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Segmentation model of pavement diseases based on semantic priori of

double-branched point flow
PANG Rong ***, YANG Yan'?, LENG Xiongjin'?, ZHANG Peng™”, LIU Yan'’

(1. School of Computing and Artificial Intelligence, Southwest Jiaotong University, Chengdu 611756, China; 2. Engineering Re-
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search Center of Sustainable Urban Intelligent Transportation, Ministry of Education, Chengdu 611756, China; 3. China Merchants
Chongqing Road Engineering Inspection Center Co., Ltd, Chongqging 400067, China; 4. Mountain Highway Engineering Technology
Research Center, Chongqing 400067, China)

Abstract: At present, the main problems faced by real road disease image recognition algorithms based on deep learn-
ing include serious imbalance in categories caused by different proportions of complex road background and foreground
of diseases, and small disease scales. What’s more, the inconspicuous contrast between pavement diseases and the geo-
metric structure characteristics of roads leads to their difficulty in recognition. To address the above issues, we propose a
semantic prior two-branch network to guide Transformer's backbone feature network in mining the complex relation-
ship between background and foreground of pavement disease. It uses high-efficiency self-attention mechanism and
cross-covariance image transformers(XCiT) to extract semantic features from two-dimensional space and feature chan-
nels, respectively, and a semantic locally-enhanced feed-forward (SLeff) module to improve the ability of local feature
aggregation. We also propose a new sparse subject sampling point stream module, which is combined with the tradition-
al FPN structure to further alleviate the category imbalance problem of pavement diseases. Finally, we constructed the
road disease segmentation dataset based on real scene and compared it with multiple baseline models on this dataset and
public dataset. The experimental results demonstrated effectiveness of this model.

Keywords: semantic priori information; efficient attention mechanism; cross-covariance image transformers attention
mechanism; sparse subject sampling point flow; category imbalance; semantic segmentation; pavement diseases; deep

learning
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Fig. 1 Segmentation model diagram for complex road surface diseases (cracks, potholes) based on semantic priori of double

branched point flow
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ment module

i 5 A BB GE 3 55 i 2 R A R JC R0 2% TR
VE R i SRR AT B 1 SCRAIE 18] 5 by € R,
I E A S AR R Y R Blnxe,
SR 5 AR 15 B G Token BHESI I K — 4k X
[ﬂ % h:l.v c Rnx(cxe)%: zﬂ j‘:’ 3 g,% gK %h;r c R\/EX Vnx(cxe) 5
N T RA R FRFHE, SLeff BTH A FHUR BE 7] 43 B9 45
BRI 1 20 i R AR o AT 8 BB R, d e 5 o
fiE 0] 5 8-, I ad — RO JZ K S
A TR/INAR [ 1 1 SCRFAE 18] 18] f5t by e R©@ e



<157+ PSR, 2« T X000 S i SCHT 6 o T 7 0 A 1 55 1 3]

n %?/T Hh )RR T S ) R IAT AL, ¢ FoRFRE M) i
WA RAENE o 15 SCRFRIE SR AR R SLeff i Fe N
h¢ = GELU(BN(Linearl(h;)))
h!" = SpatialRestore(h)
k" = GELUBN(DWConv(h'))) (4)
h¢" = Flatten(h;")
h! = GELU(BN(Linear2(h/)))
P GELU i GELU B B %L, BN R 27—
1L PR%X, Linearl Fll Linear2 /N2, Spa-
tialReStore /% K H HE K%L, DWConv /8 B &
]y B TR PR KR, Flatten 3% 7 FRAIE R0 B4 J2 1 pR &L
23 WBREMERRRRERR
BT AR o IR R Y
BMER RS2 REE ST L5, BT
O ZRTT 5 7 OB Y (o T 7 BT, AR B R AT
4 JR) KA RO 25 i R TR T A, e
B0k ok 1 AN AN 15 =9 U K B (137 N | | NS S R €|
I 2 U AR RR AR B2 B 2%, it I 24 )2 B30 38 n o
SCFFIEAL & B 45 BB Wil R0 R 9, (R R 1 Ry
IR PR AR B W), 2 e 2 T 20N T AR Y
TS R E B A O 2 22 5 0% 38 Am T 52 9 0 2%, AN
T TR o AR SCHE R A B AR AR R
i 5 Y [T FPN JZ R AESR 70 3 B R R R R R
VERE RTINS, R ZHR R R 52 )RR
R AT, [REHZEAL A SRR RIE AT T
FAERLS, R 26 0 PR AR B R 08 UF
BANFEA R BRI R UE R SEXHESE
KT R % B RS A R IE, AR U R
FERTTE 2 TR BRI RE, PR
P RFREARSS &, HOE R L BT AN R B By
FRIERLG o F B AR U SR P ASE H 3 o 4 g A
JIHLH K AH SRR J2 0045 A SCHK, e K i 7
SR RS SR RER, WA IR, e
R, G2 AN )[R I R
TRl K AN 8] 2 9 23 BER A5 B 5 1 SUE BT B
#, R A R AT BRI T X B A B S
—, R A 2T BT /N RO U A,
HARE PR I 4 R o

A\
///\\\ //\\
AR

(a) B S0 (b) FHLAI (c) B IEAZF B ARG S
F4 EEXAETEABREEENBEREGSRMAL

d /.,:

Fig. 4 Sparse subject point flow optimization graph con-

sidering aggregation information of local nodes

15 1 R 283k i it 1 ) 25 45 31 4 4UASTR] 1Y
HRIREAE SR e, B SR AR R AR IR TR e
AHARZRRE 5K s o AN, B NG AR IE S o
TR Bl A 102 B G R AE AN 5 2 SRR 1Y
TR PR BT oo SR X R 4R FRAE &
) PR FRAE BE B A5 8 T Tk B e 0 3E 0 FRAF M S 5
X IOE 4 A A AH RS, AR B2 W5 58 B R AR
sk R SR . O T IR B SRR AR S R B Y, ik
FE T I 1 SCRRAE 7 i ¢ REAEAEL K /INRT top-n 1)
STAE N DL, AR 40 1 A bR A B TR
*ﬁr%%ﬂ%ﬁ%x%ﬁmimwwEWNm
T4 B A B RRAE /M 2 OC &R, AT LATHE: th i SUEE
E 5K A £ PO R R ARARAE BE B 5 B sk Ry IR
0 FRAEME S AE G i br . b T RHKAHAR FPN
W4 B RRAIE, F — D8t R LR IR AR ), A2
i B R i 2 [ AT R ) A, Bt 2 RO
R Ty BRI AN R 2 2 )38 SRR AF A9 v 2 S
B, I B 12000 B 5 25 12 B 15 SRR 1) 1 ¢ AH
3P i SR AN, A5 B d5e 28 TR 5T I 4 R 1 SR
TEsk e, o Foe e R I SCRRAE [ o o) R A A B
W5 X5k A7 B A o (LA A B e (R TR S T R
W)#ﬁ%ﬁ%l%ﬁﬁim%%%ﬁ%Eﬂ

BE-1ZRE T2 8 X B R IEE X n &
”o%ﬁiwﬁﬁ ERI A 5 TR .
S

%rﬁ %IJM 4
—{ e [ R [0,

TSN
WAL [~ ”HF

Bs5 HmREEIREN

Fig. 5 Sparse subject point flow structure diagram
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Fig. 6 Visualization of comparison between Ground Truth
and model prediction results for artificial pavement
disease marking
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Table 1 Comparison of results of different semantic segmentation models on self-developed road surface disease datasets
Trik SHGEM TFREBERE FEIIR%  PEMERR% BRR% R %

Ccnet-ResNet50 49.83 451.57 46.47 58.16 56.67 57.34
Ccnet-ResNet100 71.42 638.69 37.42 55.74 58.39 58.71
Deeplabv3-ResNet50 68.10 607.36 15.82 49.78 16.97 38.78
Deeplabv3-ResNet101 87.09 782.63 5.89 49.38 6.36 19.07
Deeplabv3+-ResNet50 43.59 405.67 47.25 60.84 56.34 58.29
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Jiik SHRM TREBRRE PSR PEMERR% BRRY% FI8%
Deeplabv3+-ResNet101 62.58 584.62 46.23 63.16 54.14 57.21
Hrnet18 9.64 37.31 1.04 25.06 19.76 1.04
Hrnet48 65.95 95.43 6.62 13.41 12.18 14.36
Cgnet 58.74 527.86 42.32 54.31 53.66 51.79
Setr-Tiny 10.27 18.58 17.87 20.69 12.85 20.36
Setr-Base 92.35 678.01 27.67 30.63 30.37 30.23
Segmenter-tiny 26.03 144.93 19.79 16.36 33.33 24.57
Segmenter-small 25.33 454.78 23.17 14.33 28.74 4.02
Segformer 13.72 12.27 7.39 13.88 13.62 1522
ARICT5 i 60.68 209.61 40.12 63.96 59.91 69.13

F2 AREIEXSHEIEEITE CrackS00 A FEIEE FMERITLE
Table2 Comparison of results of different semantic segmentation models on Crack500 public dataset

ik SHGEM TRAIEHREC THEOR% PHRERRY% BEERY% FiR%
Ccnet-ResNet50 39.84 404.92 51.77 56.37 57.62 52.97
Ccnet-ResNet100 62.32 558.79 51.82 54.29 55.81 55.38
Deeplabv3-ResNet50 57.79 578.47 55.79 58.72 51.94 60.79
Deeplabv3-ResNet101 77.67 739.58 55.37 50.13 49.10 48.30
Deeplabv3+-ResNet50 34.88 369.19 58.49 56.28 57.00 59.94
Deeplabv3+-ResNet101 52.18 529.77 59.31 57.27 58.92 60.17
Hrnet18 8.78 31.65 16.64 22.30 18.66 21.99
Hrnet48 54.73 95.43 16.88 25.79 22.07 28.36
Cgnet 49.60 492.55 59.71 59.38 48.67 51.79
Setr-Tiny 8.62 16.78 28.24 30.45 27.63 32.36
Setr-Base 77.84 622.41 31.37 29.38 35.53 30.23
Segmenter-tiny 18.97 111.28 24.74 21.89 28.46 23.52
Segmenter-small 17.33 391.93 29.14 29.31 27.83 25.77
Segformer 9.72 10.59 25.96 25.01 22.37 27.39
RITT 49.86 151.61 65.72 76.77 69.34 72.78
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Table 3 Detailed parameter table of Swin-Transformer backbone network of different sizes

FT W% iZ1EpNIN FRIEAERE Yokt S E ZHEM
Swin-T 7 [96,192,384,768] [2,2,6,2] [3,6,12,24] 28
Swin-S 7 [96,192,384,768] [2,2,18,2] [3,6,12,24] 50
Swin-B 12 [128,256,512,1024] [2,2,18,2] [4.8,16,32] 88

% 4 Dual-SePointFlow 4% &I {§ F§ A< [ K /N Swin-Transformer & T+ M & 5 R 3F Lk

Table4 Comparison table of effects of Dual-SePointFlow model using Swin-Transformer backbone networks of

different sizes

ik ZHGEM FRBEE PRSI CFERERE% ARE% FIY%
Dual-SePointFlow-T 66.12 209.61 69.91 42.63 59.91 69.13
Dual-SePointFlow-S 82.05 259.51 64.61 40.39 53.77 41.64
Dual-SePointFlow-B 115.37 343.98 36.40 37.18 43.52 43.78
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Table 5 Comparison of ablation validation experiments on different modules of Dual-SePointFlow

WRES FHIIE % TEERR%  BEIEY% PR %  SEE/M
Swin-T-FPN(No Semantic Attention) 43.68 38.14 63.23 43.68 32.61
Semask-T-FPN(Original Semantic Attention) 46.91 40.47 58.73 44.94 62.43
Semask-SePointFlow-T-FPN(Original Semantic Attention) 42.68 45.66 54.97 47.36 64.57
Dual-SePointFlow-T(Dual Attention) 4432 60.97 58.41 66.74 60.68
Dual-SePointFlow-T(Dual Attention+LeFF) 40.12 63.96 59.91 69.13 66.12
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Fig.7 Comparison visualization of experimental results of different semantic segmentation models
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Fig. 8 Comparison visualization of ablation experimental results of Dual-SePointFlow model
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