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Oil leakage detection of pipelines of power plants based on improved YOLO v5S
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Abstract: In view of the frequent leakage of oil pipelines in key areas such as power plant oil depots and chemical water workshops, a
pipeline leak detection method in key areas of power plants based on improved YOLO v5 is proposed. The improved YOLO v5 detection
algorithm first incorporates CBAM module to strengthen the learning of regional features of pipeline oil leakage images. The CBAM makes
the model more focused on the extraction of pipeline leakage features, and weakens the influence of complex backgrounds on detection
results. Secondly, a bidirectional feature pyramid network is used for multi-scale feature fusion. It also reduces redundant calculation,
and improves the detection ability of the algorithm for small targets. Finally, Focal EloU Loss is used as the loss function to make the
regression process more focused on high-quality anchor boxes. It improves the regression accuracy, speeds up the convergence speed,
and improve the robustness of the model. The experimental results show that the improved algorithm performs well in real samples, with
an average accuracy rate of 79. 6% , which is 38. 4% higher than the original YOLO v5s algorithm. The false positive rate and the false
negative rate in the complex background of the power plant are significantly reduced. It shows that the improved YOLO v5 detection
algorithm can be effectively applied in the actual production environment.
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Fig. 1  Structure of YOLO v5 target detection algorithm
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Table 1 Performance evaluation experiment with CBAM

Bk Recall Precision mAP/ %
YOLO v5 0. 542 0. 566 0.575
YOLO v5+CBAM 0. 596 0. 645 0. 656
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Table 2 Performance evaluation experiment with BiFPN

(=R7 Recall Precision mAP/ %
YOLO v5 0. 542 0. 566 0.575
YOLO v5+BiFPN 0.614 0. 640 0.672
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Table 3 Performance evaluation with Focal EIoU Loss

Bk Recall Precision mAP/%
YOLO v5 0. 542 0. 566 0.575
YOLO v5+Focal Loss 0. 664 0. 655 0. 688
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Fig. 6  Some samples
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Fig. 7 Annotation examples
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SR Pytorch fE TR EE 2% 2] B HESE | HAR S5 PRSI B
= 4 i,
x4 TWINEME

Table 4 Experimental environment

BERS Windows 10
CPU 19 12900k
GPU NVIDIA RTX 3090
N 326

GPU &77 24 G

Python J%N 3.8
L HESL Pytorch 1. 11.0

3.2 #EER%SH

YOLO v5 HA 4 RN [m] B8 | AR i 52 2% B2 i (1 2
mHEF KA YOLO vSs, YOLO vSm, YOLO v51, YOLO
vox, HITHLT A MRS a8, 1 T E IR 55 4
SR L ARSI A (1) 7% JE R YOLO v5s 5303 33 H
TEL T S X A T 9 I U R O A A T A R
I B2 SR ALYI o 7y A8 B B AT 4 T, AT DA 2
FA) JAS RS 0375 v I 55 45 2R AT Bt T 0, DA 0 2 5 1Y)
IBTIRER

FEINGSHAT I JE I (epochs ) 2 300, it Ak
& (batchsize) 7 4, B RSH R 640x640 , 2K Adam —
M AL S0 iR 21 2R 0. 001  sh I ER{E R 0. 9 X
FEWHAE N 0.000 5,
3.3 EMiEdR

SR FHTES W6 R v 1) e o3 AR A [ o3 g PR3 B )
FEASENR - A UEAR B T IPAR AR T B AR 1 5 A Il
RELH T AR 2, RYE AR g b4t
BASF|F K5 B (mean average precision, mAP) | {E Jy i
ZHPRE LV TR , LA R A f I 5 45 31 0 A5 80 19 25
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Fig. 8 Examples of experimental results
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(b) Algorithm detection effect after improvement
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Fig. 9 Comparison of detection results of YOLO v5s and
CBAM-YOLO v5s algorithms
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Table 5 Performance comparison of different algorithms

based on the same self-built dataset

Bk mAP/% FPS
SSD 52.5 29
Mask R-CNN 59.1 15
CenterNet 52.6 26
YOLO v2 53.1 24
YOLO v4 54.2 25
YOLO v5s 57.5 26
A 76.9 28

T X EE AT R B, A ST B A R R AR AT
Fofls H AN, BA S BOAS TN B2 76. 9% , Ui W] 22
AP 5 B R A T i T U R R AT S
WERR A SRIBCRI~ >, JF Hothfs O SL e b Ay 48
Th A A YOLO 500 BRI kA 2~ 4 W42
T A B A 125 BE BT RO

N T AU UE SR OR  F T A 0 X B
Gy S BRSPS T8 8 T 2 S AT T AU I S8, K
PR B R AN 25 2 i REAS v fl b R A it i
IOl , IFREEAGE | UAE 19 i A AR F X i s 37 EA T AE
HEbRTE,



- 208 - S 1[I I IV = 3

5536 4%

3.5 HREhLI
A SCEF IR YOLO v5s #5132 F 2% RRAE Rl A A
AR PRECAEHEAT T WG, R T DAL 45 30004 50 2SI ek 3
HAEXT TREPEREIRAL B FREE A SGHAT TIH RhSE 5, 58
s RAER 6 PR,
*6 HEASSIGHE
Table 6 Ablation data

Bk Recall Percision mAP/ %
YOLO v5 0.542 0. 566 0.575
YOLO v5+CBAM 0. 596 0. 645 0. 656
YOLO v5+BiFPN 0.614 0. 640 0.672
YOLO v5+Focal Loss 0. 664 0. 655 0. 688
YOLO v5+CBAM+BiFPN 0. 673 0. 688 0.755
YOLO v5+BiFPN+FocalLoss 0.732 0.745 0.762
YOLO v5+CBAM+Focal Loss 0. 746 0.758 0.771
RICH % 0.782 0.793 0.796

SERAE R 25 Tk Sl B BT 44 BE A% X R 2 R
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