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Multi-scenario elderly fall detection based on an improved YOLOv12

WANG Jianxia, TIAN Nannan, LI Xuan, ZHANG Xiaoming

(School of Information Science and Engineering, Hebei University of Science and Technology, Shijiazhuang, Hebei 050018,
China)

Abstract: To address the problems of a large parameter size and insufficient detection accuracy in complex scenarios for
multi-scenario elderly fall detection, a multi-scenario elderly fall detection based on an improved YOLOv12 was proposed.
First, grouped shuffle convolution (GSConv) was embedded into the backbone network of YOLOv12, while the Triplet
attention mechanism was introduced and the neck network was replaced with the lightweight Slim Neck structure. Second, the
improved YOLOvI12 model was trained and validated on a self-built fall detection dataset. Finally, detection experiments were
conducted on the test set to evaluate the detection accuracy and robustness of the improved model. Experimental results show
that, compared with the original YOLOv12 model, the parameter size of the improved model is reduced from 2.56 MB to
2.34 MB, a decrease of 8.59% , and the FLOPs are reduced from 6.3 G to 5.4 G, a decrease of 14. 29%. Meanwhile, mAP@50
increases from 83.8% to 87. 6% ,» mAP@50-95 increases from 51. 3% to 55. 4%, and Recall increases from 76. 5% to 81.3%.

The improved YOLOvI12 model achieves a favorable balance between lightweight architecture and detection accuracy, providing
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an effective solution for multi-scenario elderly fall detection.

Keywords: computer image processing; YOLOv12; fall detection; Slim Neck; grouped shuffle convolution (GSConv) ;
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Fig. 1 Network architecture of the improved YOLOv12 model
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Fig. 2 Structure of the GSConv module
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Fig.4 DSConv branch structure diagram
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Tab. 2 Comparative experimental results between the proposed model and other classical lightweight models

(7] mAP@50/ % mAP@50-95/% Recall/ % Params/MB FLOPs/G
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YOLOV12n 83.8 51.3 76.5 2.56 6.3
NanoDet-m 81.8 44.1 66.5 0.95 2.9
AR SRR TR 87.6 55. 4 81.3 2.34 5.4
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Tab. 3 Ablation experiment results
FE A g 5 Hom mAP@50/% mAP@50-95/% Recall/ % Params/MDB FLOPs/G
1 YOLOv12n 83.8 51.3 76.5 2.56 6.3
2 YOLOv12n+ GSConv 85.2 50.0 78.5 2.34 6.0
3 YOLOvI12n+ Triplet 86. 8 54.1 77.8 2.57 6.4
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% 3 Hral 1) # GSConv filt A 31 M £
Ja s BIEAE mAP@50 b 83. 8% # T+ = 85. 2%,
mAP@50-95 A TR, N 51. 3% AL R 50. 0%,
Recall A\ 76. 5% 27 & 78.5% ., [E W}, Params H
JRA ) 2,56 MB FEAKE] 2. 34 MB,FLOPs H1 6.3 G
FEMRE] 6.0 G, AR IFRE ., 45 R EW ., GSConv
FEV D TUAR TR TRV B A B8 T T 32 T M 45 9
fiE & 3k B8 77, % 5% 5 Ak B bR ks B A B R .
2) ¢ Triplet 7 & JIHLHI 51 A LA R (14 3= T W 4%
Ji o A ARG DU B AT B 42 W T, mAP@50
83. 8% T = 86.8% .mAP@50-95 H1 51. 3% 4% IF
% 54.1% . Recall B 76. 5% #£F+ = 77. 8%, [F A,
R ) Params M1 2. 56 MB ¥ Jin & 2. 57 MB,
FLOPs B 6.3 G3INZE 6.4 G, #5RFW iz HLH
RE 08 A7 R0 1 98 T 18 5 4 1) 4 B 22 [A) 1Y) R AE A G
P& 2 AR 2 35 0 40 530 B8 7 DA T 4t A A5E AR T B4R
PR B UIRE BE . 3) O ik S ARE AR (1% T 45 4 B 4 hy
Slim Neck %5 {2005 45 ¥4 )5 55 78 76 K i 14 fg
R — 2R F. Hh, mAP@50 i 83. 820 4%
T+ = 86.5% »mAP@50-95 fy 51. 3% T+ = 51. 4%,
Recall i 76.5% #& & & 76. 7%, [6] W, #5 & [y
Params M 2. 56 MB # 1% 2. 67 MB,|fii FLOPs {#4§
TE 6.3 GuEARR K EZ, 4558 F£W, Slim Neck 5
AR e — R LR T 2 R RRE KA
A7 AT SR T RN RE (R /INIR 4R T . 4) e G T
GSConv, Triplet & J1#Lii| 5 Slim Neck % 4 1k 2 #8

5K BB AR PR R E— D BT BUS T & TS bR 1Y
AR . ARSI R YOLOv12n B3, 2 40 i
M 2.56 MB FEAKZE 2. 34 MB, > T 25 8.59%;
FLOPs M\ 6.3 G FMKZE 5.4 G, T 14.29%;
mAP@50 M 83. 804 F+ & 87. 6%, mAP @50-95
M 51 3% THE 55.4% . Recall N 76. 5% T+ &
81.3% . ST, 3 Fh ek i 3R w 7F & (R 40y v 2
A R AF o RAEH

Z& b ik, GSConv, Triplet 7 & F7 #L 4l A1 Slim
Neck % 1 fb 3050 45 44 25 6B AU PE BB 42 TH S e i fb B
PR B AR H . Hodh GSConv £ 8% FEAIK T #5584 11
TUARBECSG TIPS, Triplet VE R 1 HLHI7E A1 s
RUSE e B2 09 BT B2 R W3 $E T 7R RS B2, T Slim
Neck 2 4k 3050 45 #4 W) 38 2 25 #4000 Ak o 38 17 SRR AF il
BRCR, IR RS IURS BE A R SR
Fe FE Z () JRASR T ARV o T 0 32 % 2 B 45 S B g
st semt vk Gt 5l g AR .
2.4.3 [ RALs BT

AR SO Xof 56 TR A B 43 A 118 SR 30 A6 I T 404k
ZEARNE 8 . Hh BT, kAR R R A A 1
B 2 U0 H 2 NP 89 SRR S I s A B Y
EAGEE IR T LR I 25 R A Rk

VEHUREA ] A—REA K D AR N AR A, R
YOLOv5n, YOLOv8n, YOLOvlln, YOLOvI2n,
NanoDet-m N A SCHLRIST AP B AT, 43
TR 5 S Al A 7RG I AT A0 A 1) XoF e 5 R an IR 9 BT



326 wode T B

%43 %

xmmﬁfﬂ=gm

il 06

fall 0.8

FEAKEIA

FEAKB

PEATEC |

FEAKID

YOLOv5n YOLOv8n

b

A8 A UAEA 2 I iE £

YOLOv1In

< piit1_S59:p1

fall 0.6

fallos 3
fall08

oA K0 2R B A T AL 4 R

Fig. 8 Visualization results of the proposed model for fall detection on validation set samples
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Fig. 9 Visual comparison of detection results between the proposed model and other models
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Tab. 4 Detection status and confidence of different models on sample images
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