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Detection algorithm for electric power aerial work safetyprotective
equipment based on improved YOLO11n

Liu Zhilong Wang Cheng Du Junnan Wang Tianyi
(School of Big Data and Information Engineering, Guizhou University,Guiyang 550025, China)

Abstract: To address the issues of limited target diversity, low detection accuracy, and poor generalization in the
detection of safety protective equipment for aerial workers in electric power scenarios, this paper proposes an improved
YOLOI11ln-based detection algorithm tailored for high-altitude safety protective equipment detection. Firstly. a
DySample dynamic upsampling method is introduced into the neck network to effectively prevent excessive amplification
or information loss during upsampling, thereby enhancing feature retention while maintaining overall detection
performance. Secondly, the RCM is optimized using depthwise separable convolutions to construct a new CFSCM,
which captures key features across both spatial and channel dimensions, improving the model’ s perception of
foreground protective equipment. Finally, a novel LQEH is designed to integrate the localization quality scores from
the regression branch with the outputs of the classification branch, thereby addressing the lack of interaction between
the two original branches and enhancing the correlation between classification and localization tasks. Experimental
results demonstrate that the proposed algorithm achieves a mAP@0. 5 of 93. 1%, precision of 96.1% . and recall of
86. 7% » representing improvements of 3. 2%, 0. 7% and 2. 3% over the baseline model, respectively, with a detection
speed of 131 fps. In addition, generalization experiments conducted on a high-altitude safety protective equipment
dataset from the Roboflow platform show respective improvements of 2.1%, 5.2%, and 2.2% in mAP@ 0.5,
precision, and recall compared to the baseline, validating the effectiveness of the proposed improvements in enhancing
detection accuracy and generalization capability.

Keywords: YOLO11;aerial work;safety protective equipment; dynamic upsampling; depthwise separable convolution;
localization quality estimation
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Fig. 8 LQEH structure
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Table 2 Training hyperparameter settings

2R S8
{4k % (Optimizer) SGD
o1 {H (Momentum) 0.937
AR IR B (Epoch) 200
i R SF (Bateh_size) 16
ZEFEE (Workers) 4
2 2] & (Learning_rate) 0.01

AR SE(Img_size) 640X 640

S YN AR A B B AR R ok A R B vk R FE
A L O R R 4 R Al Bk R TR R S AR B 2 A AR
BB DL S M BR R, an el 9 B, S BIRE 2 R
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7 FOBE B AR FE B 80 1+ 10 B A8 43 i DIl 4 L A 4 A
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h T B UEAR SCHHE IR A YOLO11 B L A% SCR S
K (precision, P) . & M (recall ,R) . mAP 1E 5 B )2 A6 i
M RE TPAL 48 A7 , SR PR B 2 4 3k (params) i 5 150 80 () &2
ZRAREE DL FPS i A M ASE AU () i 47 T
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Fig. 9 Sample images from the dataset
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Table 3 Comparison results of YOLO series algorithms
RS mAP@0. 5/ % K/ %% AR/ % ZHE /M FPS
YOLOv8n 91.2 96. 4 84. 8 3.01 166
YOLOv10n 90. 1 94. 7 84.0 2.70 187
YOLOv10s 91. 9 95.1 86.8 8. 04 156
YOLOI11n 89.9 95. 4 84.4 2.58 142
YOLO11s 92.4 95. 8 86. 8 9.42 128
AR 93.1 96. 1 86. 7 2. 96 131
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Table 4 Ablation experiment

DySample ikt CFSCM #ilk LQEH #Mk mAP@O0.5/%  W#E/%  #HEE/% S8 /M FPS
89.9 95. 4 84. 4 2.58 142

J 90. 6 95. 1 85. 8 2. 60 133

J 92.5 96. 2 87.9 2.92 140

J 90. 4 95. 8 84.9 2.59 141

N N/ 92. 6 95.3 87.6 2.93 138

NG N 92. 8 96.5 87.2 2.94 134

J N J 93.1 96. 1 86. 7 2.96 131
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Fig. 10 Comparison of detection results
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Fig. 11  Sample images from the dataset
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Table 5 Generalization experiment %
P mAP@0. 5 ERI)ES PEREIR:S
YOLO11n 96. 3 90.0 93.5
AR 98. 4 95.2 95.7

M 5 RS g T LLE A ek it R Y & A B B
AR B B AR IZ IR E L mAP@O. 5 RSB LA ] 2R
SRR FT 2.1% 5. 2% 2. 2%,
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Fig. 12 Visualization analysis of generalization experiments
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