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Defect detection methodology for water conveyance pipelines
based on YOLOvll1n and its performance analysis

Zhang Yang Qin Changhao Kong Shuo Qu Yajun Zhao Hui
(College of Mechanical and Electrical Engineering, Northeast Forestry University, Harbin 150040, China)

Abstract: To address the challenges associated with complex background textures on the inner walls of water pipelines
and the difficulty in distinguishing minute cracks from irregular fouling, this paper proposes a high-precision detection
algorithm based on an improved YOLOvl11ln. First, the bidirectional feature pyramid network (BiFPN) is utilized to
reconstruct the neck network. By employing a fast normalized fusion mechanism, this approach achieves dynamic
aggregation of multi-scale features, thereby enhancing the feature representation capability for minute and variable-scale
targets. Second, a global context network (GCNet) module is embedded at the end of the feature fusion stage to
establish pixel-level long-range dependencies. This strengthens global background understanding and effectively
suppresses noise interference such as limescale. Finally, a Focaler-MPDIoU loss function is constructed by integrating
geometric optimization with a dynamic focusing mechanism to improve localization accuracy and balance the training of
hard and easy samples. Experimental results demonstrate that the improved algorithm achieves an mAP50 of 91.40%
on a self-constructed dataset, representing an improvement of approximately 9.5% over the baseline. The proposed
method significantly enhances robustness while satislying real-time requirements, offering substantial value for

engineering applications.
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AR S SCHER 14 18 F OBLIR] 495 AF 42 7 35 P 45 (bidirectional
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Fig. 1 GFF-YOLO overall architecture
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Table 1 Experimental environment

el e & T

REPEZE (CPUD Intel(R) Xeon(R) CPU E5-2686 vi
F AL HE# (GPU) NVIDIA RTX A4000 (16 GB)

W7 (RAM) 60 GB
BER G Ubuntu20. 04
G Python 3. 8

TR 5 I HEL PyTorch 2.4

CUDA A CUDA 11.6

oA PRI S 56 1) R AR A 5 T A B BT A R AL (A A Ak
LB TR A R ) 149 R A ) ) 2 B ] AT I
P A AL AN yolovlin. pt B ZRAN 47 12 # 2%~
LD i 845 B2 O 4 TR RL R RE . QRN 2R S B 3k 2

R
*2 BB5HEE
Table 2 Hyperparameter settings
SR e
LPNEEE SN 640X 640
Y2 S 91 300 W
iR 16 it
ik SGD (Bifi B B2 B
LIRS 0.01
S SifTs 0. 937
HEE 5 0.000 5
K B 5 mosaic: 1.0
2.2 HE&E

A SCHUR R A HSE & T AR IR . BT B A
PEAEFIA B B Sewer-ML, H @ E ORI TR
CCTV A AR, 28 BT ER I 2B 5 . 2 IR PACP 47
WESFATARE . A% 1909 TRIEIREME . Sewer-ML 4758 . 5]
A#R5Yy Sewer-ML £ LUKE AL A 2 061, 55 51 2 A W 4
R EE+ BB R EE B YO 1 e, B R .
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AT 5 [ i ol I Mosaic 38 88 , A5 4DLHE 417 1 o 32 A5 00 X6 3 4
UL BREE IR LR, B ABIREY R E 4 024 7k, K I
B ELARRE A B 43 A0 M2 (1 001 38 JEEA7 (912 KD L JIE
75 (1 196 3K) (FEASH (915 1K) L e & 48 8: 1+ 109 L I BEHL &)
SR INZR4E (3 220 3K) L B UE 4 (402 3k A £ (402
). TG R B R B A R 43 T A i IR AR
B EAT B B AR DI 25 5 RN 3 4 Ok B A [R) 9 4 T 0 A5
Br. o gE R Bl 5 iR .

2.3 HREARWA

SRy 6 IE 7S ST B A A% I g R s A ot AT T
PEAIZE SR S8, SER DLR A YOLOvIIn Jy BE 44
7 (Baseline, M1) , 7 5% 4 4l [F] () 48 2 BUC B Ml 2R 3R 58
T, #Z A5 A GCNet (27 LT 3CHLH) (BIFPN (i AURL [
FRAE 4 F 5 il Focalerr-MPDIoU (R &3 2k R E0) . 256
B L8 1 BT & AR B X BT 4 2% JE (Params, FLOPs) J
K I 4 BE (Precision, Recall, mAP) B bR oidk, 4550
F 3PN,

MESEEGZE R L B 5] A GCNet (M2) J5 » mAP;, #
FHT 3.34% UEWA T & 5 R SCEME RE A A0 K 3 &
MR, 5] A Focaler-MPDIoU (M4 45 5% T # 4t 5%
B mAP;, $&FF. A — M E AR AR 55 b o2 L R A

(a) MR
(a) Crack

(b) 4L
(b) Deformation

(c) BET5

(¢) Limescale

(d) RS9
(d) Obstruction

5 FEAR B

Fig.5 Sample examples

R3 HEXBER
Table 3 Ablation study results
i Param/
BiR YOLOvlln GCNet BiFPN  Focaler-MPDIoU (X10%) GFLOPs  P/% R/% mAP;/% mAP;./%
M1 Vv - - - 2.582 6.3 83.07 72.71 81. 89 54.16
M2 v vV — — 2.610 6.4 85.84 81.6 85.23 63. 25
M3 Vv - Vv - 2.670 7.1 77.73 73.03 82. 46 51. 06
M4 v — - Vv 2.582 6.3 89.00 76.34 86.95 60. 52
M5 Vv Vv - Vv 2.610 6.4 84.55 79.97 87.11 59. 37
M6 v — Vv 4 2.670 7.1 87.65 77.64 87.55 60. 68
M7 v v Vv v 2.510 7.6 91.47 83.86 91. 40 66.99

TV RN Tz R — RN R T ZERAE

EERW A A T2, Ny E G 80 1Y LT
JEEH COCO BHRET WKk A 5 BLAF L5
13 FRIE R Y CloU 7& Ak 25 34 /™ & , iff MPDIoU 1)
PG IR UR AN T X — R AR, 2 A i X S A
BT P B 5 B0 A 0 sk . B AR B T A R SR R 1
GFF-YOLO(M7) L3 T 91.40% K &% £ mAP;, A
66. 99% B i mAP;.o - AHE T 3 2 A AL, mAP,, M
mAP; s 430 B EFRTET 9. 5198 12.83% .

A5 A &, GFF-YOLO (M7) 78 K i 42 THK 5 10
[FIE . AT S R IR T 24, X EZEH A F BiFPN
S EERR T PANet o T A I B35 AT 5, KT8 T GCNet
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Table 4 Comparative

experiment results
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