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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 diffei‘ent scales of low-level feature mapping
obtained from the backbone network for fusion, giving full play to ﬂ;e 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 conyolution intASPP. 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 mloU of 87.54% and a PA4 of 96.61%, which is an
improvement of 4.22% in terms of mloU 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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BiFPN U tH RRFE LS IR/, 9 HoR el e s iE
YEFE B HES:. SRS N PIANR L ] 0 BRI 4
ROCRFOE . 5, FHRFAE SR bR S N BRI K.
1.2 WEMBHFHE & F8

TESE I BB AEAS B, DeepLabv3-+ffhs 4 645
SR FH 181 LB D7 V2 W AR R R AR B SN 5 v SRR R 3R AT 157

© TEREBIK R

http:/fwww.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

20254 55344 4

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

i H AR G N H

ghG, LASEI 2 RBERHIERLG . 2R, 1X P77 AT g

ERS A Z RERE R, RBOCER S KENET M
IR 2 ROBEAS B 7. R T R eI A 1) i, 52 2|
EfficientDet! 5% J5 &, A CHRHE S % BiFPN B
1T 2 REZERA BEAE N A 38 ZRFIE I 240 4R, BiFPN
R PSR U [ R AIE < 7 55 WX 4%, BB B0 T A& 3%
2 TR SUE BB AR AN | R BRI E A EAE B
PRATLEL L. "EH R T ASE 5 HE AR A DTk, E
N ZESIBUE o)y wyr - v, KB E A A5 N FFE

! Encoder

ResNet50

M ZEVE. N T R G 7 REE Rl i R o R R RR A T
WE K E SN, BIFPN X HE 0+ w0yv -+ o,
BEAT VA — A AL B, 38 2RI T Softmax 773, KA E B
A0, 1S E W, W= (1) Fros:
ReLU(w;)

’

()

w; = Zi e+ReLU(wy)+--++ReLU(wy)

ok, oo, J NI ST IR, T4 @, 2GR ReLU
A B, DA (IR T TE R, & = 0.0001 1/
ke L HO R « L\

_______________________ ey - ~

| AR

ASCBETH) BIFPN S5 #4015 2 Fr, E Jeilid Res-

Net50 T W 2 3k 15 A 6] i m1&.E’¢%?EH%%wyer le
ROXHXW_ Yayer2 e RC/ZxH[ng/i‘ le{%r% € RC/4xH[4xW/4_
layer 4 € RO/S<HISWIS G I 3 AMSEAFAE O, iR
N P1-P3. UL P2 #1 P3 N, P2_mid F1 P2_out W31k
A= (2) F=X 3) frow. HE 2 7T A1, P2_mid H P2
P3 BATRLG, Bk, BRI/ 3, padding 4 1 1
R — PR EL P3 BRSBTS A, e LE
T A P2 T O — B, R, SR A R VA
BB P3RFIEMT ESRAEA P2 K/NHIAL. B e, R
A (1) ERAT IR E ] o)), RT&TEREE P2 T
J& P3. 11 P2_out WJEH P2, P2 mid. P1_out iX 3 4>
AE TR, 5 P2_mid 3 FE R BOM A, Ak — X ) 3t

- .

P out HEE LS5S4 B AT A 4
1 R SRAESIRI P2_our K/ANHIF]. 7EALTHL )1 525,
SH A A 38 42K 0L B B RV 6 PR 0, TR — A
BIiFPN k. Mg sk, 12858 2 Ik B M3k £ 4
BiFPN #&k.

P2_mid = W - P2+ W), - Resize(P3) 2

P2_out = - P2+ w) - P2_mid + w} - Resize(P1_out) (3)
Hor, Resize AR _ERFEET RAERAE, o] 24 B IH
— A SE AT ARSI, FARANEE N T X455
1.3 Z4i# Transformer &R

St = R R AE LS, DeepLabv3+M 453 i ASPP
T A R A AT AL . B AR T DL RO RRAIE B A

Software TechniquesAlgorithm #1F4i AR 5%: 177

© ERSEBIK T

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

it E RGN

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

20254 55344 4

(B 57 BT, (H 2 250 26 AR 2 3 1 MG R BRI AN &
g, 5 NAHERR I RIE R N, JF H ek A 2ot f i L
TS B Nk, A CE S d Transformer 5, %5F /¥

P3

_ g

287 JE A B HEAT AT AL B, AR B ST A R AR OE &R
B T B, R e 2 ] 2 L R 4D e . Pt A e 1 3
Fis.

-

Upsample & reshape
peamp P I Downsample &

reshape

.

P2 out

Downsample & reshape \ TD&msample & reshape
Upsample ﬁ reshapg

Pl _out +

s

-
B2 ASC¥EH BiFPN Bibe

-

‘Ot N
§ ‘upu i ‘
h |

U L

Norm
D <
Linear

attention

Norm

D

Positional o
encoding N L
\ h -
Input
N p N 13

3 ot Transf(ﬁiner I

F1°T Transforner 1 LA A it 57 4 o Hesi, (17602
5K 51 B e ORI 2 A SR AR 5545 2., 1T Mambal™® ™)
A LK A e A5 S [RlL, ASSCHE Transformer 73
B ABHORT I Mamba e SRR B RIS R, Horp
Mamba BEEL 1] 4 Bk,

Mamba B2 NI 2D e, 77 345d 1D
LA SILU W0 oh BO80E, FHEE SSM R E S HL T
GILRNERY e, T2l ik Z2 %4z, SSM AR 5 Fss.

FEGUIRZS 25 (ALY R I 7 65 00 5 3850 T Hofar KRS
SE AR 5 N BUE. — B NSO 1 ek, 5 I

178 B A4 AR 5% Software TechniquesAlgorithm

FeA B AR 4K, I8 ACIRAS 22 IR R A JCAE AT AL . Mamba
R B R THRE5 0, T 0% 58 SSM. A PR Z17K,
M B HOAT 27 21 A8 5 Ar, ELHAEHT T B AN C v, g AR
ARG, I e R B LT 4 (RES. SSM

FF AR R A 5 FR AL, 1k (@) X (5) s
h; = Ah,_1 + Bx, )

v, =Ch, (5)

Hrh, by RARRG -1 WZPRES; AR RS
B, 3R 2 GuR A B 1A FRE2E; x, fRR AN ; B ARR A

*%w%A%ﬁﬁﬁ&wmwmc%TMWEm
3, R L _
Vol
L BRI
M : TR
C") -:ssmﬁié%
@ - SILUBOH o %
‘ R

K4 Mamba k&

223 Mamba Ab B 1) £ v DLES K 5 510 R0 3
AT B, PR S L R AR M (R AL
), SR A0 X e RE 0] A AT AR A, 45 3 5
BHIR IR, FEA I 2 R B AL — 25 AL B AR R AIE,

© ERSEBIK T

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

20254 55344 F4

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

i EN RSN

e, R AR L B PR S B S A (B, - 52
FRERRSS R/, K305 ASPP AL HEAT A 0.

S o N
|
\J

Selection mechanism

K5 SSM HishE

X
Channel-only self-attention

Reshape

Conv 1x1

LayerNorm

CxHxXW

4\ .
o Hors il

[l 6 i, ﬁiﬁ*&%ﬁ@ﬁéfﬁg‘%@ﬁ%ﬁ%ﬁ
FK) 430 3 )AL SR 4 T A 1 0 P S R A
e, I 11 R N\ P PO 38830 46 R 45, A PR
it w,, IFidid w, IR B EE S . A Softmax X
FE AR5 B0 W, HEAT A% S04 R, B 1 5 BRAE A % 38
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B, BILHBUE B AUKE A 1543 5K, SR labelme

TR B HEAT AR . 95 (R R AR 2% e, AN SO 4
HE A5 BRI R 1080 3\ B0 IR 3098k Il 4
154 3. e

22 IFNIERR “

SE % B BB A IR (mloU) . 18 SRS BE
(PA) 2% B EEIERE. P35 I LU T DA 7 T A
SRR A B AR S K UL RC FE BE . BN — b 21
ToU 3k P44, 5 J5 15 3 (I 5UE 32 S & 10 mloU, it
SR R

mloU = 1 3 Piy )
N L N N
ZP:’/* Zpﬁ—Pn‘
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KT mloU HIHUE, EAE 0-1 Z A2 5, B E K/

AT DLEL R S R 3 SR 0, AR 1, LA )
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{50 2 K A4 5 P 0 o B4 A
2 BT R (R ) b 10 S, B
5 2 I 0 0 S A F 4 UK 0 B
BN {5 BRI, 30 SRR

k
Zpii
=0

PA= — 9)
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i=0 j=0
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2.3 LWBH

AL Python 3.8+ PyTorch 1.13.0 42 5L
L. Ubuntu 18.04 #:4F £4t, CPU A Intel(R) Xeon(R)
CPU E5-2609 v4@]1.70 GHz, GPU N Tesla P40, CUDA 11.7
Iz .

T8 B FBUK B 45 crop-size W B N 512, batch-size
WHE N 16, LS NBENIEEE T B, W46 21 %8 0.01,
222N 0.05, epoch 24 100.

452K R HOR FH 38 X 522K (cross entropy loss) ¥
e, HALw . =

e

1 P«
L BOLYYE = yilog() (10)
i=1

FLES C IR BL, y, TSR T4 1 Kir s
BRAE, v BRI 2R i A T AL 2.

R B2 1 453 R e Sloth Ze & 7 Brow, IRk Ik
A 100, 7E epoch=80 /£ A5, HZkia TP, SHI4E
e, RS 2 RS

0.8
— Train loss
0.6 H --- Validation loss
£ 04 [\
— \
02 t
0 . . —
0 20 40 60% = 80 100
Epochs
% . A N
R SRR PN
2.4 SHEASES

2.4.1 Transformer Z¥i% %

i T4 e HE T Transformer X i 245 11E B 56 347
Ab3E, 2% FE B Transformer 4584 WP S 802 5 556 45 B 5~
AR, A SO A R E T 6 S, I AS
Rk 1 .

K1 AFZHOE R R

Method  patch#( & depthZi & 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 S A B, TR INRFAE ER FHECK pateh &
RS R TR AR 1 T B, 24 patch K/NA 8. HEE 6 J245
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T, S50 A B I U
2.42 Mamba FFEERIGE
9 T RFE J5 1 Transformer 18, G5 HUAS B
UFRCR, ASCE N T P45, 30 E Mamba FER 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
T4 A Mamba B HUH 3R 7 51 18] 1) 9 2R, AT RAAT R
PETHSLIR IR

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

K3 depth FRIT K IH IS

AFVEFRAS T 84.03% 1 mloU, fEANf# Tl BiFPN f&
RIS, K SCE RIS T 85.10% I mIoU, 1 FH ok )
Transformer BT, A HIEIRIG T 86.01% K mloU.
M [R5 3 AN, AR SCHRVE RS T 87.54% 1)
mloU. A LA, ff BiIFPN ik A il & 7 T4 (T I
7840 PRS2 R AE WS . AR T B R A WO 7 05,
SEF BAFPN 41 7545700 i 0 SEL AT S S ) R 1
B I LA A i 6 R S B RS TR, A
10, X4 B HE RS ) 47 40 B8, 4GRS0 Transformer
T 4 R K, SR T ASPR. th ASIA A B K I T
SO (R G PR3 ML SaT B 2 T S 4 )

®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 (%) PA (%)
1 4 7 1 613] 86.01 95.57 RS AFIBERE RIS R (%)
2 6 73.4 86.31 95.68 Method PSA BiFPN Transformer mloU PA
1 N — — 84.03  95.28
B 526 K P depth A 4 JZR), #HLE depth N 6 2 2 — \ ? 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 9570
243 MAbiE=E Mk 5 N — N 8626  95.63
S WAL 1 2 AU, b T EE 4 S R 6 - v 86.87 9591
7 v v N 87.54  96.61

(] 3 S 20 A, W T DL R RO AT. & RIA R & ]
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