g EARMR

ACSI MR T IS T S0 YOLOVSs HUBRE 1T 4 A shi2 Wi Ik ([]. A h -5 (5 B T HE,2024,45(6):29-35.
XIAO Junfeng, DING Peng. Automatic diagnosis algorithm for knee osteoarthritis based on improved YOLOv8s[J].

Automation & Information Engineering, 2024,45(6):29-35.

BT et YOLOvV8s BB XTI X BN TR

MWD T2
LR EAM) RS Mo RAa, 4R M 510000
AR TR E R TRE2AFE, 178 F§E 330000)

PR B o R SECEE NGRS )2 IR A SRR R R R 2 —, TR DU T F06 T 48 225 15
R o B AR R B R . BN I IR ST SIS W BV A DU RS B AR 1, — T st
YOLOvS8s FIRRE T 9 B shi2 Wik . %53 H—Fh St G AR HuE B O s (CBAMD , {25 Bl 58
IoGEBOCT BE I CEE S, Te a0 R IRE B Wk —FdE T 2 RELMEERE /1M Focal Modula-
tion 1B, DAL 1) 2 RO RIERIARE /). SRS R, ZEELE A - PR EE3ME N 0.791, Ak
SEPL TR ST R B B B2 .

T BT 4 YOLOvSs; Transformer; Y72 AL

hESHE: TP2422 YHRFRERD: A XERS: 1674-2605(2024)06-0004-07

DOI: 10.3969/j.issn.1674-2605.2024.06.004 FF R ER

Automatic Diagnosis Algorithm for Knee Osteoarthritis Based on
Improved YOLOVS8s

XIAO Junfeng! DING Peng?

(1.China National Petroleum Corporation Guangdong Sales Guangzhou Branch, Guangzhou 510000, China
2.School of Information Engineering, East China University of Technology, Nanchang 330000, China)

Abstract: Knee osteoarthritis is one of the main causes of limited mobility and physical disability in the elderly. Early detection
and intervention are of great significance for delaying the progression of the disease and improving the quality of life of patients.
Aiming at the problem of low detection accuracy of existing knee osteoarthritis diagnosis algorithms, a knee osteoarthritis automatic
diagnosis algorithm based on improved YOLOVS8s is proposed. This algorithm proposes an improved attention mechanism module
(CBAM) of the convolution module, which enable the network to pay more attention to the key information of knee joint images and
improve the detection accuracy of knee osteoarthritis; Design a Focal Modulation module based on multi-scale linear attention to
improve the multi-scale feature representation ability of the network. The experimental results show that the average accuracy of the
algorithm on the test set is 0.791, effectively achieving automatic diagnosis of knee osteoarthritis.
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