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Figure 1 Structure of the improved YOLOvVSs network
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Figure 4 Data enhancement
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Figure 5 Image segmentation and fusion
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Table 1 Table of label quantity distribution in data set

P 2 26 531 2 4
power transformer 534
insulating sleeve 2 000

conservator 446

fan 810
insulator string 1322
disconnector 790
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Figure 6 Comparison of P-R curves
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Figure 7 Comparison of model training index change curve

BHORZ H5INGRE R #4700, K YOLOvSs 2
BERT 5 BB U RCR B AT X H SR 8
s PR 8 5 L RO O BAR B R i
PR RE SRS B L . nl LA Y St s A A A



126 PSP PN i 3 - S QRIS )

2024 4

y fan0.901 0:80 ofon

(d) =FI1 (HHEYOLOVSs)

1= e L

(e) M Bt YOLOVSs)

JE R AEF AR R K

(0 7~FI13 (HEYOLOVSS)

B8 YOLOvSs Mt RIFEESIEFIAFNLRETLL

Figure 8 Comparison of electrical equipment recognition effect before and after YOLOvSs improvement
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Electrical Equipment Identification Based on YOLOvVSs and Android Deployment

LIAO Xiaohui, XIE Zichen, LU Mingshuo

(School of Electrical and Information Engineering, Zhengzhou University, Zhengzhou 450001, China)

Abstract: Aiming at the requirement of real-time detection of various electrical equipment in substation, an
electrical equipment identification method based on improved YOLOvSs was proposed, and an electrical equipment
identification APP based on Android was designed to recognize and learn electrical equipment. Six common
electrical equipments of substation, such as power transformer and insulator string, were taken as examples to
construct image data set. After image preprocessing of data set, YOLOvSs algorithm was improved, introducing C2f
module to improve the detection accuracy of small targets, and using Soft-NMS to improve the screening ability of
detection frame, so as to reduce the phenomenon of missing and false detection. The improved algorithm was used
to train the model of data set. The trained identification network model was deployed through the TensorFlow Lite
framework , and the electrical equipment identification APP was designed. It was verified that the mAP value of the
improved substation electrical equipment identification network model was stable at 91. 6% , which was 3. 3 percent-
age points higher than that of the original model. After deployment, the APP had the interface of equipment recog-
nition and equipment introduction, and the recognition time of each image was less than 1 s when using mobile ter-
minal, which had a fast recognition speed and high recognition accuracy, and could effectively realize the real-time
detection and equipment learning of electrical equipment in substation.

Keywords: electrical equipment; improved of YOLOvS5s; Android; TensorFlow Lite; image identification
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