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Sematic segmentation method for urban underground pipeline defects

based on FCC-Deeplabv3+

TTAN Congwen, LI Bo", LAN Wenfei,PAN Yuxin, YAO Wei
(College of Computer Science, South-Central Minzu University, Wuhan 430074, China)

Abstract The image defects of urban underground pipelines have the characteristics of multiple types, complex background,
high noise, and large scale changes, which lead to insufficient accuracy of current urban underground pipeline defect
segmentation algorithms. This research proposes an improved segmentation model FCC-Deeplabv3+ based on Deeplabv3+
and applies this model for the first time to defect segmentation of urban underground pipelines. Combined with the criss-
cross attention mechanism, the method can obtain richer context when making predictions. An improved decoder
upsampling strategy is proposed to introduce multi-scale information to reduce the loss of intermediate layer information.
The method is supervised based on the contrastive learning strategy, which improves the method segmentation capability.
In addition, regarding the current situation that there is no publicly available dataset for defect segmentation in urban
underground pipelines, based on the Sewer-ML dataset, we performed data annotation work and constructed a dataset
containing 900 images for the defect segmentation. The effectiveness and real time of the proposed defect segmentation
method was verified through experiments. Compared with the original Deeplabv3+ model, mloU increased by 3.73%, and
mPA also increased by 1.67%. It also has certain advantages compared with other semantic segmentation methods based on
deep learning.
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Tab. 1 Comparative experiments of different sematic segmentation algorithms

Method Backbone mloU/% mPA/% FWlIoU/% mPrecision/% Accuracy/% Params
UNet" 2! VGG-16 64.65 73.19 84.45 83.32 91.25 24.9M
PSPNet' > ResNet-50 67.59 75.97 85.54 85.30 92.02 46.7M
DANet'?"! ResNet-50 65.04 77.03 84.22 79.50 91.03 47.4M
BiSeNet' ! ResNet-101 67.76 79.62 85.37 80.82 91.63 90.8M
BiSeNetV2!? - 68.52 78.25 85.69 83.92 92.03 13.5M

DDRNet"*" - 67.01 79.26 85.18 80.97 91.69 32.65M
Deeplabv3+''* ResNet-50 69.18 79.95 86.01 83.25 92.16 40.4M
Ours ResNet-50 72.91 81.62 87.23 86.38 92.95 41.7M
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Fig. 11 Comparison of IoU and PA of different models on different defect categories
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Tab. 2 Ablation experiments between modules

loU/%

Method - mloU/%  mPA/%  Params FPS

CR DJ BP SG RO DP BG
Baseline 64.06 6499 7222 5569 74.61 60.85 91.85 69.18 79.95 40.4M  48.50
+FS 62.66  64.73 78.24  55.23 7447  66.52 9194 70.54 79.65 40.8M 42.46
+RCCA 66.27  64.15 74.04  58.83 74.21 67.84  92.08 71.06 81.16 41.2M 37.80
+FS&RCCA 6549  64.64 80091 59.59 725 68.79  92.33 72.07 82.71 41.7M 26.13
+FS&RCCA&CDS 64.65 69.48 8553 58.45 73.73 66.17  92.35 72.91 81.62 41.7M 26.13

Fh 2¢ 2 T, i FH LU Deeplaby3+45 AU ) mIoU
M 69.18% , 7% Deeplabv3-+H1 #s il it itk i A5 B | 8570
153 %) mloU R 23 At 42 T, O A B ) bR bt
Fusion Module Ji7 mloU #£ 7} T 1.36%, H M AMH A 1
TR RS RCCA BEERJ5 mloU $2 71 1 1.88%,

[&] i} i F Fusion Module F1 RCCA Module Ji&5 45 5 (15
mloU #2 7+ T 2.89%; [ B {8 ] Fusion Module #ilI
RCCA BEH, I JINAKS He 8 B2 Wi 7B SR IS, mloU 4
T+ T 3.73%. BERIG] A RCCA BEH 7 42 TH 43 0 K
JE B[R] B, 3 23 38 A AL () 280, i K 1 s 47



551

HHEESC, % - BT FCC-Deeplaby 3+ 3 17 T 48 18 B 18 SCor#0 5 1

115

FR P T P, D T AR B8 2% > I 3ul T e T A 2 e
63 2 AR 56 T AR 3l A7 AN A8 o R R, P A
JO7 SN AW 3 B ARG B R AR T . AR SCHR HY A el ik
Jr AR HE LAEERD 26 5 1) 180 2 Ak P -, SIE D RERS
SRR 3]

K13 R 78 T MR 2t e B Bk R R IR
Deeplaby3-+15 B 75 3l i iy T~ 5738 ik o P15 ) 2 1
ROR, LR LATREAC B B 25 IR e, 5 2 AT R AR
R FRITGTAR BRI , 55 3 AT REAR D B 1 R e ke s
S AFTRRAR N SO IS BRI L 5 S AT REAR D B 1A
PR RBE . e P a] 0, X PR AR 50 A 3 il ik
{14 75 15 A6 2% 20 14 7 FIAR BE A0 A (o] E AT 10T
JEAR R R I . X LS 1 AT RHR AT LA B, S A
TN A — b et A A8 R A G A AR G e )

Baseline

VR o 0 P T R SR G T s RSRM X sk A i s, (H
SR BB BT 43 DX A TR RECRAS Jin A 3 kg
HETT VL AR . X EER 24T UG T LUK B, D b A 7R
I EI A — il F i A5 TR AR A7 A 1 R ) A5 O, g
BRI B T S I A R A g A AR AR
IEAR T P R AE G 11 DX ) B R
it B W S AN Gn A 3 e e Oy vk I BB L X LA
347 EME T LA & AN A RCCA Pl (5 50 %of i b [X
B T SRS 43 F ok AR A T R R
TINA B R (FS \RCCA) AR A . XF HLES 4 47 AT L
KB, A NN 3 et A AR o S A G I 1)
3858 X I BB A B AF i 21y BRI . X EEE S
TS AT LA B, SRR AR AY i A — e ik (45 A
[ei] B A VR e 2 A A R X At 11 Xl e A T
A

+FS&RCCA

+FS&RCCA&CDS

P13 R sE g 4y B 45 R AT AL

Fig. 13 Visualization of segmentation results in ablation experiments
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