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Abstract: Aiming at the problems of low accuracy of multiple classification in Knee osteoarthritis (KOA)
and insufficient feature extraction of knee joint images, the 3DRes-ViT network model based on multi-
modal fusion was proposed in this paper. Firstly, the 3D Convolutional Neural Networks (3D CNN) is
designed to extract the 3D shallow features of the two magnetic resonance imaging (MRI) sequences re-
spectively, including dual echo steady state (DESS) and fast spin echo (TSE). The study found that the
two kinds of information are complementary, and then these features are fused. Secondly, the dependen-

cies among the fused feature channels are captured by the Efficient Channel Attention (ECA) module and
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fed into the Vision Transformer (ViT) encoders, which combines the advantages of 3DCNN and ViT to

efficiently aggregate the local and global features of the two modalities. Finally, the output of ViT is then

fused with the X-ray image features extracted by the 2D convolutional neural network (2D CNN) to fur-

ther enhance the classification performance. Experimental results show that our method performs excellent-

ly in the KOA four-classification task, with an average classification accuracy of 91. 2% , an average preci-

sion of 91. 6%, an F1 score of 0. 914, and a reduction of the average absolute error to 8.8%. The pro-

posed model surpasses the mainstream methods in the current field and significantly improves the multiple

classification accuracy of knee osteoarthritis.

Key words: medical image processing; deep learning; knee osteoarthritis; multi-modal fusion; X-ray;

magnetic resonance imaging; vision transformer
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Fig.7 MRI slices cropping example
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Slice 140
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(b) COR IW-TSE slice sequence
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Fig. 8 MRI slice sequences
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WOt R AT Fe /D - e R — A6 Z-score b #E AL,
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Tab. 2 Slice parameters after preprocessing

MRI acquisition Slices size Nb. of slices Crop size Scaling ratio Removed slices
SAG 3D-DESS 352X 352 160 160 [1,1] [1:40];[120,160]
COR IW-TSE 352 X352 35 256 [0.625,0.625] [1:12];[23:35]

4.2 SHEIZESITEMIER

SCETE— A PERE MO DELL TAE o b 4T,
% T A 35 it % NVIDIA GeForce RTX 3090
+, # 2 Intel Core 19-13900K &b P %% , 3= 45 N
5.80 GHz, # {E & %t ° Ubuntu 20.04.6 LTS,
ffi J§ Python 3.8.01# & , % T Pytorchl. 10. 0 #%
VR 2 ) 4% R TR AN R 2O R AR 22 )
B AN SF- 4 0] F85, SR F Focal loss 1 2k B (y=
2), JEAE YNy izh v (8 FH AL B AL R R 1447 R
BE A0 P45 SOk R e i LA A . 1 Ad-
am Ik 2% , B BEI 1< 10 ¢, #HE AL B RN K 8,
W24 2] 3R oA 12X 1071, 22 2] R H 54 epoch, 1]
25 Ak 100 epoch,

KRy O ATEUHE 45 45 28 B RE AR 43 A AP, oK
b A A SCHR AR B 4 2R PR BE L OF 5 A
HH S A AR 5 A8 SR AT X6 B S 38 E A R (Av-
erage Accuracy, AA) , V- K 2% (Average Pre-

cision, AP) , -3 F1 43 £ (F1 Score, F1) fl°F- 2
26 %} % 2% (Mean Absolute Error, MAE) 4 4~ 8 #5
PEATVPAL o TE IR RZ Wb B IR 5G9 118 55 2R )
AR A G (N 1 9 R F R 2 9%) 1Y ™ L G
R T 5% 4 g AH 22 0 i S G (I AN 1 iR A O 4
K)o PR, AORE 4 G i M AR Sl ME— 1 P4 R
PRSI, 75 2R H MAEFE N &7 KL %4
O RVPAG 0 5 — AP R AR . R I R AR

XA R AT
AA :%Ef,, IP+ZiiI«T¥+ T, ¥
AP:%Zf;l%, (6)
F1=é2j‘lm, (7)
MAEZEZZ_':I‘y/—y,‘, (8)

n
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J T B0 E 3DRes-ViT £ 1525 fill A 43 2 W 2%
B A RO R AT T O S 45 5
F3Wim . LA 3DRes M 45 Ry SEAl 11505 . Net

workl: 3DRes Xf SAG 3DDESS #F 47 8 #5 25 43
%5 ; Network2: 3DRes X COR IW TSE i 7 &
4525 s Network3: 3DRes W 2% X A 25 MRI 7%
JZ R AE 3 47 b & 4325 ; Network4 : 3DRes-ViT ¥
25508 T RS RRAE R AT Rl G 4325, R A 3D ECA
i ;s Network5: 7 Networkd i L6l B X4 T
Xt FEAE 32 B 2% (AN 3D ECA B8k ) 5 Net-
work6: 7E Network5 B9 £ i - hn A 3D ECA #4%
B, RIAS SCHE H I

R3 HMIEER

Tab.3 Results of ablation experiments

Model Data ECA AA AP F1 MAE
Networkl SAG 3D-DESS X 0.677 0. 580 0. 604 0.367
Network?2 COR IW-TSE X 0.679 0.599 0.599 0.345
Network3 CORIW-TSE, SAG 3D-DESS X 0.729 0.709 0.717 0.275
Network4 COR IW-TSE, SAG 3D-DESS X 0.847 0.809 0. 825 0.164
Network5 COR IW-TSE, SAG 3D-DESS, X-ray X 0.889 0.892 0.890 0.112
Network6 CORIW-TSE, SAG 3D-DESS, X-ray N, 0.912 0.916 0.914 0.088

Network3 # SAG 3D DESS 5 COR IW
TSE W /455 245 1) R iE BF 42 JE AT 43 28, ME 1 %
K 0 % R F 14y 300 16 T Networkl 43 i 2 7+ T
5.2%,12.9% ,11.3% , MAE F& K 9. 2% ; # b
F Network2 4 5l $& J+ 5. 0%, 11.0%, 11.8%,
MAE B 7% o AT LA 8 95 B0 AR 5] 1 MRT
Jr 50 45 2 1 2 R AE S A7 fl G T DL R R
)43 25 P fiE . Networkd ffi i VIT % 75 &% X 9
A~ MRIJT 31 il 45 &5 09 e AF 0F 17 4 = 22 B, A He
T Network3 Y 1 i 5, K 0 58 1 F 1 53 %053 5
BT 11.8%, 10.0%, 10.8% , MAE ¥ {
11.1% . Network5 51 A T X Ot ¢ i £2 B 2%
AH HF Networkd #fE i R & 7+ T 4. 2% , ik B #@l
B XGRS B IR R AE AT DL E— 2B 4R T 4y 2
P fE L /N MAE . Network6 7& ¥ > MRI F¢ %1l
By Fl A R AR GR A VIT S i 2% Z HT A T ECA
TR B AT 4 E B AR S L g — B
Ty R L TH R S5 A5 R 9
7R o

PO JH Rl s 9 45 SR X L

Fig.9 Comparison of ablation experiments

4.4 XHEEWEHH

9 T B UF 3DRes-ViT LA 947 0, 5 HiAlh
KOA Z 5r BBRV AT T S50 % e, o 43 4% 3D
CNN" , Multi-Input 2D CNN" | ViT'"" | Fusion
Model' 1 Deep Knee Explainer™ , A [] #% % f)
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Fig. 10 Comparison of classification evaluation metrics

for different models

BEAh 75 3% 4 iR X L TR R & 2% B RS 4T
BOR 5 H A SRR A L, 3DRes-VIT 315
R e R EBITRE AR, BN
A rERR Rt

K 11 7R T 3DRes-ViT B4 28 18 W 46 14,
EHBEN S REUSRER 49N, BRERE
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Confusion matrix

600
Normal 35 0 0
500
2 Mild 40 28 0 400
[E =}
=
g 300
[_‘
Moderate 1 17 223 2
-200
Severe 0 0 4 53 100
; -0
Normal Mild Moderate Severe

Predicted label
11 3DRes-ViT {4 B4
Fig. 11 Confusion matrix of 3DRes-ViT

R4 FRBHHFENLIEER

Tab.4 Experimental results of classification with different models

Params FLOPs

Model Data AA AP F1 ~MAE
(M) (G)
3D CNN'™ SAG 3D-DESS 0.680 0.689 0.683 0.291 33.16  23.63
Multi-Input 2D CNN X-Ray 0.771 0.819 0.783 0.221 4.45 6.23
ViTH" X-Ray 0.821 0.762 0.782 0.216 86.65 16.86

Fusion Model"*
Deep Knee Explainer'”’

3DRes-ViT

X-Ray, SAG 3D-DESS, Clinical data ~ 0.838 0.804 0.802 0.187 46.44  25.46
X-Ray, SAG 3D-DESS
COR IW-TSE, SAG 3D-DESS, X-Ray ~ 0.912 0.916 0.914 0.088 69.09 127.28

0.903 0.882 0.890 0.104 79.49  30.52

5 % »

ARSCHE W T — B BT Z B RLG 1Y 3DRes-
ViT WA 8, F T KOA By DU 43 254E 45 . %A
T 26 X4 T MRT G E 47 R B 14 790 Ak 22 A
FRIE$E 0, A 30 45 4 3D CNN A VIT i34,
EPEE T KOA M- KRR, LREER IR,
3DRes-VIT BB 7E 73 24T 55 h REUE =, ¥
BRI T 91. 2%, PR # % 91. 6%, F1 41

R 0. 914, - 4y 4 % % 22 [ 2 8. 8%, UE I T 4%
RUTE A P AT 2% I 2 RGBSR O T 5 KB T . 4R
I, AR ABAEAE— s R R . oo R A A
(43 S A M S AR v A OB A e B e v, X
A A AU M DA AR B R AZ BRI 1B 46 LR . A T o
IR 3 — ] R, A% Sk 14 BIF 90 44 HR R A et A A TR 2y
il il FH VAT A e o Ak AR B, 25 iR 4 B 1
3D CNN B, i 1745 Y B A% 4 DA RS AR 11550 4
MNAET R HEAh A58 A R X 04 5 AN - flir
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