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A lightweight multi-label classification model for underground pipeline

defects using MG-MobileViT

Wen Yuan, Li Bo', Dai Lu, Wu Jiani, Luo Li
(College of Computer Science, South-Central Minzu University, Wuhan 430074, Hubei China)

Abstract Defect detection and classification of urban underground pipelines is a key part of ensuring the safe operation of
urban underground pipeline facilities, and it is also a typical multi-label classification task. Underground pipeline defects
are characterized by complex backgrounds, significant difference in defect scale and morphology, uneven defect
categories, and complex semantic relationships between labels, making accurate and real-time multi-label classification
highly challenging. To address issues such as insufficient modeling of label correlations in multi-label classification tasks,
an improved multi-label classification model, MG-MobileViT, based on the MobileViTv3 architecture, is proposed. Before
the classifier, the model introduces and sequentially integrates a multi-level gated aggregation module and a graph
attention network on the backbone of MobileViTv3 to enhance the model’s ability to capture complex defect features;
meanwhile, it uses the ASL loss function to address the inherent long-tail and sample imbalance issues in underground
pipeline defect data. The publicly available Sewer-ML dataset is used in experiments. Core evaluation metrics in the
underground pipeline domain, such as F2-CIW, were employed. The results show that the proposed model achieved
54.15% on the F2-CIW metric, significantly outperforming the mainstream Swin Transformer model (46.75%) ; the mF1
reached 78.27%3; the improved model has a small number of parameters, meeting real-time performance requirements.

Experiments fully validate the effectiveness of the MG-Mobile ViT model.
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Tab. 4  Comparison experimental results of different classification algorithms

Model F2-CIW/% F1-normal/% mkF1/% mAP/% Params FPS
MobileViTy3"" 19.55 82.44 60.18 45.06 5.82M 487.41
ResNet-50"4 20.96 81.25 68.97 54.95 23.54M 470.13
EfficieNet-B0'>! 34.15 89.56 75.55 64.80 4.03M 491.73
Swin Transformer">*! 46.75 91.46 76.38 70.53 86.76M 310.26
ConvNeXt?"! 45.95 90.55 79.69 71.54 87.58M 354.78
AR AL 54.15 89.66 78.27 68.52 7.03M 399.78
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Fig. 2 CIW weight and F2-CIW score of defect
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Tab.5 Comparison of ablation experiments

Model F2-CIW/% F1-Normal/% wmF1/% wmAP/% Params

MobileViTv3 19.55 82.44 60.18  45.06 5.82M
+MoGA 50.06 90.21 74.15 5044 6.33M
+GAT 52.07 90.10 71.05 49.29 7.03M
+ASL 54.15 89.66 78.27  68.52 7.03M

J& A TR AR AR A 2 BTt U R F2-CIW £ 71 T
30.51%. 51 A GAT J5 , 3 W48 bréB A il T [, 32
JERA GAT ¥ T8 TR IR R B 1 e R 2 o 42 24 1Y
e as [a] Bk L F2-CIW #2£ 7+ T 2.01%.ASL K
TSR R i A 1R Bl AR AR e S R
e, AR AR 2 2 B R 9 TE Bk i 28 (ND ) Hh—
S PSR A 04 T R L T Sy A AR SRR
A F1-normal BR/INEAR AN, ST T HoAth 3 il 4
P, 36 T 1 45 T e B RS DA 552 TE A (B Y
334 BAB5RERBETG LIRS

7 BLWR S 7% MG-Mobile ViT 55 78 75 52 s 22 45 2%
SRS T TERE AR SCIE I T A T HAT R
AR, LT bR 28 45 R an 8] 3 R . 5 350 84T
55 il Softmax 4T PREUAS[F] , ZHR% 53 BT 5575
BLAVFRAFEA R B T 22800 H i, 200
TE I TIMAE R PR FH Sigmoid 37 BB T, X
T — 2SI B 43 R A Tk ST SR R ABE AT S B
A 5T Z Rk a ARG O B9 A ROR A, A aC
.

1

P, =

= (10)

1+
b, PSR BN BRBEATAE B TR, O 2 A B X
55 kAN B4 B i 20 2 (Logit). 12 PR EICKE O,
SEILO, 1IRYVERA, RS PR A T

(a) (b) (©)
FS AF OK OBFSINBE  RBOBFSPH

) . o bl
(d) (e) (f)
RB OB FS AF OK DE OS ND

3 ZhRE D RER R
Fig. 3 Example of multi-label classification results
3 H I Label g PR A6 00 Bk B b 25 . T
TUAESR PO (L 0.5, KT 0.5 WK PR e bl 47 7E
ZE SR A SCHTHR B MG-Mobile ViT 45 74 1l 2 512

BT X 43 50T Z AR R 1 R iR B, 78 S
PRI T CAT BEHLX bR 28 18] 52 4% I HK (1) 4G 35 A B
J1 . BAR S AE R 3 () s 3 5 v A58 [ 1) 93
D H FSCAF FTOK = 286l , FLXT 7 A 150 0 ARE 2 43
W24 0.7421,0.7079 F1 0.7147 , ¥ 785 T35 52 B8 , &
AR BB 7F 52 2% 5 T Reue PR 42 1 (6 B it ]
TURR LA B 5 8 500 JRURS A DG 9 457 18 3 42 55 25 1) by
FEFRA LA B b |, R T R X 25 4 AL BUR IR
9 B A B RE 7 FE R 3 () b RIS OB L F'S
IN F1 BE DU 28 6k [, 5 0 A% % 43 51 h 0.7547
0.7862.,0.7455 F10.7139, Jz il 1 #5184 AN A BE 6% VE Bff
UM 7 7% T3 0 R 45 1 22 R |, i RE A5 iF —
APt 51 & B B SR N XU Y
S 53 ), 136 B R 78 L 0] T g o 1] DX 6 b O 3R
BT 6T 3(e) A H RBLOB . FS F1 PH,
X 07 T AR R 439l R 0.7770,0.7624,.0.7597 F
0.7521, LI S W T B JRy R 4 M e IR 5 | & B4 1o g 4
Had R IRk — 25 Ak R 24 4% oM A5 R FE B
F W BRI BB A5 X 57 22 25 F P SR 00 1R A T A5 A
TEEI3(d) 80 [F] U 3 RBLOB \FS AF F1 OK
B, IO E 2 43 51 D 0.7331, 0.6850,
0.7081.0.6619 F1 0.7662 , it B B[Vl 7 o 35 235 4 1 Sk
b 55 R [ 3% T P R AR AE M 2 2 1 5 B
T RENS DR R R A 1Y 2 hR 2 A IR BE 1AL T Hoxt 2
REEFRE 25 G 3 BRE ) 7E B 3(e) iR S 5t
TR DE 1 OS AL 2253 314 0.7122 F10.7635,
R T B THL 3 A T AR TR 51 & 0B 1 454 S
HF 8 d 0 28, i e /3 (6) rp AL 330 H ND
(LB )X —ARgs , A R 35 31 0.8508 , i FH %
RULE T 1 5 1 R R LA 3058 v 1) 0 000) A B R
RAFH R IR AE ) . 256 LR g vl LUE &
Bl GAT A5 75 FEAF J2 187 X AS 7] it [ =22 1] S 6 56 2
{14 J8 AR, AR BB A A TR0 B B 55 2 1 2 T g
B 22 1] 79 P ] 5 B 15 A2, DA T 7 £ T e P e o 4
TR 000 1 ) B, S BT 5 e B (A RB) i AR 11
G E 2 P
4 B

AR AT S 3 T IS A T S 5 A T R R AR b
285 IR RABE N JE B A S A5 (] B, B MoG A #5
LT GAT A5 e R BX 4 1 31 MobileViTv3 321 R 4%,
JFal o ASL 52K eR B P Ak T 178 X H A 1R FE F



o5 4 1]

SCUR S — AR g A B 2R 2 43 SR MG-MobileViT

567

FNEE ) X — B (A3 A AE Sewer-ML 45 4
B0 48 B F2-CIW 3K 3 54.15%, 1 35 B T
SwinTransformer %5 Bl A e L5312 (46.75%) . 13X AL
UESE T MoGA I GATBEBAE S 58 S 2% [ T SCREfR AN
T PR 2 O IBE T T A R, BE 3R AT Bk
RS P T e 28 L Pk R A Ry 58 A AR R
TEH WL LU W B b B R4, (R Sk AR
LR T 2D 5 T X ) R A S AR S A
A BB AR A T, DASE BT 4T L HE AT AR A 3T
HIEL 2L

£ % X w

[1] WangJ, Liu G H, Wang J, et al. Current status, existent
problems, and coping strategy of urban drainage pipeline
network in China[J]. Environmental Science and Pollution
Research, 2021, 28(32): 43035-43049.

[2] Sadeghikhah A, Ahmed E, Krebs P. Towards a
decentralized solution for sewer leakage detection: A
review [J]. Water Science and Technology, 2022, 86
(5): 1034-1054.

[3] Haurum J B, Moeslund T B. A survey on image-based
automation of CCTV and SSET sewer inspections (7.
Automation in Construction, 2020, 111 103061.

[4] Chandure P, Waghmare C, Ansari K. Review on guidelines
of sewer inspection[]]. Chemik, 2020, 2: 160-167.

[5] Moradi S, Zayed T, Golkhoo F. Review on computer
aided sewer pipeline defect detection and condition
assessment| ] |. Infrastructures, 2019, 4(1): 10.

[6] Kumar S S, Wang M, Abraham D M, et al. Deep
learning-based automated detection of sewer defects in
CCTV videos[ J]. Journal of Computing in Civil Engineering,
2020, 34: 04019047.

[7] Yin X, ChenY, Bouferguene A, et al. A deep learning-
based framework for an automated defect detection system
for sewer pipes [J]. Automation in Construction, 2020,
109: 102967.

[8] ChaY]J, Choi W, Biiyiikoztiirk O. Deep learning-based
crack damage detection using convolutional neural
networks [J]. Computer-Aided Civil and Infrastructure
Engineering, 2017, 32(5): 361-378.

[9] Ghosh Mondal T, Jahanshahi M R, Wu Z Y. Deep

learning-based RGB-D fusion for multimodal condition

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

assessment of civil infrastructure [ J|. Journal of Computing
in Civil Engineering, 2023, 37(4): 04023017.

HIERSC, 250, #E52 K, 4% . LT FCC-Deeplabv3+[1
Sl T T A T BRI TR (). PR RO R A
AR , 2025, 44(1): 107-117.

Tarekegn A N, Giacobini M, Michalak K. A review of
methods for imbalanced multi-label classification [J].
Pattern Recognition, 2021, 118: 107965.

Chen Z M, Wei X S, Wang P, et al. Multi-label image
recognition with graph convolutional networks [ C]//2019
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Long Beach, CA, USA. IEEE,
2019: 5172-5181.

Zuo X, Sheng Y, Shen J, et al. Multilabel sewer pipe
defect recognition with mask attention feature enhancement
and label correlation learning[J]. Journal of Computing
in Civil Engineering, 2025, 39: 04024050.

Zhao D, Tan Y, Sun D, et al. Multi-label learning of
missing labels using label-specific features: An embedded
packaging method [J]. Applied Intelligence, 2024, 54
(1): 791-814.

Hu J, Mou X, Li B, et al. Compound facial expression
recognition based on graph convolutional multi-label
learning [C]/2024 4th International Conference on
Electronic  Information Engineering and Computer
Science (EIECS). Yanji, China. IEEE, 2024 433-437.
An J, Yang L, Hao Z, et al. Investigation on road
underground defect classification and localization based
on ground penetrating radar and Swin transformer [J].
International Journal for Simulation and Multidisciplinary
Design Optimization, 2024, 15: 7.
Chen J, Kao S H, He H, et al. Run, don’ t walk:
Chasing higher FLOPS for faster neural networks [cin
2023 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Vancouver, BC, Canada.
IEEE, 2023: 12021-12031.
Vasu P K A, Gabriel J, Zhu J, et al. MobileOne: An
improved one millisecond mobile backbone [C]1//2023
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR). Vancouver, BC, Canada. IEEE,
2023: 7907-7917.

Wadekar S N, Chaurasia A. MobileViTv3: Mobile-



568

R B R 24l (AR B2

545 4

[20]

[21]

[22]

(23]

friendly vision transformer with simple and effective
fusion of local, global and input features [ EB/OL].
(2022-09-21)  [2026-01-02].
2209.15159.

https://arxiv. org/abs/
Li S, Wang Z, Liu Z, et al. Moganet: Multi-order gated
aggregation network [ EB/OL]. (2022-11-04) [ 2026-01-02].
hitps : //arxiv.org/abs/2211.03295.

Veli¢kovié P, Cucurull G, Casanova A, et al. Graph
attention networks [ EB/OL]. (2017-10-30) [ 2026-01-02].
https : //arxiv.org/abs/1710.10903.

Ridnik T, Ben-Baruch E, Zamir N, et al. Asymmetric
loss for multi-label classification [ C]//2021 IEEE/CVF
International Conference on Computer Vision (ICCV).
Montreal, QC, Canada. TEEE, 2021: 82-91.

Haurum J B, Moeslund T B. Sewer-ML: A multi-label
sewer defect classification dataset and benchmark [ C]//
2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). Nashville, TN, USA.

[24]

[25]

[26]

[27]

IEEE, 2021: 13451-13462.

He K, Zhang X, Ren S, et al. Deep residual learning
for image recognition [C]//2016 TIEEE Conference on
Computer Vision and Pattern Recognition (CVPR). Las
Vegas, NV, USA. IEEE, 2016: 770-778.

Tan M, Le Q. Efficientnet: Rethinking model scaling
for convolutional neural networks [C]//International
Conference on Machine Learning. Long Beach: PMLR,
2019: 6105-6114.

LiuZ, LinY, Cao Y, et al. Swin transformer: Hierarchical
vision transformer using shifted windows [C1//2021
IEEE/CVF International Conference on Computer Vision
(ICCV). Montreal, QC, Canada. IEEE, 2021: 9992-
10002.

LiuZ, MaoH, Wu CY, etal. A ConvNet for the 2020s[ C 1/
2022 IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR). New Orleans, LA, USA.

IEEE, 2022: 11966-11976.



