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The algorithm for detecting abnormal behaviors of elevator
passengers with improved YOLOv11
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Abstract: In response to the safety risks associated with abnormal passenger behavior in elevators, an enhanced anomaly detection
model, YOLO_LP, based on YOLOv11, is proposed. First, a novel feature extraction component, CSP-PTM, is incorporated into the
backbone network. This component enables powerful local and global feature extraction, significantly improving the model’ s detection
accuracy. Next, a contextual information fusion module is introduced to enhance the feature pyramid network. This approach reorganizes
feature information through a weighting mechanism, effectively improving the discriminative capability of the feature maps. Additionally,
the wise intersection over union loss (WIoU) function is employed to address class and size imbalances, further enhancing the model’ s
accuracy and convergence speed. Finally, a newly designed LDH detection head replaces the original, resulting in a lightweight network
model. Experimental results demonstrate that the improved model achieves an accuracy of 90.4% in detecting abnormal passenger
behavior in elevators, 3. 5% higher than the baseline model. Furthermore, compared to the YOLOv11n model, it shows improvements of
2.9% and 2. 1% in mAP@0. 5 and mAP@ 0. 5:0. 95, respectively, while reducing the number of parameters and computational load by
10% and 17%, respectively. These findings highlight the superior performance of the YOLO_LP model, which meets the accuracy and
speed requirements for abnormal behavior detection in elevator cabins.
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Table 1 Data augmentation methods for enriching datasets
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Fig. 6 Sample images of LC dataset
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Table 2 Ablation experiment results

Baseline ~ CSP-PTM  CIFM  LDH  WIoU  Precision Recall ~ mAP@0.5 mAP@0.5:0.95 Z:¥H/(x10°) 5 &/ GFLOPs
Vv 0. 869 0.823 0. 863 0.528 2.58 6.3
VvV Vv 0. 885 0.838 0. 881 0.541 2.46 6.2
vV vV 0. 878 0. 831 0. 875 0.537 2.74 6.5
Y vV 0. 858 0.816 0. 856 0. 521 2.28 5.2
Vv 0. 883 0. 841 0. 876 0.535 2.58 6.3
VvV Vv vV 0.892 0. 844 0. 887 0. 545 2.61 6.3
vV Vv Vv vV 0. 886 0. 836 0. 882 0.543 2.31 5.2
vV Vv 2 Vv 0.904 0. 853 0. 892 0. 549 2.31 5.2
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R18 RT-DETR-R34) #E47 X Hb 3286, SC G 45 F sk 3 iF
N B2 3 AT B HES AY YOLO_LP BEADKE BE A %) T
90.4% B T H LM% YOLOvlIn 427+ T 3.5%, 1F

mAP@ 0.5 Fl mAP@O0. 5 : 0.95 485 _F 400 T HAb X} 1t
MR IR AE 7 1% G, YOLO _LP 455 70 (it 2 %0 i
FHE AL N 2.31x10° Fil 5.2 GFLOPs, %5 HAt A I A7 25
AL, TP ET Transformer ZE44 3 RT-DETR #5551
BIRTERRG R 828 YOLO_LP #a7 (H H g R iy 2:
BRI R S ER E R, &b, MR
YOLO_LP fAIGEAE A BT B (RS BE | S 40 Fiit o
&P TR LR AT RE , IR A SE BRI 7R
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Table 3 Comparison experiment results of different algorithms

A Precision Recall mAP@ 0. 5 mAP@ 0. 5:0. 95 SR/ (x10%) R/ GFLOPs
Faster R-CNN 0. 825 0.779 0.811 0.476 63.2 370
SSD 0. 802 0.758 0.782 0. 436 12.3 63.2
YOLOv5s 0. 856 0. 801 0. 842 0.503 7.0 15.8
YOLOv8s 0.875 0.833 0. 869 0.529 1.1 28.4
YOLOv10n 0. 832 0.774 0. 817 0. 483 2.7 6.7
YOLOvlIn 0. 869 0.823 0. 863 0.528 2.58 6.3
YOLOv12n 0.871 0. 820 0. 859 0.517 2.6 6.5
YOLOv12s 0. 894 0. 831 0.877 0.535 9.3 21.4
RT-DETR-R18 0.891 0. 837 0. 885 0.533 20.0 57.3
RT-DETR-R34 0. 897 0. 841 0. 887 0.541 30.0 92.6
YOLO_LP 0. 904 0. 853 0. 892 0. 549 2.31 5.2

3.6 Wi RATIL L IRBE DA LGP 5 T 4 4 5k B R, 400k B YOLOv1 In

TR AR FE L LC 4 R Rl e F % R RT-DETR-R18 ,YOLOv12s A it 5 i) YOLO _LP #& 7Y i
BT ARG, SEOE R R, B Eis Mt AT R IIEERANEE 7 PR

fight 0.46

fall 0.52 W
£
)
YOLOvlIn YOLOv12s RT-DETR-R18 YOLO_LP
IR Rl RN

Fig. 7 Visualization of detection results
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