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Detection method of safety clothing for personnel in oil well site based on YOLOvS
CHEN Wei', ZHAO Guangjia’, LU Yong®

(1 School of Computer Science, Xi'an Shiyou University, Xi’an 710065, China;
2 The Third Oil Production Plant of PetroChina Changging Oilfield Branch, Xi’an 717600, China)

Abstract; Due to the wide viewing angle range and long shooting distance of the monitoring video of the oilfield well site, and the
situation that the personnel images are small and mixed with the surrounding equipment, the current video detection methods can not
meet the accuracy requirements in detecting the safety clothing of the personnel in the oil well site. This paper proposes an improved
detection model based on the YOLOvVS algorithm. Firstly, the Shuffle Attention mechanism is added to strengthen the ability of the
network to extract the features of correct dress and helmet, so as to improve the detection accuracy. Secondly, the Large Separable
Kernel Attention (LSKA)is added after the Spatial Pyramid Pooling—Fast( SPPF) to enhance the global feature information fusion by
improving the long—distance feature dependence. Finally, the loss function is changed to Wise — loU, which allows the network to
dynamically focus on learning and pay more attention to key features, thereby improving the generalization ability of the model and
reducing the negative impact of low—quality samples. The experimental results show that the improved model improves the accuracy
P by 7.4% in the data set, and the recall rate, mAP,,/% and MAPj ,;/% are all improved. It is verified that the improved model is
more effective to detect small feature targets in complex scenes.
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Table 1 Running speed and number of parameters of the model

Model Size / pixels Speed CPU ONNX/ms Speed A100TensorRT/ms Params/ M FLOPs/ B
YOLOv8n 640 80.4 0.99 3.2 8.7
YOLOv8s 640 128.4 1.20 11.2 28.6
YOLOv8m 640 234.7 1.83 25.9 78.9
YOLOv8I 640 375.2 2.39 43.7 165.2
YOLOv8x 640 479.1 3.53 68.2 257.8
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Fig. 1 Improved model structure
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Fig. 4 Samples of original dataset
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Fig. 5 Labelimg label sample
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Table 2 Comparative experiments of different modules %

Models P R mAPs, mAP s o5
YOLOv8n 74.49  76.54 75.33 31.91
+EMA 75.62  75.98 75.72 29.74
+CBAM 75.90  73.47 77.33 32.66
+Triplet Attention  76.54  78.74 77.33 32.91
+Shuffle Attention 77.05  80.04 79.46 36.63
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Table 3 Comparative experiments of different mechanisms %

Nl IRE=WALiIN i P R mAPs, mAPs;, o
YOLOv8n 74.49  76.54 75.33 31.91
+MHSA 76.52  80.15 78.71 35.16
+DA 76.11 79. 11 77. 81 35.81
+CPCA 77.66  73.05 76.20 33.94
+LSKA 78.16  78.15 78.26 35.72
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Table 4 Comparative experiment of different loss functions %

e N P R mAPs, mAPsp. o5
CloU 74.49  76.54 75.33 31.91
DloU 75.15  75.82 74.61 31.56
GloU 75.18  77.72 75.24 30. 89

Wise — IoU 76.52  78.04 78.51 35.16
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Table 5 Comparison of ablation experiment results %
Jrik Shuffle Attention 3t SPPF Hifiil LSKA ~ Wise — IoU 1145 BR%L R mAPs, mAP 5. 05
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itk 2 vV 78.15 78.26 35.72
it 3 vV 78.04 78.51 35.16
etk 4 vV vV 84. 06 82. 63 38. 44
ik s vV Vv 78. 42 77.51 35.22
ik 6 vV Y 83.33 81.94 37.74
itk 7 vV 2 v 85. 68 83. 84 38.85

M 5 T LIS H, A Shuffle Attention 5 HL
BIRA BRI C2f L 72 SPPF Hfil A LSKA £
He fEH Wise — IoU RREBFJFAREHP ) CloU AR
TR bs f R A R, Horb 78 SPPF R fin A LSKA
BEHOT £ TR bR 34 A 8 K A H& T, 38 2 KA% A5 FURI
FERLIHLE], LSKA B8 e 08 0 4 i i 42 Jmy - F
SC, Ha T B AR A3 [R]OC R NG E B R e
fii ] Shuffle Attention FIHRACE FA BRI 1 C2f 45
HAe [HH R A 25 W3 052 ), A B R B A AR 4
THT 3.5% , 3% J& 1 F Shuffle Attention F5 558 i3 73
£ R T TR DR OR A TR T AR G ) S B 2 M T R Y
XA R, SE IR ACR S TR nY P .
Wise — loU {CER A B E P 1) CloU W) 2 A% T 5
PR AR P T T 2. 3%, WA REHT
1.5%, mAP /% 32T+ T 3. 18% LA S mAP, o5/ % $i
T 3.25%, AT FiA MRS, efe 7 W&
AT YOLOvSn JRAERLA T nf WL (9 42 7+, th T+
Shuffle Attention #iEt 254G T BHIE=E IHLE], GEWETE
A R M AT R AF A 22 A R 5 B2, IF B
LSKA 5 SPPF #4455, I LATE R H7 22 RUE FRE R &

(AR b A R AR SRR RE A5 DLR KI5, 5
B Wise = IoU AU AR CloU J5 1%
Wise — loU TEAE I ZIER e L A5 2 il 15 D0 1Y B
DA BE G 25 3 PO M, 3 PR AL AH B AR 5 B AE B 3%
PREFET 7.4% , MIHZREET T 9. 41% , mAPs,/ % 12
Tt 78.51% VIS mAP, o5/ % $2T+ T 6. 94%,
2.4.5 HCGHATRRCREIXT

R T B UE SRR A O R T 2 Ak
DR HEATXT LG B 6 iR . 40T il KA i
A WEERT, T — A b BT HUR I T
LA AEFN 1 AN TG 2 T ek 5 AR A8 G
TR 3 AR 2 AN IERESE 7E5S 2 G
e JEASERL LRI T 2 AN IR 2%, ikt f5 i
BRI ZAE 3 A2 A MR 2 A4S T 1 % 2% 23 A il
2, I0UE T S R DA R, B 3 AL R
BRI T 1 AR R A 1 AN IER 5 %, i
POk IR R LRGN M T 3 AN SR B A A I ANIE B
%éIF HAERMRG B ARG 0 48 T, 72 L BRg o
HOR N AT AR E R G, Y B R B2 4 e
oA IE W 5 2 I 1] R 42



Mif, 4. 55T YOLOvS (i3 F 5t

NG A IR 2 A I 7 1% 67

JRRE R

R AR ROR

B 6 MilBRITLL

Fig. 6 Detection effect comparison
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