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Improved YOLOvV10 method for human fall detection in cluttered scenes

Guo Li Zhang Xuesong Li Mengmeng Jin Hua
(School of Railway Intelligent Engineering, Dalian Jiaotong University,Dalian 116028, China)

Abstract: To address the issues of degraded feature discriminability, difficulty in recognizing small-scale targets, and
occlusion of key body parts caused by high-dynamic human motion in cluttered scenes, an improved fall detection
algorithm ICI-YOLO based on YOLOv10 is proposed. The contextual attention aggregation replaces the partial self-
attention, achieving global contextual dependency and fine-grained spatial fusion representation. The iterative
attentional feature fusion mechanism is incorporated to restructure the C2f of backbone, strengthening semantic
representation capabilities for critical regions. An interactive feature fusion network integrating interactive convolution
block and cross-scale convolutional feature fusion module is proposed, to improve multi-scale feature fusion capability.
Experimental results demonstrate that the enhanced ICI-YOLO model achieves performance gains of 4. 3% in recall and
2.2% in mAP@0. 5 on the self-constructed human fall behavior detection dataset FALL, while attaining improvements
of 2.0% in precision and 1.5% in mAP @ 0.5: 0. 95 on the public dataset DiverseFALL10500. Compared with
mainstream real-time detection algorithms, the proposed method exhibits superior detection performance.

Keywords: human fall detection; YOLOvI10; contextual attention aggregation; iterative attentional feature fusion;
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AL

1) g $2 T8 B0 A Bk ) 28 25 AR AL IR U 56 0 2 37 5T I
fE 42 W RE J7, A SCLL B R SCHE ATE B ) (contextual
attention aggregation, CAA) 5 # Jk 48 A5 7 B T 0 45 v (1) &8
4y B 1 & 77 (partial self-attention, PSA), CAA & it J5 1]
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2.1 RIEWE

ARHFFEAE Py Torch ¥R 2% S HEL N AT BE BN 25,
R B N 200 epoch, dit b BE K /N Ry 16, 1 1R 2% 21 &
R 0. 01, 5 AR TN 640 X 640, R HI SGD 11k #3
TSk, BANEH SRR S5RESHnE 1
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x1 LIHRIE

Table 1 Experimental environment
2 R 24
BAERGE Ubuntud. 4.0
GPU NVIDIA GeForce RTX 3090
) Intel(R) Xeon(R) Gold 5218R
CPU
CPU @ 2.10 GHz
WA 24 GB
GBS Python3. 9
TR B 5 ) HE 4L PyTorch 2. 0. 1+Cudall. 8
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2.2 RIHIESE P TP )
ARSI R T A R BB AT R 4G T A HE 42 FALL TP + FP
A FFBCHE 4 DiverseFALL10500, o, [ il £ 4% 4 R__TIP .
TP +FN

FALL 2 @ it /it & 2 05 5048t & 0w B, & & T
PaddlePaddle - & [/ FF 538 2 FallDown | i % 3K 15 &
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A BE OGBS A 5O R 55 07 X R EUE 2001k &
LA MBI E LS 7 721 KRG, ARG E
Labellmg T H 58 BUFR E AR 4% AV 3l 15 76 6 803 72 o i 4
TE2E 5 K shERI A 4 2. 3557 (stand) & I (stoop) Y
T Csquat) R (fall) . B4R 0008+ 1 ¢ 1 ¥ L 44 B
X 53 S N 4 5 96 TR A A0 AR T TR AL 1 I 2 5 P g
WAl
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o, YA A B 08 R AR R AE T Oy 1F SR A o 5L BR O IE
FEHY L] 5 4 I 22 0] fsz e A8E TR0 AR 51 i 4 OE 28 AR A Y g
J1 it E AT

HHr, TP (true positive) 27~ 8 1 1R 51 o~ 1F 25 19 k¢
ARErE ,FN (false negative) 378 SR 4 1F 28 (H & gl A5 731
HEEEAE i , FP (false positive) W & 7~ # 12 #1] fy 1E 25 /Y

PR (precision-recall) i £& DL 43 [F] 3R A Ky # 4l , 4 2 1
SNl T ) T AR R 2 R 12 28 1) 1 SF YRS BE Caverage
precision, AP), FEUH 8 i XF iz h 26T Jr K 3047 B0 1T
"HRE., HAXWT .

AP :JIP(Hdr (14)

mAP (mean average precision) J& i & 22 2 51| &6 0 P
REMZE G I8 45 95 T A 28 00 09 7 BORE B2 AP Z FiBR LS
S SR AR A2 B AR R AR T RE 7. Hob e 3R
AEHER AEAXIT

mAP = LEAP,,

n -

(15)

WA, S IF I8 B BB (GFLOPs) ffif #8385
TR SRR,
2.4 HRRZIE

R TEAS SCHR Y B 7 X YOLOv10s P fig $2& A+
YEH , 78 FALL $H8 48 1 6 45 e a8k B B 1F 17 74 il 4y
M. SRS R NE 2 s,

F2 HMEXRER
Table 2 Ablation test results
JF5  IAFF CAA IFFN P/ % R/ % mAP@0.5/%  mAP@0.5:0.95/%  GFLOPs
1 0.793 0.75 0. 826 0.516 24.5
2 J 0.813 0.777 0. 841 0.529 23.1
3 N 0.798 0. 789 0. 845 0.536 27.8
4 N 0. 786 0.796 0. 841 0.529 26. 2
5 NG N 0.799 0. 784 0. 847 0.536 24. 4
6 NG NG N 0. 806 0.793 0. 848 0.536 24. 1

TIGAE IR A BB E RN R B LR T
BRI RGRE S PEfe R B, FLh TAFF BB i i ik & R
B E BT REERS mAP@O0.5 : 0.95 T+ T
2%, mAP@O0. 5 # T+ T 1. 9% , i = F0 5 W] 2 43 5] 42
FT 0.5%H 3.9% ., IFFN £ 7E mAP@O0. 5 fl mAP
@0.5:0.95 fhr LA BHRTE 1.5% M 1. 3%, [F 0 f#
R THE 8., @4 W IAFF 5 IFFN Jr 8, 8 50K )
et — S WA, SR ELEAMELE W REAT
3.4% ,mAP@O0. 5 T 2. 1%, mAP@0.5 : 0. 95 &
FrT 2% HETRIEFT 0. 6%, 7 BB 59§ 54 13 A B
FEAR . BIBUAE GG 3 Fh ok 3R w5 R B B R A9 A DU

+ 208 -

PERE. BRI EE ST 4.3% . mAP@O0. 5 £+ 7T 2.2%,
mAP@0.5: 0. 95T+ T 2. 0% . MEFERIET T 1.3% .,
BItB st — 25 T R, 3= BB AE 07 45 B ke I 14 RE A
[ERiR - R W R R

25 iR . IAFF.CAA 5 TFFN #1314 312 7+ 2k 2046
MM Re BA AR A . =& D[R VE RN A3 & 7 BB Y
Ror 0 A BE L B A SRR T BT B B E TR 4R e oK
W AE B A o AR B A ARG AT 45 v A Rk
2.5 IfLbxI

J T #E— K AE ICI-YOLO 78 A 2k 148 I 4T 55
ROAE B M, 2 0 AE B BCHE 4 FALL A JF 04 4R
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DiverseFALL10500 B A SR KRS YOLO RIISEME  DETR RINVEEIATX G, 413 3 4 FiR,
*3 FALLHEEWILIRER
Table 3 Results of comparative experiments on FALL dataset

HE A P/ % R/ % mAP@0.5/% mAP@0. 5:0. 95/ % GFLOPs
YOLOv5s 0. 806 0.765 0. 834 0.524 23.8
YOLOv5m 0. 810 0.768 0.841 0.533 64.0
YOLOv6s™" 0.791 0. 789 0. 838 0.528 44. 0
YOLOv7s™ 0. 827 0.779 0. 822 0.514 105.2
YOLOvSs 0. 789 0. 775 0. 836 0.528 28.4
YOLOv10s 0.793 0. 750 0. 826 0.516 24.5
YOLOv10m 0.781 0.781 0. 837 0.535 63.4
YOLOv11s 0. 824 0.761 0. 842 0.532 21.3
YOLOv12s™" 0. 807 0.778 0. 845 0. 532 21.2
rtdetr-resnet50 0.795 0. 757 0.798 0.513 125.6
rtdetr-resnet101 0. 807 0.776 0. 805 0.510 186. 2
A3 0. 806 0.793 0. 848 0.536 24. 1

% 4 DiverseFALL10500 #iF & LL SLIG 4 R
Table 4 Results of comparative experiments on DiverseFALL10500 dataset

(e P/% R/ % mAP@0. 5/ % mAP@0. 5:0. 95/ % GFLOPs
YOLOVS5s 0. 880 0. 882 0. 936 0. 747 23.8
YOLOv5m 0. 899 0.861 0. 934 0.755 64.0
YOLOv6s 0. 897 0. 866 0. 936 0.748 44.0
YOLOvT7s 0. 861 0. 874 0. 923 0. 706 105. 1
YOLOv10s 0. 883 0.871 0. 932 0.732 24. 4
YOLOvIOm 0. 882 0. 864 0.93 0.753 63. 4
YOLOvl1s 0. 884 0. 880 0. 936 0. 752 21.3
YOLOv12s 0. 877 0. 876 0. 933 0. 749 21.2
rtdetr-resnet50 0.892 0. 835 0.903 0.699 125.6
rtdetr-resnet101 0.879 0. 841 0. 904 0.702 186. 2
AL 0. 903 0. 865 0.938 0. 747 24. 1

SCIREE IR L AR SO A ICI-YOLO R E FALL
Bl EAHELT YOLOv10s, 7645 5 3R A 4 [n] R _E 43 51 $2
FHT 1. 3% 4. 3 %0, d BH LA K D o 6t 4 Dy T LA RE AR R
LIRS SR SO I B>, [ . mAP@0. 5 F1l mAP@
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Fig. 7 Visual comparison of detection performance between ICI-YOLO and YOLOv10s
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