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Electric vehicle detection algorithm in elevators based on the improved YOLOvVS

Sha Yanyou' Zuo Guanfang®
(1. School of Electronic and Information Engineering, Nanjing University of Information Science and Technology » Nanjing 210044 , China;

2. School of Electronic Information Engineering, Wuxi University, Wuxi 214105, China)

Abstract: An improved algorithm based on the YOLOv8n model is proposed to address the challenge of detection
accuracy for electric vehicles entering elevators in complex scenarios. First, the backbone network integrates the C2f
module with the universal inverted bottleneck structure to form a new C2{_UIB module, optimizing computational
efficiency and reducing parameters while improving global information capture capability. Additionally, a spatial-
channel synergistic attention (SCSA) module is added to the backbone to enhance feature extraction and model
robustness. Second, the neck network is reconstructed using an improved re-parameterized generalized feature pyramid
network ( DSRepGFPN ), which enhances cross-scale feature fusion, improves multi-scale object detection
performance, and reduces computational complexity. Finally, the original CIOU loss function is replaced with
MPDIOU, improving bounding box localization accuracy, especially in scenarios with lighting variations and object
occlusions. Experimental results on an elevator electric vehicle dataset show that the proposed YOLOv8-UAR
algorithm achieves a 2. 5% improvement in mAP50 and a 1. 8% improvement in mAP50-95 compared to YOLOvS8n,
with a detection speed of 94 fps. This makes it suiTable for deployment on edge devices, aligning better with practical
requirements for electric vehicle elevator detection.
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Improved YOLOv8 network architecture
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Table 1 Comparison of different attention mechanisms
0 mAP50 mAP50-95 Params  FLOPs
/% /% /10° /G
YOLOv8 83.8 64.3 3.0 8.1
+SE 83.9 64. 4 3.0 8.2
+GGA 84.2 64.7 3.0 8.4
+ LSKA 84.1 64.9 3.0 8.3
+MSDA 85.1 65.2 3.3 8.8
+DAT 84. 8 64. 8 3.3 8.4
+MLCA 84.3 64.7 3.1 8.4
+SCSA 85.1 65.2 3.0 8.3
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Table 2 Comparison of different IoU metrics

8 mAP50/ % mAP50-95/ %
YOLOv8n+IoU 83.0 63.9
YOLOv8n+ DIoU 83.5 64.1
YOLOv8n+GIoU 83.3 64.0
YOLOv8n+CloU 83.8 64.3
YOLOv8n+EIoU 84. 2 64. 4
YOLOv8n+MPDIoU 84.5 64.7
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MPDIoU fE ky $ 2% o8 5 » X 34 HE B3 e 7000 58 Jn 4% .
mAP50 F1 mAP50-95 43 JI#&F 0. 7% 1 0. 4%, LZRA A
C2f_UIB £ H, SCSA & & J1 ML ilil . RepGFPN 45 4 Al

R3 BHHMIEMIER

Table 3 Comparison of improved ablation experiments

C2f UIB SCSA  DSRepGFPN  MPDIoU mAP50/%  mAP50-95/%  Params/10° FLOPs/G  FPS/fps

83. 8 64.3 3.0 8.1 96
NG 83.9 64. 3 2.7 7.5 110
— J — — 85. 1 65. 2 3.0 8.3 92
— — J — 85. 6 65.7 3.2 8.6 87
— — — N/ 84.5 64.7 3.0 8.1 95
J J — — 85. 4 65.5 2.8 7.8 106
NG NG NG — 85. 8 65. 8 3.0 8.2 96
NG NG NG N/ 86. 3 66. 1 3.0 8.2 94
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Fig. 10 Comparison of mAP curves before and after model improvement
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Table 4 Comparison results of different algorithms in experiments
Al mAP50/ % mAP50-95/ % Params/10° FLOPs/G FPS/fps

SCHk[15] 76.5 58. 6 11.0 22.3 58
YOLOvS5s 78. 6 60. 8 2.5 7.2 112
XHk[16] 78. 4 59.6 2.8 8.4 90
YOLOv6 79.1 61.9 4.2 11.9 68
YOLOvT7tiny 79.3 62.4 6.3 13.2 76
YOLOv8n 83.8 64.3 3.0 8.1 96
YOLOv8s 83.4 64.1 11.1 28.7 52
CHk[17] 85.6 65.3 3.6 9.4 82
SCHkL18] 86. 1 65. 8 3.2 8.2 90
YOLOv8-UARA L) 86. 3 66. 1 3.0 8.2 94
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Fig. 11  Comparison of detection results
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Table 5 Performance of YOLOVS8-UAR on other datasets

LGRS Bk mAP50/% mAP50-95/%
YOLOv8n 63.1 16. 8
Mobility CHk17] 62.8 16. 2
Devices ek 18] 63.6 47.0
YOLOv8-UAR 64. 3 47.5
YOLOv8n 86.3 65. 2
Motorear SCHRE17] 87.3 65. 8
SCHRL18] 88. 6 66. 2
YOLOv8-UAR 89.5 66.7
YOLOv8n 66. 4 48.5
COCO017 Hk[17] 67.2 48.9
CHk[18] 67. 6 49. 2
YOLOv8-UAR 68.7 19. 8
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LR Z2 i g SR ARG I o M AS B 5 R DR A B 4R
TR RN 2 BT Ab 3, DA SR ST L M & k. R, FIH
MobileNetv4 H {38 F 8] i &1 45 # i 1T C2f_UIB f ek
REAR 2 800 [l i 42 o 2 R (5 B 2R e Jr . T 7E =T M %
FR 8 i s (R 0 38 T8 B IR B T ML) SCSA Sk 3 a8 7 32
S SR 7E AL R PSS AR AE 4R BLRE . R R Bk R
WESEAL T LRRE 4 738 M 4% DSRepGFPN >k 44 i
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