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Water Puddle Detection Method for Road Scene Based on
Self-Attention and Adversarial Learning
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(School of Computer Science and Engineering , Nanjing University of Science & Technology, Nanjing, Jiangsu 210094, China)

Abstract: There has been much interest in the research of self-driving cars. Yet the detection of potentially danger-
ous obstacles on road makes this investigation more challenging. Water puddles, a typical obstacle of this kind, could trap a
self-driving car or even cause serious accidents. Therefore, detecting water puddles is of great importance. To this end, this
paper propose a novel water puddle detection model, URA-net(U shape Network with Attention for Road). Building its back-
bone on U-net(U shape Network) with residual and upsampling blocks added, URA-net combines both the reflection atten-
tion units and self-attention units, which can better characterize the dependence among image features so as to improve the
representative capability to locate water puddles. Furthermore, a two-generator conditional adversarial network RWD-GAN
(Redundant With Dual Generative Adversarial Network) is proposed, where two URA-Nets with a minor revision become
the two generators to facilitate the information interaction in the adversarial learning process between the generators and the
discriminator, as well as between the two generators themselves. Experiments on the public water puddle dataset demon-
stration that URA-net achieves 87.18% measure, while RWD-GAN can further improve the accuracy of URA-net, pushing
F1-score to 88.54%. Both URA-net and RWD-GAN outperforms the state-of-the-arts.
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FA) JIT A A 6 65 P R BRI A S 3. 5 — A R
X INE T 5 1) 5 P 2%, e S T4 2R T 1 T 7R A A
AL Y [ S AR ST /MR R R
Sl RN AR B B S HEASORE R P e 8 R, 4 T A
i B S HT, fi/IMETZ AR R pRBICHE 35 5 28 0 2% X 0 31X
i S S Oz

ARSI 58 SO eR BV S Az i e a1 1 285 2R R 4
P R . WA AR G G 4R O BRI ) =X (9)

L (10) s :
Ly (G, T)=E,[-log(G, (]))]
+E,[-log(1 -G, (1))]
Lo (G5, T)=E,[-log(G, (1))]
+E,[-log(1 -G, (1))]
ASSCRT R RWD-GAN 5848 HARn=(11) iR

(G},G,, D" )=arg Icmél max (@) Lygut @ L) (11)

Fo, oy Rl oy 2 TSP 00401 R IR BT 40 2k 5 AR 19

4 I

4.1 LBEHEERZE

A SC Al 9 B0 45 35 8 “Puddle-1000". “Puddle-
1000” $04 4 /2 1 Han 55 A0 B A 38 [ 7K 1k [ 15 50
Pt , A7 985 RIEME, 43 A4 R B K AR T
4 (OnRoad ) FIEE T I8 %7K 7K T4 (OffRoad ). OnRoad 4%
PEAE T A7 357 sk MG, o 272 sk MG H I 25, 85 7K
P8 T 385 OffRoad B 4R v , 47 628 5K K115, Hovh
530 5K EHEH T %k, 98 sk MG Tt . i A7 [RIAR#F
HA MR (OFR AL . Wang %5 N 2MBIE T 30204812 1
FRE , PARIEA [A] EHR Z 18] s i B — 3ok . A Sl
FHY Wang %5 N 1E I3 080G 48 .

OnRoad %40 4 v , AR K 22 53 A ZE A I 18 (% 795 0]
AR, R F 2R B RS, DSk A B BERIE
71 5 OffRoad i 5 mh , 7K T SCSF R 25 R | LA 45
. BORE ARG BN E IR RS G RE BIZ 0
A, GRS, R 2 8 s B b AT 7K A A T L
A —E PR .

T MY SE 6 H tensorflow fE 42 SE B, AIF {1 FH )

(9)

(10)
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13-4 EAT 3.7 GHz 9 CPU, 64 GB O INAE , Bt 45 B AE K
/N 12 GB 4 Nvidia TITAN Xp 5 . 7 S04 52
3 BREIVE Ry 53 B 25 S 45 2k pR SR, 18 Adam AR AL 5A
HIEATHRAL W UG 24 2T 3R R 2x10™, — B A Al T B F5 4
IR R 0.9, B HEAE TR RS SO 0.999. BT
SEAFR/IN BRI B A B HE RN B 1 B AR
RE K/ 360%640, AN Zhid #2276 10° IR ERF
£k
4.2 URA-Net W48 5236
4.2.1 XZWHER

H A7 B A Y T8 5% b s K R XS R Ty 2k A 4
Wang 25 A\ 2 H Y FCN-8s-FL-RAU #& %! 1 Han %5
N ) cGAN-mRAU BB, 2L & Nguyen %5 A7 42
By Y T O Y R R (9 U7 5 GMM&polarisation Fl
OFFSEG™". Hid  OFFSEG 523 3 B4 ] 1 w54 18
FH BB 2 9 4% HRnet > F1 BiSEnet ', 3 A1 1% P #h A [
HHH) OFFSEG BERIVE T 5050 oA . [RIE i 05 i 02
LA LA EIM LS, I R BRI RIS, A7 HAb 2
S BCERATTR L BT T A R KR HARE R —
25 MHB 2 (AR A AE R 5 502800

A, FATIE A0 T DeepLab #5892 2L K% LU
ResNet 155751 Sy B 22 1) FH 76 UL 43 B RO AT 55 L i o7
W R LL AL, 3k B B R 4 4 res50_upernet 2 Fl
resSO_fpnm‘ , DL BB AT 45 6 08 Ik 35 B e it A A
res50d_upernet Fl res50d_fpn. AR}, FoATR & X i oA

Ground-truth

7 7]
, w i
0 ]

4

FCN-8s-FL-RAU

RUFEATOLAL , A LT A I K A, A EE . (D) InA
[ B 2 BURNARRAE 4 38 A (2) B MR ) S 850
ARSCT A 2 DLARIE R R 55 8 Y1 250 850 X A
R 5 19 5 (3) SE B Se A AU ) o o 3 e 1) 2
L IE S

AR SCKF URA-Net B 5 |5 5 2 7 508 45 F Y 25
FAEN T EL, 0 B I S5 AN 1 IR . B K AR
ARSI 7.

MFELHATLIEH , TGS 7E On Road, off Road ¥~ /2
TE 8 01 4E Both Road B048 42 I, AS SCHE H 19 7 L AE
HIE AR A R T AL R PERE . X AH 25 T RAU
TSR BOK R S SR AE Ty T8 A5 K A LA K 78 S Pl
FEFR A R IE 76 FRAR A G 28 T 1 1) AT 1k
4.2.2 HBRCIE

J T B UEFEREZEA RAU LA K AR 1 5 ) 4 e 45
WU A RO AR SO T 2 TR SC . e R T
U-Net 45 14 Fl 5% 22 45 FRH A A ZUE , X LG X428 FCN-
8s-FL-RAU il cGAN-mRAU. H. %453 403 2 fir 7R, Back-
Bone fUCFEA SCHY = /2%, B2 T RAU FIXL T 2
JIAE I R B A, 1T LA BIAE B A 0 A A A
PRI IR ME =T 487K B B 257E Off Road B
£ F1 Both Road £ 35 T Fe it F A TERER B, X
UEBA T A SCHR A 32 0 4 28 AT b

EIE Wang ﬁ’;/\‘ 1)1 Han ﬁ?/\‘ RIS IS AR
i RAU $& BUK A4 S 3555 T B PR35 22 TR (R BB DG &

¢cGAN-mRAU

URA-Net(Ours)

7 NIRRT 265 1) 2K (AR I 235 SR o L &
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®1 SUHERGRKERIEENTT EM L

R2 FEFURA-Net EFMERYHEBERTLE

Dataset Model Accuracy/% | Fl-measure/% Dataset Methods F1l-measure/%
GMMG&polarisation 96.50 31.00 FCN-8s-FL-RAU 70.11
DeepLab 98.83 21.97 On Road c¢GAN-mRAU 87.33
n Roa
FCN-8s-FL-RAU 99.35 70.11 Unet 86.15
c¢GAN-mRAU 99.72 87.33 BackBone(URA _net) 86.84
HRnet 99.56 87.08 FCN-8s-FL-RAU 81.67
On Road BISEnet 99.49 83.67 Off Road c¢GAN-mRAU 84.29
oa
res50_upernet 99.52 85.77 Unet 85.11
res50d_upernet 99.54 85.69 BackBone(URA_net) 85.73
res50_fpn 99.52 84.79 FCN-8s-FL-RAU 76.91
res50d_fpn 99.55 85.93 ¢GAN-mRAU 82.82
Both Road
URA-Net(Ours) 99.73 87.83 Unet 86.05
GMM&polarisation 95.20 28.10 BackBone(URA _net) 86.52
DeepLab 98.56 45.05 %3 RAUKEEZK
FCN-8s-FL-RAU 99.38 81.67
Dataset RAU Attention Fl-measure/%
c¢cGAN-mRAU 99. 50 84.29 26,84
X X .
HRnet 99.54 86.24 7 26,96
X .
Off Road BISEnet 99.47 83.96 On Road N 56,49
X .
res50_upernet 99.54 86.27 7 J 4783
res50d_upernet 99.53 85.48 85.7?
X X 3
res5S0_fpn 99.55 85.91 7 26,60
X .
res50d_fpn 99.53 85.47 Off Road J 513
X .
URA-Net(Ours) 99.56 86.80 7 J P
GMMG&polarisation 95.87 29.45 86.52
X X .
DeepLab 98.59 40.36 7 26.86
X .
FCN-8s-FL-RAU 99.34 76.91 BothR Road J 613
X .
¢GAN-mRAU 99.54 82.82
N v 87.18
HRnet 99.61 86.78
Both Road BISEnet 99.58 84.36 T10.32% , A HG A JOBUHE VE B 0 B I 2% 42 T T
res50_upernet 99.62 86.05 1.05%.
res50d_upernet 99.63 86.75 EERRF L RAU X IH 37 55 R K A XSl A
S0 960 | 535 P ELAT — 5 O JER 6 T« RAU J JEL
esOn | w0t |8 g o R B 0 BB AOHE O 2 5 S D B
URA-Net(O 99.64 87.18 Jer N2 v e YT v
AOur) I 22 , 45 30K 0 o 7 0 3 4 L3 , B 3

AT EE RAU B9 #0k: , 7676471 BackBone By 4l [- 14
FNT RAU, 5 R ANE 3 s . MR 3T LAG H, JGie
42 On Road, Off Road i /2 Both Road Zx3a £ |, A& S #2
Y URA-Net 7 48 b b A4 T+ 5, S90S T e i A9
F1-Measure. 7E OnRoad 20545 I, A0 A G 04T An] 2 44
i) Backbone #£ T+ T 0.99% , # LA A I RAU B ) 45 42
TFT 0.87% , M HAER Ji AR 7 7 J BB () I 26 4 7 T
1.34%. 7E Off Road %4l 5 I, A1 FL A IS AT T 4L 2 1)
Backbone $2 7+ T 1.07% , A LA ER I RAU 119 % 2% 32 7+
T 0.2% , A1 ECACES i U 7 5 Sy B f 4% 4R T T
1.47%. 7t Both Road B¥a 4 [, 0 LA G AT AT 2H 4411
Backbone $& 7 T 0.66% , #H L AL &S i RAU [ 1% 4% & 7

B R R B RS, X A7 US4 E T S R
SO A K A S T A RIS O AR kSR 1O IR A B A
FRATL IR A2 | S 38 Jo g R A58 3 B0AK R k AS 3 E [)
K8 45t T RAU ARG ] MUAL S5 2R . S0 far A KR
JRBEAR, 9K 5 K RAU F T b BT 43 (25 4 i i 1) 45 R
B e AR b, S8 BOR 16, R EY)
KRR C ML @I RER 1, fT LB 2 7RSS N
127 B4R 5 A 4% DX 22 A9 AR IX
RS IR G3e AE 14 52 BRI (4 400 8 R, i ] FL
F14 3 % A 0 U S R AR B AR X T K AR
oy R T R=E R = ARG B 22 (E RN, NI
5 B A ARG 5 i JEEAS Ji] PR I ) B TR, S s B 25 (B AR
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R, RIS JE it o . A2 25 O 8 31 16 BY4FAE &, 5
25 HA DXIAE 2219 bp DI T, PAT e 0 o K A 52
AR B AR08 e Ak, RIS B A A0 B R AL T B8 1

D 5% B I B A AR . ph AT DLAR Y RAU 7R3 5
JRy TR e BE R A AK AR AL B 2 2T AR PR R A A D T Y
1ER.

K8 RAUAERY TSR

SR, 5 B WA 1 J2 « ELHEAE Backbone | XL
H e, PR —E I TR . XA =B AR
ERA AR BE, A TS RAU RS 1 25 A
Heml, A Be AR B0 35 0 MERB SR T . X T4, FRAT
A < G0 SR Bl ol OO A B I ML, KA R R 5
FRAEARRL A A K AR R 2 8] 23 o7 R I P OR OC &R
X0 T K AR INAT: 55 2308 A RS2 . AH B, AR AE
XUV B R Z R N 241> RAU AR5, 3 AT L)
EA 2 A K AR ZR s OBUER 3 2 D e BT |
T8 Hb 5 A K AR B T SCRRAE , 4 H SRS B 0 1 SOy
%Uééf“”_
4.3 RWD-GAN W4 3£I6
4.3.1 LINEE

A% S 55 FH A B AR A 4.2 71 S b [l G 2
PRAEAR ], >R H B PE F8 447588 DA F1-Measure 4 3, fiF
A BT P gt 7R AR (] B B s AR R B#EA T, PRI A Y
SRR EA ]

AT B 7 B tensorflow HEZRSZER . i FAS
S 1Y ) Z IR R 2k T B RE AR A A
AR, A S50 AR #4580 T 4 2R GeForce GTX 1080t
GPU RTHEHL AT . FRATVE ] if. device PREHR & B4
T B A, Tl B FE AR B tensorflow 23 3 B 4 al-
low_soft_placement S48 N True. XAEUIR BT

B GPUHATH], tensorflow 226 Ho il & T CPU L.

F T AE K ARG I ) R b KRR B R S
REIAR/IN—3R 5y, Foor B0 S8 5 AR /N B0k T Al
B FOH I A TR o BEE R 10°, 6 0, 1
WILRER B R 1. RIS, R T GRIE 9 2% B S Sl |, 4 4z iR
(1-i/EPOCHS) 1 77 FCHEA T2 Pk 3l , Horpr i A0 3% Y mir ik
X epoch %1, EPOCHS A3 BL 13548 epoch %1 . 5258 41t
KANBEE N1, I AR R IR 2% 21 R R 107, S50 2%
B i 2 > N 107, 8 FH Adam AR AL B L AT, —
W FEAG T A 18 RO R N 0.9, A T A1 BORE
HA0.999. A ZRad FETE 120> epoch JF 24 1k, 2 10°
WA

T LR RN R B, B A AR — A 2
SRS RIS T A SRt e I B, B AT S5 A A
AR 2 A E AT (8 . 7R85 4.3.2 77 [H
BERCT T HES2E S IR H T A Rl SR Al 4 R
4.3.2 LR

T SRR 3.2 71 B Y T e S Y IE B
RIS K ARG A (RWD-GAN ) B A 2501 , TR 1
55 2.3 7 i HY B URA-Net HEAT X HE , 45 SR 0 ¢ 4 P
N. ATLLEE], RWD-GAN ZERR T WERA R LLAMR FIr A 48
i b HB S AT G L A LA 2.3 1 R 9 5 L 7E On-
Road Z4#54E I, F1-Measure 32 71 T 2.49% , 7£ OffRoad %X
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i £E I F1-Measure W] £& F+ T 4.45%, 7 % K 1Y Bo-
thRoad BH54E |, F1-Measure 2T} T 1.36%. £ W%, 45
AU RE P T 20k BRI A M3 o X R T
15 G, B9 28 T 2 BN A A5 3 T 1 AR RS I
T IUFE B RIBES ] TR HAER G| LA R AR
DX 2] Byt B P A T T X AR AR AR R AR T,
R T Ik X G R BN Qi .
*4 BRIEMERHSEGKEXBENGENERITE

Dataset Model Accuracy/% | F1-measure/%

GMM&polarisation 96.50 31.00
DeepLab 98.83 21.97
FCN-8s-FL-RAU 99.35 70.11

On Road
¢GAN-mRAU 99.72 87.33
URA-Net 99.73 87.83
RWD-GAN 99.59 90.32
GMM&polarisation 95.20 28.10
DeepLab 98.56 45.05
FCN-8s-FL-RAU 99.38 81.67

Off Road
¢GAN-mRAU 99.50 84.29
URA-Net 99.56 86.80
RWD-GAN 99.56 91.25
GMM&polarisation 95.10 30.34
DeepLab 98.59 30.36
FCN-8s-FL-RAU 99.34 76.91

Both

¢GAN-mRAU 99.54 82.82
URA-Net 99.64 87.18
RWD-GAN 9957 88.54

R T ERGEAN ] 1) 25 TR il £ SR W T s 2 A U 445 R 1)
M, AR MCT X RS . AR RS G g O, Rl AR
i G, AR 0, 53 M SR 4 ME SR 3SR SRIFER I H
O EE R EAR ISR, AKX mA(12)~
(14) 7R -
0,+0,

R=—— (12)
R=0,N0, (13)
R=0,U0, (14)

AN [R) il B SR W 1) M BB 48 A A 2R 5 P L Y
e R e EAC F Y Fl-measure, N T T LLE S,
o e 7E WE A~ E 4 45 T B A 1Y Rl A R I A5 R
.

R5 AEBEREHERIER A %
Dataset average intersection union
On Road 90.32 89.58 88.40
Off Road 91.25 90.31 90.98
Both Road 88.54 87.39 87.46

4.3.3 HBLLIE

T RS 3.2 715 4 0 A A A I 4% 22 (] Y
P Gt B $E TE T AR (1) 3 R PR AR, AT AT T
SEH A3l s el AR LAY G AR s G, 7E A TR] SE G
WE P2, X = mbkpe R . HE5 R ke
Js.

6 Won 1A AR AR G BRIl AR R
G, I M d A s G, G, (B RWD-GAN) [ H:fig
Ped. o A s G B R sz B A = e
Tk ;s A2 BUAS G, (i - I AR KBz B, 3 B iy a2
R AR AG . AR I il S B P 25 Bk AR AR I G
Recall &5 T4 4% G, H, AR A G, I Precision 12 &
TA R G XA TR .

F6 HIMEREMSEG PMEREMSSG,
RWD-GAN HJ1EBEXT bk

Dataset Model Precision/% | Recall/% | F1-measure/%
G, 91.08 84.81 87.83
G, 91.64 82.30 86.72
G,-cGAN 91.23 84.93 87.97
On Road
G,-cGAN 91.67 82.56 86.88
Avg-cGAN 91.45 83.77 87.44
RWD-GAN 92.50 88.24 90.32
G, 91.02 82.97 86.80
G, 89.15 80.43 84.57
G,-cGAN 91.06 82.97 86.83
Off Road
G,-cGAN 90.02 80.89 85.21
Avg-cGAN 90.65 81.46 85.81
RWD-GAN 94.37 88.33 91.25
G, 91.04 83.64 87.18
G, 91.30 82.90 86.90
G,-cGAN 91.12 83.71 87.26
Both Road
G,-cGAN 91.34 83.05 87.00
Avg-cGAN 91.23 83.34 87.11
RWD-GAN 91.89 85.43 88.54

5 1 R B, RWD-GAN [% Precision, Recall fll F1-
measure A Fb B AR i8S G, AR AR AR iUES G,
YA T . X BB T g SR RS cGAN AEZE R (1)
/NS R TEFE, 25 () SR M REAS 21 T 4271

AN, FRATASE N T RWD-GAN 5FRUER) cGAN (B
Az A BRI A% ) B X L SE R L S Ee Y, FRATR RWD-
GAN (1 G, F1 G, 53 I FRARAE Ry cGAN H (4 28 SR 2R 1 7
Wk, 155 G,-cGAN I G,-cGAN B . [k, A TH G-
cGAN I G,-GAN 5% 7 iy i (1% 45 3R 19 P 2975 2 Ave-
cGAN B AT | 520 3R B | i S6 455 80 4 §E 1 K 1 RWD-
GAN.
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AR S I A 2 T 4 ok T B 3 e TR R G 7K AR
XS5l G 0 i) 50 A 5T

TAEPE I T DL U-Net B 4211 URA-Net M £ 15278
[RS8 5 1 R A T 2 9 AL RO 3 e A e . R i
R I RE % TR 1% E ) b B RRAE X N O & | i
U T AL e A 7 B 3 R D A B A H R I 22 B] 1Y
T8 AR G FR 38 T8 VR A AR s AH B 1 4R
TIE RS I FL S50 R 0 B IE 2R . T RS e 1
S B T L RO B ) B e At FH A K A
ARG W DT RA LI RY], FRATH URA-Net [
Z87E “Puddle-1000" %4 45 -1 F1 f8bRrik 5] T 87.18%,
YRR AT A R 1

HE— 25 | H I T 00 A PR I 8 X B 2 )
i B 3 5 K K I 7 B RWD-GAN, 4= i 2% G, 251
URA-Net 1% B , /£ i #% G, 7E URA-Net % £ i) £ i B
MBI ARG, P KA B . %00 4%
DFE KGR MERUE K, LIGE R I E 55 FIRK
A DX IS ] 0. S5 25 B R Bl X s 2
XMl TR R Z M A B 8l BT 4
HFAE 55 W R B 38 X 2], WAz 25 X 1T
55, S SE R T KRR AT 55, RWD-GAN [0 2% fiz ¢
£ “Puddle-1000" Z 4 4 35 %] T 88.54% ) F1 4845 , HX
57 SOTA BR .
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