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Improved YOLOV7 for Fall Detection

ZHAOQO Junjie,ZHOU Xiaojing and LI Jiaxing
Hebei Vocational University of Industry and Technology,Zhangjiakou, Hebei 075100, China

Abstract With the advent of the aging population,it is increasingly important for the elderly to be detected and treated in time
after falling. In order to improve the detection accuracy and speed of the original YOLOV7,a series of improvements are made to
YOLOV7,and a new YOLOV?7 structure, namely YOLOV7-CM] structure, is proposed. Firstly, the collected pictures are pro-
cessed,and some pictures are preprocessed with rotation, brightness and other preprocessing. and calibrated to obtain sample
datasets. Secondly, the CBAM attention mechanism is introduced to enhance channel attention and spatial attention, thereby im-
proving the accuracy of the model. Finally,the original PANet feature fusion in YOLOV?7 is changed to MJPANet, that is,multi-
beating sign fusion structure,and the previous Concat is replaced by weighting,so as to improve the YOLOV7-CM] structure. By
comparing with the original YOLOV7,it can be seen that the accuracy of the improved algorithm is increased by 7. 4 % , the recall

rate is increased by 7. 1% ,and the average accuracy is increased by 7. 1% , which proves the effectiveness of the improved algo-

rithm and better meets the requirements of fall detection.
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Table 1  Ablation experiment
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Fig. 6 Comparison of detection effects

230800039-4



BRA, & B YOLOVT 18 B8]\ 546 T

3.5 Xftbsmg

H AT 2 R 2 > BAR KA Two stage 553 1 One
stage B ¥k . two stage 5352 P WY BEAG I, JL 3 B AL S
R-CNNUH 3 | Fast R-CNNP 8 3 fl Faster R-CNNUPY 8
55 DI B BE BTk BOR R ORY B2 i (ELAG W00 o e 48 L e vk S
SEAF . one stage /& — B BEA L, H R B ALHE SSD 5k
M YOLO B3k — B BEAS I mT LT 48 8 o7 31 % # 0
JIT LG 00 3 3 A b o L 2 sk 30T 48 AT AN W A A A Bt A Y0
S B IR A] T . ST 5 ik Ak AT skt
ASCHH S B AT 3 WA one stage 24 ¥k #E 4T X 1L, B SSD,
YOLOV5,YOLOV? [dl YOLOV7CM] & & #4773 ., 4>
Brasmsk 2 g, WERH I LLEH YOLOVICM] B A fx
T ARG B L U 43 ) %88 SSD, YOLOVSL, YOLOV7T & i
T 7.7%,16%,7. 70 IE T BB E A, YOLOVICM]
B map K5 B A FC R BE YOLOVT #2857 7.7 % . 8] i 11 2 i i)
B YOLOV7 B3k KEw A, Hbi T LS YOLOVT Bk
AT 8L WS, HBR R /ML R 4g YOLOVT B ik # 7Y
A TR, 7E BB U b A 7R B R L 0 i BN R TR R B
IR R S B R D O e - o N TN i e
BN VD & FR S 15 5, BT LA 0 AT PR Bk 480 4G 0 Bt A T R T
S B FE A 1 B R B 0 o A ) IR R R S B, AR
SCrb Y R BT RS B © & ik B 85, 3%, FE AR 3k B A
R,

2 XTHALK
Table 2 Comparative experiment
SR A Map/% Params | % 0t 18] /h
SSD 0.787 91.1x108 3.120
YOLOVS 0. 696 90.5x106 25.314
YOLOV7 0.782 74.8X%10° 30.178
YOLOV7CM] 0.853 76.5X10° 9.132
GEIRAE AR ok B N GO A MR R R DU B, AR

X YOLOV7 #E8 #E 47 7 2t i, 44 2] YOLOV7CM] #1 7
T HATE I HEM YOLOVT B, it A CBAM 1 S HL
1 A A5 REAT R A8 T A 380 K15 B A% B R 2 L O B G R AE
il G o 2 AR WA R (15 IR AR 15 B R 5 B A
Z 1) %%, a4 Concat 45 # BN AL Concat 2544, LL
(5 B M A 2tk o8 . I J5 3 3 50 56 % b & B, Bl ik JE
YOLOV7CM] A5 B b AR s ik i A BB 85 1 7. 4% . 4 [l S 4
BT Y CERE R T 7.1 % U T HE whk [
B, T A BRI LK

2 % x o

[1] United Nations Department of Economic and Social Affairs,
Population Division. World population ageing 2020 highlights:
living arrangements of older persons (ST/ESA/SER. A/451)
[R/OLJ. (2021-07-24) [2021-11-04 ]. www. un. org/develop-
ment/desa/pd/.

[2] GE Y F,WANG L J,FENG W M,et al. The challenge and
strategy selection of healthy aging in Chinal J]. Journal of Mana-

gement World,2020,36:86-95.

[3] HUANG M A,CHEN Y. The status quo and Advice of China’s
Ageing [J]. Economic Research Guide,2018(10) :54-58,66.

[4] ZHENG Y Z,ZHANG S. Review on classification of human fall
detection technology [ J]. Changjiang Information & Communi-
cations,2021(1) :4. 15-18,

[5] XIE H.SHI H Q.QI Y X et al. Spationtemporal Fall Event De-
tection Algorithm Based on Attention Mechanism Subnetwork
[J]. Computer and Modernization,2022(3) ;:70-75,81.

[6] CHENG S H,XIE W R,ZHANG D F,et al. Fall action recogni-
tion based on computer vision [ J]. Acta Metrologica Sinica,2022
(43):107-113.

[7] XU W,LIAO Y K. Design and Research of Fall Detection Sys-
tem for Empty-nesters based on YOLOv5 []J]. Software Engi-
neering,2023,26(2) :40-45.

[8] WANG C Y.BOCHKOVSKIY A,LIAO H. YOLOv7: Trainable
bag-of-freebies sets new state-of-the-art for real-time object de-
tectors| EB/OL]. [2022-07-06 ]. https://arxiv. org/pdf/2207.
02696. pdf.

[9] JOCHER G. Yolov5[ EB/OL]. (2020-08-10) [2020-08-10]. ht-
tps://github. com/ultralytics/yolo-v5.

[10] EIFWING S,UCHIBE E,DOYA K. Sigmoid,weighted linear
units for neural network function approximation in reinforce-
ment learning[ J]. Neural Networks,2018,107:3-11.

[11] ZHANG X D ,ZENG H.GUO S,et al. Efficient Long-Range
Attention Network for Image Super-resolution[]]. arXiv:2203.
06697,2022.

[12] WOO S,PARK J.LEE J Y,et al. CBAM: Convolutional block
attention module[ CJ // Proceedings of the 15th European Con-
ference on Computer Vision. Munich:Springer,2018.3-19.

[13] FU J,ZHENG H,MEI T. Look closer to see better; recurrent
attention convolutional neural network for fine-grained image
recognition C] / IEEE Conference on Computer Vision &. Pat-
tern Recognition. 2017:4476- 4484,

[147] HU J,SHEN L,SUN G. Squeeze-and-excitation networks[ C]//
IEEE Conference on Computer Vision &. Pattern Recognition.
2018:7132-7141.

[15] WANG F,WANG L,ZHANG R L,et al. Pedestrian Detection
Algorithm Based on Fusion FPN and Faster R-CNN[]]. Journal
of Data Acquisition and Processing,2019,34(3) :530-537.

[16] LIU S,QI L, QIN H F,et al. Path aggregation network for in-
stance segmentation C] // Proceedings of the 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Salt
Lake City:IEEE.2018. 8759-8768.

[17] NIU Z Y. A review on the attention mechanism of deep learning
[J]. Neurocomputing,2021,452:48-62.

[18] PADILLA R,NETTO S L,DA SILVA E A B. A Survey on Per-
formance Metrics for Object-Detection Algorithms[ CJ // 2020
International Conference on Systems, Signals and Image Pro-
cessing(IWSSIP). Niteroi,Brazil,2020:237-242.

[19] GIRSHICK R.DONAHUE J,DARRELL T,et al. Rich feature
hierarchies for accurate object detection and semantic segmenta-

tion[ C] // Proceedings of the IEEE Conference on Computer Vi-

230800039-5



Com puter Science FFEHLEIY: Vol. 51,No. 6A, June 2024

[20]

[21]

[22]

[23]

sion and Pattern Recognition. Columbus, OH, USA,2014:580-587.
GIRSHICK R. Fast R-CNN[ C] // Proceedings of the IEEE In-
ternational Conference on Computer Vision. Santiago, Chile,
2015:1440-1448.

REN S,HE K,GIRSHICK R,et al. Faster R-CNN: Towards
Real-Time Object Detection with Region Proposal Networks
[J]. IEEE Transactions on Pattern Analysis and Machine Intel-
ligence,2017,39(6) :1137-1149.

LIU W,ANGUELOV D,ERHAN D,et al. SSD:single shot
multibox detector[ C] // Proceedings of European Conference on
Computer Vision. Washington D. C. , USA: IEEE Press, 2016:
21-37.

GE Z.LIU ST.WANG F,et al. YOLOX: Exceeding YOLO Se-

ries in 2021[J7. arXiv:2107. 08430,2021.

[247 REDMON J,FARHADI A. Yolov3:An incremental improve-
ment[ ] ]. arXiv:1804. 02767,2018.

[25] BOCHKOVSKIY A,WANG C Y,LIAO H Y M. Yolov4: Opti-

mal speed and accuracy of object detection[ ]J]. arXiv: 2004.

10934,2020.
ZHAO Junjie, born in 1989, master, lec-
— ture. His main research interest is
- image recognition.

258

230800039-6





