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Abstract: Objectives: To solve problems that the existing crack identification algorithms are not accurate
and the detection and segmentation tasks cannot be performed simultaneously, we propose a pavement
crack identification method via the improved Mask R-CNN model. Methods: First, the crack dataset is col-
lected and labeled. And the crack dataset is trained and tested by Mask R-CNN model, and the aspect ra-
tios of the anchor points in the model are adjusted to segment the crack pixels in the generated detection box
while the crack is located. Second, to solve the problem that the crack detection boxes generated by Mask
R-CNN model are inaccurate, C-Mask R-CNN is designed to improve the quality of crack region proposal
by cascading multi—threshold detectors and achieve accurate positioning under high threshold. Finally, a se-
ries of optimization parameters and experimental comparison are carried out for the improved model, and
the effectiveness of the proposed model is verified. Results: The experimental results show that the mean
average precision (mAP) of C-Mask R-CNN model in the detection part is 0.954, which is 9.7% higher
than that of the conventional model, and its mAP in the segmentation part is 0.935, which is 13.0% higher
than that of the conventional model. It confirms that the C-Mask R-CNN model performs well in identi-
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fying cracks. Conclusions: In summary, the proposed C-Mask R-CNN model can locate and extract

cracks with high identification accuracy.

Key words: pavement crack identification; deep learning; Mask R-CNN model; cascade threshold detec-

tor; road engineering
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Tab.4 Comparison of Different IoU Threshold
Growth Ways

AR I mAP M 0.778 $2 7+ 2 0.887, 73 #| mAP M
0.753 $ F+ % 0.874; # Lk T Mask R-CNN %%

AR SCHR YA C-Mask R-CNN 1 ¢ B 4% 5 5y
M5t 28 b, A SCR FH ResNeXt 1 o 24 8% 1 45 AF
PEICN 2%
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Tab.5 Model Comparison Under Two Feature

Extraction Networks

ResNet101 ResNeXt101

Esill ; ;
il 53l Al 53l

i 1] 2445 AP 0.851 0.829 0.915 0.903
Y] 5% AP 0.816 0.798 0.927 0.923
AR 248 AP 0.666 0.633 0.819 0.797

mAP@50 0.778 0.753 0.887 0.874

Hi 3 ToU [ {H mAP@75  mAP@50
PR K 0.5,0.6,0.7 0.860 0.951
iy 2k 4 0.5,0.62,0.72 0.862 0.954
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A4 9% ] ResNet101 #1 ResNeXt101 #
Tofr ) 246 A Shy % 2 A6 D 5 43 SR RS 1 R AT 42 B9
AT N SR, 3 5 2 GBI RR AR B2 IO 45 R Y C-
Mask R-CNN # £ i £ U AP 5 43 %) AP Xt [t 45
A DL B 48T ResNeXtH5fiF 42 5 o) 4% |, #5750

AR SO R A AL 2% 09 S FE A HEAT TSR, 43
R FHBEALER BE R B (stochastic gradient descent,
SGD) .SGD hngh & (SGD+Momentum) . H & hi
22 3] ZA Ak %% (AdaGrad . RMSProp fil Adam) i
17 %, I 25 loss T £ WL 10, Af LA, A [
oAk loss M 4 9 W S FE AN [F), e 4 88 T
Fe %2 1) loss fH K [R] , AdaGrad (1) 22 B &0 e
2%, Adam F RMSProp & # EE A [A] , Adam 5 2
FaE 1Y loss (H AR, Ul BRI U Bty . K6
NS FhE AL S R R BRI gl B, v LR Al
50 SGD VIl 25 ok By 455 789 o 1 58 e 1K, A Bl i
ZJE APEAT W H Tt 5 30 [ 3 W 2 2 R AL A%
1, AdaGrad # R B 25 B i 22 , RMSProp Ml Adam
W23 (25 & ok Ui, Adam BIERUR B 47,
I, A SCHE R Adam 1 S 2448 OB (9 DL Ak 4 o
3.2 REI%

FERERS YN G, A SO F 3h 25 9 2 1 7 0k
B A ) RG] R BE N 0.000 1, R
982 7 Ik 20 4> epoch, ¥ batch _size % 4
1, —3E 34717 500 K At

TERERLYN Groad B rh | 22 2 R it 2 )1 2k
THE A B 78 Ak il 8 DA K loss - AN 1& 11 fros .
P11 Ca) TN B I A0 Ry 35, 2% 2] 27
Bl 45 b A W R AR 5 181 11 (b) J R T I ik 7R g
W 3 J2 A ) g ) v B 0 AR AL R s sy R
5o 3 BIAREREE — VB RS = B R B B
ToU [ {E /Y 4 T, XA 285 S iy 2ok &bl s, = 2
o 0 5 1 o B R R MR N R B 11 (o) AR T
Y252t B b RPN B9 43 2545 2% loss _rpn_cls Al [l )5
1 25 loss_rpn_bbox; I 11(d) FE/n T = 2 K I #%
Sovs1 Fls, B 20 23512k cls | a1 451 2% bbox A1 43 1 4



772

BOBR 2 4 (fF B A D

2023 %5 H

2 mask ¥ loss 12k & 11(e) BIR T 9 Fh loss #H N
TR E] 9 5 Toss M 2 ) 28 fbad B2 o ph X 28 loss il 28
ATLLE H loss 2B W R BT TR R .

33 LHRERSITLE

AR H Pr-Re i 28 . AP 1 mAP 1E J 3
6 bR ok Ml e A Ak e . 4] 12 )8R T C-Mask R-
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Tab.6 Comparison of Model Training Results Under Different Optimizers
e fh ki AP 3 E AP
T 1) 4 4% Y1) 5% o AR 24 4% mAP o i) 4 4 ENGES BRI 3 S mAP
SGD 0.710 0.538 0.462 0.570 0.552 0.449 0.486 0.496
SGD-+Momentum 0.915 0.927 0.819 0.887 0.903 0.923 0.797 0.874
AdaGrad 0.751 0.679 0.606 0.679 0.809 0.686 0.567 0.687
RMSProp 0.960 0.948 0.948 0.952 0.943 0.939 0.890 0.924
Adam 0.956 0.952 0.954 0.954 0.927 0.952 0.924 0.935
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Fig.11 Change Curves of Model Training Process
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Tab.7 Precision Comparison of Detection Models in Different Indexes Before and After Improvement

LT 255 C75 C50 Loc Sim Oth BG FN
i 245% AP 0.506 0.906 0.964 0.964 0.969 1.00 1.00

Y\ 2L5E AP 0.630 0.909 0.945 0.945 0.948 0.990 1.00

Mask R-CNN

AR 2 4 AP 0.448 0.756 0.847 0.847 0.929 1.00 1.00

mAP 0.528 0.857 0.919 0.919 0.949 0.997 1.00

i 17 2455 AP 0.832 0.956 0.979 0.979 0.981 1.00 1.00

I\ 25 AP 0.885 0.952 0.962 0.962 0.963 0.990 1.00

C-Mask R-CNN

AR e AP 0.868 0.954 0.964 0.964 1.00 1.00 1.00

mAP 0.862 0.954 0.965 0.965 0.982 0.997 1.00
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Tab.8 Precision Comparison of Segmentation Models in Different Indexes Before and After Improvement

[l 2551 C75 C50 Loc Sim Oth BG FN
17 24 5% AP 0.144 0.887 0.963 0.963 0.967 1.00 1.00

Y Bk AP 0.141 0.873 0.945 0.945 0.948 0.990 1.00

Mask R-CNN

Rk 24 AP 0.411 0.654 0.834 0.834 0.885 1.00 1.00

mAP 0.232 0.805 0.914 0.914 0.933 0.997 1.00

i 1) 244% AP 0.341 0.927 0.981 0.981 0.984 1.00 1.00

Y B4k AP 0.340 0.952 0.964 0.964 0.965 0.990 1.00

C-Mask R-CNN

Rk 24 AP 0.693 0.924 0.954 0.954 0.993 1.00 1.00

mAP 0.458 0.935 0.967 0.967 0.981 0.997 1.00
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Fig.14 Comparison of Crack Identification Effects

Before and After Model Improvement
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