zkzE & dlolel Al g2
=

E dolgAle 9:1 HlgR Egsto] sh5atgit

Eoof

(a) Rainy Input (b) DeepLabV3 (pretrained)

(c) DeepLabV3 (ours)

(d) Ground truth (e) SegFormer (pretrained) (f) SegFormer (ours)

[(18 4-1] Visualization of segmentation results on

Cityscapes
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(a) Rainy Input (b) DeepLabV3 (pretrained) (c) DeepLabV3 (ours)
(d) Ground truth (e) SegFormer (pretrained) (f) SegFormer (ours)

[71™ 4-2] Visualization of segmentation results on Cityscapes

(b) DeepLabV3 (pretrained)

(d) Ground truth ‘ (e) SegFormer (pretrained) (f) SegFormer (ours) -

[C1 4-3] Visualization of segmentation results on KITTI
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ooz sl sh&E malo] ATl Avte] only PRE £AA
2 5 ke e AMET mebd, Sel AT N ok 9Ye BEs
o 71E BES vl Fystgon] o BFelA Bl ox Gyl thg Ao

_20_



[£ 4-1] Comparison results of difference segmentation models in terms

of mloU(%) and mAP(%) on Generated rainy images by DSANet

Method Cityscapes KITTI
mloU (%) mAP (%) mloU (%) mAP (%)

DeepLabV3(Input—1) 54.48 61.53 72.08 76.18
DeepLabV3(End-to—End) 60.44 65.50 77.51 79.35
DeepLabV3(Ours) 57.54 64.33 74.19 78.28
SegFormer(Input—1) 59.03 66.11 61.60 66.94
SegFormer(End-to—End) 66.74 71.27 70.32 74.95
SegFormer(Ours) 63.25 68.60 66.86 71.63

[£ 4-2] The mloUcomparison was conducted for each of the 19

categories in our dataset using both the DeepLabV3 and SegFormer

models.
< =
. 3 2 =3 g = o
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?eepub” 639 242 399 192 37 01 0 02 271 0 66 01 0 291 174 137 151 0 0 13.7
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ghormer 910 750 802 752 682 254 342 376 783 544 TLO 518 498 835 793 L7 769 512 455 632

S, 229 ol FY REe 7]E9 vl stgE mHo| Hs|
= E?&‘ﬂr o] DSANeto 2 AHE—‘% H] 0L oJARS ek
e

ol
k%

ks
oo oX bl

A
o|N
%
Su)
inj
M
2
o
w
>
Z
[ :3
|o
ol
2
o9 _\f_‘
ro,
i
=
[
I,
o
Sal
e
Mo
2 X
&,

i
S
olr
o
2
oH
ol
o,
filo
Joy
ro,
ol
ok
19
ui



; I f

= [fibs f1
=l fir] (Al far] X = Glf}y; fz ] =1y farl [fiy: Firl

[C19 4-4] A network trained with a single input without exchanging
different rain in DSANet(Input—1)
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© Gl dist AadiH el A7t 3= o] Augmentation A9
2 Training Strategy®] &35 H7ieict,

1) Effectiveness of the presence of Augmentation

4
ggste] 22t @4 HEHZE AA ckeddh olzx 9
contribution?] rainy image augmentator=#]2] Qﬂ@'
PPe Qe Apgslel shadlo] ANE N ok B
IFARE @AelH Hl AA e st l?l\:’r. T 4-3914 9]
Input—13} -2 WA ol Fdy Hlwstof: Input-114 22T 45 s}
gto] ZA5tH ol24 9] H4]o] DSANetS ARE<RH Alwlgo]4 Hyo]
Aol ¥ Fom 1Y 8ol = shte] E=rQloA e e A
StEg Al1diH ol 22 F8 J4 =mQl Zol M=z oE Hgle
B¢ AlaME el 5ol FAastA Hrh DSANetolAd= A2 o TH<
ol w7 9 oH] A w22 2 @4d5te] Input-1o] Hls) teRt EHIdlof
o]-& Helrh

_{

[3 4-3] The ablation study for different models’presence or absence of

augmentation techniques and training strategies for the generated rainy

images
Method Cityscapes KITTI
mloU (%) mAP (%) mloU (%) mAP (%)

DeepLabV3(Input-1) 54.48 61.53 72.08 76.18
DeepLabV3(End-to—End) 60.44 65.50 71.51 79.35
DeepLabV3(Ours) 57.54 64.33 74.19 78.28
SegFormer(Input—1) 59.03 66.11 61.60 66.94
SegFormer(End-to—-End) 66.74 71.27 70.32 74.95
SegFormer(Ours) 63.25 68.60 66.86 71.63
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[ 4-4] PSNR and SSIM comparison on Test100, Test1200, Rain100L
and Rain100H

Test100 Test1200 Rain100L Rain100H
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

GMM 23.55 0.832 28.74 0.878 29.02 0.862 15.13 0.447
RESCAN | 25.00 0.835 30.51 0.882 31.52 0.890 26.18 0.827
RGN 26.56 0.866 32.42 0.941 32,74 0.898 25.25 0.841
JORDER | 26.95 0.884 32.89 0.913 33.21 0.916 26.54 0.835
Rainy 20.67 0.779 25.23 0.771 25.48 0.808 12.26 0.359
DDN 21.19 0.806 25.86 0.791 26.12 0.836 12.57 0.418
Syn2Real | 19.28 0.799 23.53 0.719 23.76 0.828 14.83 0.341
MOSS 21.83 0.825 26.65 0.814 26.91 0.855 16.49 0.436
MPRNet | 30.27 0.897 32.91 0.916 33.57 0.934 28.52 0.872
EffDerain | 21.06 0.785 25.70 0.786 25.96 0.814 15.32 0.462
PreNet 24.81 0.851 31.36 0.911 34.82 0.852 27.96 0.844
MSPFN 27.50 0.876 32.39 0.916 29.32 0.875 24.52 0.646

Ours 29.98 0.897 32.94 0.948 34.89 0.924 28.73 0.874

Method

2) Effectiveness of Training Strategy
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ABSTRACT

Built—in Generative Data Augmentation via
Cross—Domain Feature Disentanglement and

Synthesis for Enhancing Rainy Image Segmentation

Yong, Yun—Jeong
Major in Applied Artificial Intelligence
Dept. of Applied Artificial Intelligence

The Graduate School

Hansung University

Rain is a common weather condition that significantly degrades
image quality, making autonomous driving challenging under adverse
weather conditions. While semantic segmentation models have made
significant  advancements under clear weather conditions, their
performance drastically drops when image quality deteriorates in rainy
conditions. To maintain segmentation performance in rainy conditions, we
attempted to fine—tune a segmentation model using a dataset comprising
paired images of rainy and clear conditions. However, we encountered

the issue of missing segmentation ground truth (GT) for such paired
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images. Additionally, previous studies have approached this problem by
deraining the images first and then using another segmentation model for
inference, but this method has shown suboptimal performance.

Existing datasets containing paired rainy and clear images are typically
from non-—driving domains and lack segmentation GT, while segmentation
datasets do not include rainy images. To overcome this challenge, our
study proposes generating synthetic rainy images that still enable effective
segmentation. We argue that it is essential to generate rainy images where
segmentation can be accurately performed.

DSANet can augment rainy images by disentangling and synthesizing
background and rain features, thereby better preserving the background
and facilitating the application of various rain effects. In this study, we
used DSANet as a rainy image augmentator to generate rainy images
from autonomous driving videos and fine—tuned the segmentation model
using these images. As a result, our model significantly outperformed
existing segmentation models and demonstrated superior performance
compared to other models that applied a pretrained segmentation model

after deraining the images using conventional deraining models.

[(Key words] Augmentator, Disentangling, Segmentation, Synthesizing,

Self=driving Car
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