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YOLOvVS8-LPE—a gas mask wearing detection
method for industrial scenarios

ZHU Yi, WANG Bangrong, WANG Jun” , XU Xiaofeng
(School of Computer and Information, Anhui Polytechnic University, Wuhu 241000, China)

Abstract: Gas masks are a type of individual protective device, and the correct wearing of gas
masks plays an important role in industrial safety, public health and personal protection in
military field. Due to the pervasive issue of industrial pollution in recent years and the fre-
quent occurrence of public health incidents, to ensure that gas masks can be correctly worn
has become a pressing research topic. To more efficiently and accurately detect the wearing
condition of gas masks, an improved model based on YOLOv8, named YOLOvS-LPE is pro-
posed. LLSKA is integrated into SPPF to enhance the semantic fusion effect between different
feature layers, then P2 layer is added to assist in detecting small targets on the basis of the
original three detection layers, and finally EMA module is added to enhance the model’s fea-
ture extraction ability for small targets. Without significantly increasing the parameters and
Flops, YOLOvVS-LPE achieves a 3. 5% increase in mAP@0. 5 @ 0. 95 compared to the base-
line model, reaching 60.5% ., and surpasses the current common algorithms in the field of
object detection, which has practical application significance.
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2. 3% s mJE I EMA #8t5 . YOLOvVS-LPE F IR mAP@O0. 5 Fl mAP@0. 5 : 0. 95 43542 5
T 5. 2% M 3.5% . Z& LRk, YOLOVS-LPE 7& #: I B 7 i ELAm s % 0 i A0 4% T YOLOvSn 2Rl 3%
PR B ) ST ARG E L SIE I T AR SC R B AR R B S E Rl AT

R2 HBMIEEAR

Y P R F, mAP@0. 5/ % mAP@0. 5 : 0.95/%
YOLOv8n 77.2 76.0 76.5 80. 4 57.0
YOLOv8n+LSKA 78.0 77.6 77.8 84.9 58.3
YOLOv8n+P2 72.5 78.4 75.3 82.3 57.9
YOLOv8n+EMA 80. 1 75.7 77.8 83.6 57.5
YOLOv8n+LSKA+P2 74.6 85.0 76. 2 84.5 59. 3
YOLOv8n+LSKA+EMA 78.0 75.3 76. 6 84.3 58.5
YOLOv8n+P2-+EMA 79.6 75.5 77.5 83. 1 58.0
YOLOv8-LPE 78.9 79.2 79.0 85. 6 60. 5
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KT 2B EIE YOLOvVS-LPE A8 (4G 5 6 5 H A H Ak i sl b iz 172 H R AR
PEH Faster R-CNN, RetinaNet, YOLOv5 41, YOLOv7tiny 1 YOLOvVS R FEA7 X He o X He 52 56 4%
W3, 3 ALE B AR A YOLOVS-LPE M8 T [iRBE B AMUS BRI E 3. 20X 10° 3t
BRACH 12,5, H mAP@0.5 ¢ 0.95 th23k%] T 60.5%. i3 (Frames Per Second, FPS) i X #H %5
YOLOv8n JEARIREAR T AHAA 170, 3 /& SEPR{E R 2K, SLIR 25 R W], YOLOVS-LPE B3 H T B 8 1
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st mAP@0. 5/% mAP@0. 5 : 0.95/% GFLOPs FPS Params/10°
Faster R-CNN 83.7 55. 3 322. 34 20 41.15
RetinaNet 83.7 54.0 331. 00 21 36. 23
YOLOv5m 81.5 56. 9 47.90 110 20. 89
YOLOvS5! 85. 1 58.3 107. 70 70 46. 16
YOLOv7tiny 83.5 55.3 13.20 526 6.03
YOLOv8n 80. 4 57.0 8.9 357 3.16
YOLOv8s 85.0 59.0 28.8 154 11.2
YOLOvS-LPE 85.6 60. 5 12.5 170 3.20
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