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SGAD-YOLO: A standardized work uniform detection algorithm
based on improved YOLOI11

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

Abstract: To address the issues of inadequate accuracy, complex model architecture, and poor generalization in
detecting standardized work uniform within industrial scenarios using existing object detection networks, a novel high-
precision lightweight model named SGAD-YOLO based on YOLO11 is proposed. First, the C3k2 module is improved
by combining the StripBlock structure and CGLU mechanism. Through multi-level feature processing and dynamic
feature enhancement, the model’s perception of slender features and complex textures is improved, while the model’s
parameters and computational complexity are reduced. Second, the AFGCAttention mechanism is introduced to
enhance the model’s focus on key regions and effectively suppress background noise interference through the dynamic
fusion of global context information and local features. Finally, the Detect-SEAM detection head is redesigned to
improve the model’s detection accuracy for occluded and small objects in complex environments. Experimental results
demonstrate that the improved algorithm achieves mAP @ 0.5 values of 93.6% and 94.6% on the power grid field
operation dataset and the public Roboflow 5 dataset, respectively—representing improvements of 1. 5% and 2. 1% over
the baseline model. Moreover, its parameters and computational complexity are reduced by 8.3% and 7.4%,
respectively. This proves that the SGAD-YOLO algorithm has better detection performance for standardized work
uniform detection tasks in industrial scenarios.

Keywords: industrial scenario;object detection; YOLO11;lightweight improvement;attention mechanism
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Fig. 7 The dataset of electric power operation site
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Table 1 Training parameter configuration table
E 24
AL 2% Coptimizer) SGD
& {H (momentum) 0.937
1E AR KA (epoch) 300
it R (batch_size) 8
2¢ 2] 3R (learning_rate) 0.01
i ARGE (img_size) 640X 640

o T S EAE AL A 1 0 A A L 1 TTH RS G R
XF LG S DR FEAR A B0 % YOLO11 s B8 i) o
BERZ M,
3.2 iEMiEERR

R T A THI I 7 YO M A4t A5 AU X 9 4% S B S T ARG U
PEBE AR SCR T RLR B 48 A - F 35 K BE 35 (H (mean
average precision, mAP) |\ ¥ # &£ (precision, P), A [F] 3R
(recall,R) BRI SR | 77 20 1H 5 (GFLOPS) 5 45 £5 i
B(FPS), mAP@0. 5 £7n loU BI{H A 0. 5 - HKE
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16 1 s WARBRI R k. 352 NnF
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p__ TP (s I O AR = i N Ch: N I B ee i O = K 7 (oL
TP+ FP B L A A TR B T R P PR T HE AT I 455 L 1A
R__ P 6) WA EMMtERES. 54 A% A$ Faster-
TP+ FN RCNN. YOLOv8s. YOLOv9s'™ fl YOLOv10s*" 55 ¥
AP — 72J iPRdr = szpz (1 RSB R L SR R 2 R
x2 HitBAREMNER L
Table 2 Comparison with other object detection models
Bk mAP@0.5/%  RWEP/%  HEXR/Y%  HHEE/GFLOPS  Z#(&/m FPS
Faster-RCNN 84. 2 83.2 84.3 — 137.1 6.8
YOLOv8s 91.6 89. 2 82.6 28.7 11.1 93.1
YOLOv9s 91.8 88.9 81.9 27. 4 7.3 98. 6
YOLOv10s 91.7 89.1 82.1 24. 8 8.0 102.7
YOLOI11s 92.1 90. 9 86. 5 21.6 9.5 108.5
YOLO11s-LADH 91. 0 89. 6 84. 8 17.5 7.9 128.2
YOLO11s-EfficientHead 91.3 89. 4 85. 3 19.7 9.0 115. 6
SGAD-YOLO 93.6 92.8 86. 9 19.8 8.8 120. 8
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W2 5 3 Lightweight Asymmetric Detection Head™ Fil
EfficientDet™" M £ %F YOLO11 s 5 I #4 3k 17 00 Ak 1 4%
BB, YOLO11 s LADH E &M+ 22 M3 5 E 4
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Table 3 Ablation experiment

o mAP@O0.5 EfHE  HABE R E E3 8
/% P/ % R/% /GFLOPS /m
YOLO11s( 3£ A5 7 92.1 90. 9 86.5 21.5 9.4
YOLO11s+C3k2f-StripCGLU 92.9 91. 6 87.6 20. 3 8.9
YOLO11s+ AFGCAttention 92. 6 91.3 87.8 21.6 9.4
YOLO11s+ Detect-SEAM 91. 9 90. 5 86. 6 21.0 9.3
YOLO11s+C3k2{-StripCGLU~+ AFGCA ttention 93. 2 92. 1 87.9 20. 3 8.9
YOLO11s+C3k2{-StripCGLU~+Detect-SEAM 92.7 91.0 86. 4 19.8 8.8
YOLO11s+ AFGCAttention+ Detect-SEAM 93.3 91.5 87.8 20. 8 9.3
YOLO11s+C3k2f-StripCGLU+ AFGCAttention+ Detect-SEAM 93. 6 92.8 86. 9 19.8 8.8
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Fig. 8 Comparative analysis of detection heat maps
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Table 4 Comparison of detection performance

on the Roboflow 5 dataset

- mAP@O. 5 K AR JFEE S
/% P/ % R/% /GFLOPS /m
YOLO11s 92.5 92. 6 88.5 21. 6 9.5
SGAD-YOLO  94.6 93. 8 88. 6 19.8 8.8
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