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Road Water Accumulation Detection Based on Improved DeepLabv3+

JIA Jun-Ying, WU Xing-Yu, YANG Hai-Bo
(School of Information Science and Engineering, Shenyang University of Technology, Shenyang 110870, China)

Abstract: In recent years, with the acceleration of urbanization, urban drainage systems often struggle to cope with
extreme weather, and road waterlogging occurs frequently. To solve the road waterlogging detection problem, this paper
proposes an improved algorithm based on the DeepLabv3+ model. Firstly, a weighted bidirectional feature pyramid
network (BiFPN) module is designed at the decoder side, which utilizes the different scales of low-level feature mapping
obtained from the backbone network for fusion, giving full play to the potential of the multi-scale information obtained
from the backbone network. Secondly, the Mamba-improved Transformer module is utilized to design parallel branches to
process high-level feature mappings, construct global dependencies, and compensate for the possible local information
loss caused by dilated convolution in ASPP. Finally, the polarized self-attention (PSA) module is introduced to mitigate
the possible different effects of the direct addition of two-branch outputs on the data. The experimental results show that
on the road waterlogging dataset, the improved algorithm has an m/oU of 87.54% and a P4 of 96.61%, which is an
improvement of 4.22% in terms of mIoU and 1.66% in terms of PA compared with the original algorithm.

Key words: DeepLabv3+; multi-scale feature fusion; polarized self-attention (PSA); Mamba; Transformer; semantic segmenta-

tion
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23 18] 43 SRR T 350808 43 30 — B AR Bl 2 A,
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fras Rk, 36 Softmax HEAT 3 35, B {4 1 46 5 1
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Hr, APX)eR" Y, wARK BTN, o AR I L,
Fgp REERAL.

2 SEIREER 550
2.1 LIHIRE

(1) 38 BRI £

FH T B A K B SR D, IR A TR R 4L
P A B, DRI AR SR R T i i B L SE R AR
R A, S BOE R AUKE 1543 5K, SR labelme
TR B AT RRVE. AT RS IR AL AR, AR L
WAy O 2542 1080 5K B iE4E 309 5K, Jt4E
154 7K.
2.2 IFNIERR

SIS F EIM LTI (mloU) B EFEHIFE
(PA) KA B FENERE. T 3758 3 L Al DA 7 T
RN R A AR AR 2 I UG BC R B . R — R
ToU F£3RF 35, f Ja 15 2 10 BUE 32 B &8 mlo U, it
HA KU FR:

mloU = 1 N Piy ®)
N L N N
ZP:’/* Zpﬁ—Pn‘
Jj=0 Jj=0

KT mloU WIHUH, EAE 0-1 ZHALF), FE R/
AT DLE R S e R 0 B ORS B E, BE A 1, RS
i R

RGP AL VAL S0 B SIA L RE 10 B 224 A
< T T ESAAER R 00 By SR UERE, B
FEANME R WAL 73 S A B i SR B A LB, kAl
BRI TR, Hoa R

k

Z Pii

i=0
k k

Zpij
i=0 j=0
Horh, N T E BERF R KL, Py RN LB N
P AT N 7RG RN, P, RonSLbrkRlh i 2K
SN RESSE RSl S8

PA =

)

6

2.3 LWBH

A 5LFE H Python 3.8 PyTorch 1.13.0 ZmfE 5K
Bi. Ubuntu 18.04 #:F % 4t, CPU A Intel(R) Xeon(R)
CPU E5-2609 v4@]1.70 GHz, GPU > Tesla P40, CUDA 11.7
In#iE .

T8 A K E IR 4 crop-size ¥ B N 512, batch-size
WE N 16, AEE ABEHUELEE T %, WI465 2154 0.01,
2 FEPCA 0.05, epoch 24 100.

307 2K R B8R A8 S5 512K (cross entropy loss) B
e, Hona KT

C
Ly,y') == yilog(y)) (10)
i=1

Horp, C AR, y, FoRFEAJE T4 | BRI H L
FRAE, v TR i R TR 2R,

IR 2 33 J U S 28 n B 7 B, INgREe iR
A 100, 7E epoch=80 A A, & T, 80145
R, RS 2 RO

08
— Train loss

0.6 H --- Validation loss
204 [\
|

0.2 +

0 L n L

0 20 40 60 80 100

Epochs
K7 UIgRdsok i 2k &

24 JHELSKIS
2.4.1 Transformer 2% #F

i T4 S0 FE T Transformer X i 245 11E B 56 I 47
Ab P, 7 R 3 Transformer 4554 24023 0f SLIG 25 FL
A, ASCEI R R E T 6 45T, LI
RuE 1 Fow.

1 AFASHRANEE %)

Method patch¥j & depth#i & mloU PA
1 4 6 84.22 95.29
2 4 12 84.67 95.32
3 8 6 85.72 95.62
4 8 12 85.28 95.43
5 16 6 85.04 95.35
6 16 12 83.72 95.14

I SR AL, 0 T RUINRRAE BRI BOK pateh 2
RSB FE AR 1 R . 24 patch KNy 8. HES: 6 J2 4G


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

http://www.c-s-a.org.cn

i H AR G N A

T, S50 A B I U
2.42 Mamba FFEERIGE
9 TR I J5 1 Transformer F15, G5 HUAS B
UFRCR, ARSCE N T P4 SE5E, S0 1E Mamba AER (1) 52
Wi, patch A1 depth ¥ B A 8. 6, SLUGSAE RN 2 Fxs.
# 2 38N Mamba B RESEES (%)

Method Mamba mloU PA
1 — 85.72 95.62
2 S 86.31 95.68

B SI6 AT DL B, 247E Transformer 75 &= SR
A48 A Mamba BEHUH A7 51 1R] (1) 5C 2, 7T RAA R0
PETHSLIR IR

F SR N 2 I 2 R B, AT
PP RE AT SR B, AR SO ik Y Transformer ) depth
HATIRZR. LI Rk 3 frk.

% 3 depth ¥R HITH Al SL IS

SHEVEIRIF T 84.03% [ mloU, {EALAE ] BiFPN i
i, ASCHEIVEIRAE T 85.10% 19 mIoU, 18 F Bt (¥
Transformer FEELE], A W H 3K T 86.01% B mloU.
11 [ I A P 3 ARSI, AR SCRERAT T 87.54% (1
mloU. 7] U1, fff BiFPN B 5E 6% fil & B EURF1E I
7857 R A Z FRAE . AR AT 50 2 R I B A 1) 5 V5,
K BiFPN L 5452 8 R85 4 sl 3R A [ RUBE R 1Y
55, IF HA R AL 8 & 28 UE B EMRERHE . [
B, X v SRR B AT b3, 48195 2500 ) Transformer
AL A R MR, SRR T ASPP R A I A A R 1 f
S[R3 AN AT DU R £ T SR
PERE.

®4 R NAGTT RS (%)

Method 75k mloU PA
1 FEEE 83.76 95.11
2 K 84.03 95.28

Method depth Params (M) mloU (%) P4 (%)
1 4 67.3 | 86.01 95.57 R 5 A FRIBEH) T RSEEG 45 R (%)
2 6 73.4 86.31 95.68 Method PSA BiFPN Transformer mloU PA
1 N — — 84.03  95.28
TSI K B depth 4 20, #HEE depth A 6 JZ 2 — N ? 85.10  95.67
3 — — 86.01  95.57
I oo ppr EL 2
mloU U FFE T 0.3%, (HEZHEFIK T 6.1M. . J J - 531 9572
243 MAbiE=E Mk 5 N — N 8626  95.63
S WAL 1 B AL, b T S 4 S R 6 - v 86.87 9591
7 v v N 87.54  96.61

() 3 S 20 A, W T DL ER R B AT. R RIA R4 E ]
REF= A2 AN R R 52 0, A S B R 4 S 30 AT 30 0IE . SE 58
SERINR 4 Fion, MRS S I g5 R B, Al R R LL O B
RO T
244 AN[FEREHERE

N T RE— D I BRI S O 5 AR A O, T
T8 PR ALK EHE A8 B AT T AR LSS SR 4
R s, @ a0 g BT kI, MU PSA B, A

2.5 ERFKBIEESSINER

N T BRAIE S SR R I R, AR SO T R K B
P 4E, it DeepLaby3 -+ B B 4T SRR B0 IE, Rk FE
7 PSPNet. U-Net!"), UNet++2OV 54 R /5 Sy 5k bb 4
R R R S 56 0 1 G 2, BT A S B AR A (R
BT 5E L. AN R FR s st b g R ank 6
7R,

R 6 AAFEAEMPUKEIRESE L RSLiR st R

Method Backbone Pretrained Params (x10°) Speed (f/s) GFLOPs mloU (%) PA (%)
PSPNet ResNet50 Y 46.70 28.17 59.21 69.45 89.72
SegNet VGG16 Y 29.5 13.00 286.00 72.81 89.92
FCN VGGI16 Y 134 22.80 78.10 70.15 89.87
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