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Mask RCNN ( region-based convolutional neural networks ) #J#% £ ZL 484 F ok, %31 7 & L3 % AL
# ( semantic enhancement module, SEM ) , ¥ 3% 4% 3 5 45 42 & F 3% M %4 ( feature pyramid network,
FPN) #9454, @i 4L @k & Add 3 S 13 2] #7489 % R 4F /2 B feature maps, AF*F L 4B & £ &
SHAEAR BAEG P A, ¥R R T mER S RATHEN, FFRE T B ARG AT AT LR
FHEREW: X PREG T EFTAMAR E4F0 40 2 R, Bl £ 5 & Accuracy 7 & 99.8%,
T 3% # B ( mean average precision, mAP ) & 3 T 12.6%.
#4279 Mask RCNN H ik S A2 335 35 R, e o %
& 43 % 5: TN206; TP391 ERARERD: A DOI: 10.5768/JA0202243.0103005

Design and research of bridge cracks detection method based on Mask RCNN

LIAO Yanna, DOU Danyang

(School of Electronic Engineering, Xi'an University of Posts and Telecommunications, Xi'an 710121, China)
Abstract: The crack is a common disease on bridges and roads. Aiming at the problem that its detection
accuracy needs to be improved, a bridge cracks detection algorithm based on Mask region-based convolutional
neural networks (RCNN) was proposed, and a semantic enhancement module (SEM) was designed. Combined
this module with feature pyramid network (FPN), a new multi-scale feature map was obtained by feature
fusion. In view of the complexity and diversity of crack forms and the difficulty of identification, the cracks
were divided into two categories for detection, and two strategies were formulated for comparative

experiments. The results show that the improved method can get better detection results, the detection accuracy

can reach to 99.8%, and the mean average precision (mAP) can be improved by 12.6%.

Key words: Mask RCNN algorithm; feature pyramid; semantic enhancement; crack classification
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Fig. 3 Structure diagram of SEM module

Concate fili 5 J2& % 4 1iF 38 18 B 2 9k 422, BLHRAE
R TCAE B R R, Add BN W0 R AE 1]
AT FE AN, BN TR AR5 S i . Concate @il &5 J5
A REAE B 5 E SRR v B R AR B RS RN K 1 A
6], F b AT RUORE At AT A %o 07 J2 U AT AR 2K AR
Add, 15 287 2 RERHIE# feature maps.

1.2 #EERE Add

Add FHIE A 09 75 102, B 0 A [R) RS 9
TE MG R E AR, A (3) i . &l 4(a) 51l
T HEE R s B A R RRE R A 5] 4(b) Al
4(c) ir7rs Add Bl e B9 MR AN 4(d) B

Fpi); = hi(pip)+ £ (piy) (3)

\

(b) Feature map 1

(c) Feature map 2

(d) Feature map (add)

4 Add FHERLE
Fig. 4 Add feature fusion

13 HEAFIXIS

R A SE I8 e 2R 20 3 A 23T, ok 4
T EHEAT T PIRA o3 ) A R, a5
JI 7 o Sl o A DA, K AT T AT T A ) SR A AR
WL SRBE, B ARTE I RE SCHAFR2E N crack, K o0 Afi
BRI R W RLEE O, & CIHARSE N damage.

D&

El5 REFEXINISE

Fig. 5 Category classification diagram of crack diseases

2 KRR
2.1 EEHEE

H AT A A T I 17 9% 24 48 B8 4 8 b v
SCAERT Y, 38 2 R A W DR 1A B UL S A e o, AL
2 566 ik, F R SF A 600x600 pixel, I Xt 5% 4 5] iy
B R UG AR Rh BRI TR 70, A 33t
4200 5K ZLLEE A,
22 HEFRETHRMK

F] H1 Labelme 3K {4 T-H 5¢ s br 3, Wil 6 BF
TN o EEXTREINS LU SE I T 2 2 FiAR I A AR a2k
1S5, an &l 6(a) F(b) itz 43285550, WAl 6(c)
F(d) s



NG 2022,43(1)  BEREYE, 4. BT Mask RONN [ HF G2 2455 460 7 15 1% 1+ K WFoT « 103 -

(2) RO SHIAR T (b) RAPFAHEARTES R AT AL

(o) AMHBHAR I3 (d) P 2BARbRTELE R AT
El6 HIBREAERMML
Fig. 6 Data set annotation visualization
2.3 HIRIIZR

BT TensorFlow1. 12 il Keras1.0.8 AUHESH
4 33 Mask RCNN & B2 W 4%, R 481 F| window
10, A7 R 16 G, i8R i NVIDIA GTX 1660, 4bH &%
A Intel(R) Core( TM)i5-9400F ,

P 7 J2 0 265 1 R A5 2K it £ PR 3t eAc i TR 45 )
% 1T AH L Dt 10 2% 4 2K ith 2 A7 BT RIS, OF B
0156 E AR A0 G i 20 U R 2h R E B LG, R
ZEANZ AL TERETS R 5L Tt .

PRSIk R 2 Epoch_loss

351 ¢ train_loss
p-train_loss

-«-val_loss

—— p-val_loss

SRR H Loss/%
[38)
(=3

0 5 10 15 20 25 30 35 40
YRR ELEpoch/x10°
7 fRkEhZk

Fig. 7 Loss curves

3 SERAH
TEAG 5 BRI 28 X 25 H A 4G I 30 1 1 BE 48 Al
WA« K 73R Precision, # [7] 3 Recall, -84 B

AP YR EE 4 {H mAP S5 L5 PR
3.1 XfEESE

ST R SCHE T A R L BR i, BEF
2 i SR W ABONT LU S, X SR R T T AT
B

FEWE 1o X BLAE AN HEAT 2 50400 43, BRI 24 4% A
W AR SR A Ay 2L 4% crack, %y A Sk 1 i 90 4 A ke ik
S R R TR (1 B W T N el L - 1
mAP L 22 5 6.6%.

R1ORME 1 WEBOERTE M REIRIRITEE
Table1 Comparison of performance indicators before and

after network improvement of strategy 1

FHNEEE SRy KIERRE/

e HhEE (image/s)
Mask RCNN 0.835 0.835 5.000
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