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Semantic segmentation of urban underground pipeline defects based on

CT-ST semi-supervised model

PAN Yuxin, LI Bo’, TTAN Congwen, YAO Wei
(School of Computer Science, South-Central Minzu University, Wuhan 430074, China)

Abstract  Defect segmentation of urban underground pipes using machine vision technology is an industrialized
intelligent development trend. Since conventional supervised methods require a large number of annotations for defect
segmentation task, an improved CT-ST semi-supervised semantic segmentation model based on the ST semi-supervised
model is proposed, which is firstly applied to the field of defect segmentation of urban underground pipelines. The model is
based on the self-training method of semi-supervised semantic segmentation domain, combined with the idea of Co-
teaching algorithm, distinguishes different quality pseudo-labels, and utilizes a one-time pseudo-label screening strategy
instead of the traditional set-threshold iterative method, to reduce the impact of erroneous feature training due to low-
quality labels; for the problems of complex background of underground pipelines, multiple defect categories, multiple
scales, and multiple noises, we introduce a NAM attention mechanism into each residual block, to give each important
defects a more accurate and more accurate labeling. NAM attention mechanism is introduced in each residual block to
increase the weight of each important feature and weaken the proportion of unimportant features. The experiments verify the
effectiveness of CT-ST semi-supervised segmentation model, and the mloU is improved on different proportions of labeled
sample sets, in which the mloU of 1/2 proportion of labeled dataset is 67.36%, which is increased by 2.33% compared
with the original model. Compared with many mainstream pseudo-labeling and consistency regularization methods, CT-ST

has better performance in terms of accuracy.
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Algorithm. 1~ Co-teaching algorithm

Co-teaching Algorithm.

Input w,and w,,learning rate 0, forgetting rate 7, epoch 7) and T, ,
iteration N
Output W/*ﬂwg, D,
forT=1,2, -, T do
Shuffle training set D;
forN=1,2,, N do
Fetch mini-batch D from D;
Obtain ljf: argminD':| D' | > R(T)|5|[(f, D');
Obtain D, = argminD":| D'| > R(T)| D|i(g. D')
Obtain D, = (D - Df)+(ﬁ - ljg);
Update D, += ﬁl;
Update w; = w, - T]Vl(f, ljg);
Update w, = w, — nVl(g, ij);

end

Update R(T) =1 — min{lr,r}
T,

end
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Tab. 1 Performance of various evaluation indicators of CT-ST
ToU/%
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(HE) (fth) (B CGgmsE)  GEFIEZSR) (D IR
172 67.36 76.59 86.27 92.43 68.57 48.51 70.74 54.51 79.45 57.30
1/4 66.28 75.96 85.78 92.07 67.91 46.42 69.23 53.16 78.33 56.82
1/8 64.97 73.83 85.07 91.52 66.89 44.72 67.42 52.28 76.56 55.37
1/16 62.08 70.88 83.08 89.85 63.02 40.80 64.84 49.66 73.71 52.71
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Tab. 2 Comparative experiments of different semi-segmentation model
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Method Network
12 1/4 1/8 1/16
ST PSPNet+ResNet-50  65.03  64.57  63.43  60.23
ST++5]  PSPNet+ResNet-50  66.12 6534 6422  61.16
PCT®"  PSPNet+ResNet-50  66.06 6548  64.52  60.35
CPS'®?!  PSPNet+ResNet-50  65.15 6420  62.67 59.98
PS-MT™®*)  PSPNet+ResNet-50  66.93  65.56 64.78  61.75
ours PSPNet+ResNet-50 67.36  66.28 64.97 62.08
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Fig. 6  Visualization of segmentation results in contrast experiments
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Fig. 7 Visualization of segmentation results in ablation experiments
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