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Abstract: Multi-modal neuroimaging technology provides crucial technical support for the early and precise
diagnosis of Alzheimer’s disease (AD). However, due to the inherent heterogeneity in imaging principles
and feature representations across different neuroimaging modalities, the fusion of inter-modal information
poses significant challenges. To address this issue, this study proposes a multi-modal fusion network
(MFN) based on a 3D ResNet architecture for the early auxiliary diagnosis of AD. The proposed method
first employs a 3D ResNet to separately extract feature representations from T1- and T2-weighted

magnetic resonance images. Subsequently, an innovative cross-modal feature integration module (CFIM)
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is designed to overcome the limitations of direct concatenation. CFIM adopts a hierarchical fusion strategy,
consisting of global information fusion module, local feature learning module and key factor module.
Finally, the fused multimodal features are fed into a fully connected neural network for classification.
Compared to early concatenation (fixed-weight fusion) and late fusion (shallow aggregation) , this strategy
more effectively identifies disease-relevant diagnostic features. Experiments conducted on the Alzheimer’s
disease neuroimaging initiative (ADNI) database demonstrate that the proposed method achieves higher
accuracy and superior performance in AD classification tasks compared to existing approaches. Ablation
studies further validate the effectiveness of each module, offering new technical insights for multi-modal
neuroimaging analysis.

Key words: Alzheimer’s disease (AD); 3D multi-modal fusion network; magnetic resonance images; cross-

modal feature integration module; deep learning
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Fig.1 Flow chart of the proposed multi-modal fusion classification algorithm
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U 9 3R 5070 S AN AL 8 U T R 25 40 45 5 R M 2 L 3 PR B 5 7 5K L 1B i 1 5 S UL R AR SRR AR X B
FRARAE T2 RS I T W X R o A2 T, TTALAS B A8 I W 7 B g 5 2548, (5 AD R
20 ok 45 F A (A B 3 Vi T AR SE 4 ) 76 T 1 R v X b B 500, L 4 i 31 P PAY 1) 5 ) P AR A A e T, A
T A T R R SE 0 TR A i A s R A 1 L0 8 1 A R Ak o 3 RI I PR BRLRRAIE 5 B B
B 22 5, SO T2 A6 25 i 45 75 Rl TR v 3 41 AD SB35 1 S0 A8 15 5, DA i 4R 45 5 4 9 4%
FROR Al 2 RS B AH LG (8 P SRS B T A B T AR T I A e U R AR SCIR] B XA [
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() Falt A3 D7 T 2R AT T TS 58 o R L v A B [ R R 4 A il O R 2 1) 4 AR
b 359 Y AN ) R B 1) T B, SC e 2 SR SR I IR i FH 22 b il 65 Oy 1 T AR AR B AR R PERE . AN T GIF
FLFL (P R A K F 18] el B sk 30 5 v , 3 AT RE 2 H 1 4 Ja A1 JR) 35 1) B A 3, mT DA 280l 42 55
W25y AP RE . X T LEL B B RN £, B E TG A [3X3X3,1X1X1,2X2X2] HE
B:[3X3X3,5X5X5,7X7X7] #HA C:[1X1X1,3X3X3,4X4X4]FH4 D:[2X2X2,4X4X4,
66X 6]3X 4 FpJr 58 , 76 ADNIEHE 4 AT B0 /R g B0 20 RAT 55 90 . LR 4 R R A& ATE
ACC .SPE #ll SEN 45 Z Hitfg br b 00 T H AW &, HERH 5 5] 93.800, 44 B .C D 1y 5 & HE ) 5253
ok 84.5% .85.8% .83.1% .

R3 TREIELR WK RERI M

Table 3 Influence of different modulus on network performance

%
e -

S AT % s ik ACC SPE SEN

T1 T2 GIF LFL KFM
N N N J 74.2 73.5 74.4
N N/ N N/ 76.7 77.1 76.4
AD/CN N N N N 84.6 85.0 84.5
N N N N 81.5 81.4 80.8
N N N N 86.7 86.4 86.0

3 H#RIE

A T —FOR 9 2R G o BT T AD R 2 W, R JE T 3D ResNet18 (198 1 ¥
2R I Z RIS R AIE , 38 2ok 5 B R AR AR R B b (1 22 Jmy 15 B Rl G BE L (GIF) Ry B A AR 2% > B8 (LFL)
DL K S R R AR (KFM) = A PR A 30 G Z B8 BHR R IR 3 58 T N2 R i RS 7E 2 2] 24
D5 T R AFE R 7R o ADNIEUE 195256 R W1, A SO AR AD 2 WA G 1Y 23 248 55 v e 1 HoA 5 vk

TE T Tl 52 38 38 43, ¢ 30 20 #5528 IRTAB 0% T o ff o3 28 8 T AR R L X PR T 1A MRT N 8 &
IR A ik 750 5 6 20V, R TE AT SR AD A8 S ML R £1% 5 A4 B SO VAR B R | D L R R A G B G X £ A
FRGE /N I S5 %5 B R AIG , {HL T 1 ABE 285 % 28 SUAR0OUR o 341 10 50U P 5 AT, e A B SO TR 031 ot R o 300 ) 40 5 g 22
AL o T2 AL MRT I 25 2305 7K e 78 A e B2 SURR , AT A R 42 AD JR A Il N B B s 5 5 /8 Il 4
9 718 % Jmy B A& RE N AR AR AE X SEARAE 5 AD B 2R AT PEAR il 45 R 3R U IR T B VIR OG , HR
BT WA S5 ZE 40 B SR, T2 B2 19 25 [] 43 P A8 B, 0T ik 300 285 19 1) A A o (62 BE 0 55 T T1 AR
Ao A B — B 3B sl a7 S5 O vk Can R0 PR 0 IR G ) Jo ik Ay R HE WA I B AN AU T
A RE I R 0T RO AR L A T2 3k LUK i 2 037 28 4 1 X5 10 CFIML @ i 3 SR B i pIp [ 5231, 52 30 1 %
P A 25 R 9 R B 5 ——GIF (194 R 1 28 LT T SR AR B A ZE 4 (T S B & 5 5 (T2) %8
] SCHK , LFL 1Y 22 ROEE 45 FURE [6) I 4l 92 T 1 /) 4544 40 15 R0 T2 (4 Jay BB A% 5 S, KIE M U2 4 O Bl 45 49
ZGF X B RS S R A . X RS AU S T RS B9 AR AR B A RS T T TE G R
AR T T AD B T A

TEFFAE R A b MUSAN B ZS 7 3, B8 245 3040 {50 1 8 — o I (S A T1 MIRT [l 4% 8
T2 MRIE&) 0 1L Z BS54 % 4 T1. T2 JOE B+ % 58 2 49 4 (Positron emission computed to-
mography, PET) % Z (5 8 , g Fr ik 48 1 A R, 20 SRR WA I 28 A8 50 5 78 2 A 50dE



920 R E B L Journal of Data Acquisition and Processing Vol. 40, No. 4, 2025

A L T 7 SO Y A B R 2 A BB B, Wang 2511V A T sMIRT L I PR 455 11 11 38t %ﬁuf&”ﬁﬂi}‘/ﬁﬁﬁ
T MCIIa] AD By 3 5% Ak B EHG FTIG RAE B8 T A 8] 28 8 A 5048 , =78 A9 RRAE DGR3 B2 2% L i
1F PF 4 5 7 PR AT R AR Rl A L S R AT R U, W] e X 2 AR 1A B RS R R 4 X’EUT@%’KIIEH::M,
Tang %145 fdi ] SDCNN 2 $2 B 22 4 25 5008 9 47 40, SR 5 48 FH Transformer f4 4 5% 2§ Bk $2 J4% Rl 4
fEZ 1) (4 52 FAR B T 328 AR L T A SCOT i T T QRV LT A LFL A KFM B8, X 4
TIE 4 Jry B4 18 15 DQ B A5 8 AT AR Ml B IR, DT AR T 6F A D 95 119 43 B 5

SR, AW AN AFAE SR BRVE R T — L IR R S Ty 1] o SEBRIm IR 3 5, 2 818w L 4R iR
(MRI) 0 Hs SR 2 BUAS w8 i P 2 2%, R T 550 30k A 3 R M 5 780 o 340 32 5 S B Pk 5 SR A7 A 22 BE , AR
FEALR G T1 5 T2 B EE , KRR AT A PET %l , iff — D42 7+ AD 5 38 bR 38 W0 09 4 12 68 07 , 38 i 5 A5
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