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lenge in global public health in recent years. With the acceleration of global aging, the incidence of AD continues to rise,
which places tremendous pressure on medical treatment and caregiving. The main characteristic of AD is the gradual
decline in cognitive functions, particularly memory, language, and decision-making abilities, which are often accompa-
nied by irreversible neuronal loss and brain atrophy. As the disease progresses, it becomes increasingly difficult to differen-
tiate AD from other types of dementia, which makes early diagnosis more challenging. Therefore, early diagnosis is crucial
for timely intervention and personalized treatment plans, as it can effectively delay disease progression. Currently, clinical
diagnosis of AD typically relies on neuropsychological assessments, biomarker detection, and neuroimaging techniques.
Among these approaches, positron emission tomography (PET) and magnetic resonance imaging (MRI) are the most com-
monly used imaging methods to evaluate the brain structure and function of AD patients. PET provides information on brain
metabolism and amyloid plaques, while MRI offers high-resolution structural images that can reveal brain atrophy and other
neuroanatomical changes related to the disease. However, the two imaging methods significantly differ in various aspects,
such as resolution, contrast, and spatial alignment issues. As a result, existing artificial intelligence (AI)-based diagnos-
tic models often rely on single-modality data, particularly MRI images. This reliance limits the full utilization of multi-
modal information and restricts further improvements in classification performance. To address this issue, this study pro-

DenseMamba. This model

poses an early diagnosis model for AD based on multimodal imaging data (PET and MRI)
combines the advantages of both imaging modalities, which overcomes the limitations of traditional single-modality meth-
ods. The model adopts a state-space model-based framework (Mamba) to effectively extract and fuse heterogeneous modal
features, which achieves more robust classification performance. Method The DenseMamba model uses multimodal PET
and MRI imaging data as input. To effectively integrate the two types of imaging data, the model first performs initial fea-
ture extraction through a convolutional layer and an activation layer. The extracted features are then passed through several
alternating Denseblock and TransMamba modules for further local and global feature extraction. The Denseblock module,
with its dense connection design, enhances feature learning capability by facilitating feature reuse across layers, which
effectively mitigates the vanishing gradient problem in deep neural networks. This dense connectivity helps capture com-
plex patterns and dependencies within the data. By contrast, the TransMamba module focuses on capturing global feature
representations, modeling long-range dependencies within the data, and effectively integrating cross-space and -time
related information. After multiple rounds of local and global feature extraction, the final features are processed by a classi-
fication head (composed of fully connected layers and a softmax output layer) to perform the multi-class classification task.
The final output is the predicted category for each input image , which indicates whether the patient is classified as healthy
control, mild cognitive impairment, or AD. Result To validate the effectiveness of the DenseMamba model, extensive
experiments were conducted using the publicly available Alzheimer’ s disease neuroimaging initiative (ADNI) dataset.
This dataset includes multimodal imaging data (PET and MRI) , and the imaging data have been preprocessed to ensure
alignment between PET and MRI images. Experimental results show that the DenseMamba model significantly outperforms
traditional single-modality methods; specifically, it achieves an accuracy of 92.42%, precision of 92.5%, recall of
92.42%, and an F1 score of 92. 21%. Conclusion DenseMamba provides an efficient and accurate solution for the early
diagnosis of AD. By combining the complementary advantages of PET and MRI, DenseMamba overcomes some of the limi-
tations of traditional single-modality methods, such as insufficient feature representation and data misalignment issues.
Experimental results demonstrate that DenseMamba performs excellently on the ADNI dataset, which significantly
improves classification performance and far surpasses existing single-modality imaging classification methods. This
approach exhibits strong clinical application potential , which provides precise support for the early diagnosis of AD and facilitates
earlier interventions and personalized treatments. In the future, further improvements to the DenseMamba model may include
introducing advanced fusion techniques and expanding the dataset to include a broader patient population and additional imaging
modalities. These enhancements will further improve the generalization ability and clinical applicability of the model, which offer
more effective tools for the early diagnosis and treatment of AD and other neurodegenerative diseases.

Key words: Alzheimer’s disease (AD) ; multimodal medical images ; state-space model; Mamba; dense connectivity neu-

ral network



3232

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 10,0Oct. 2025

0 3| &

FA] JR 7% 1 BRAE (Alzheimer’ s disease, AD)YE N
T WA 2R AT VRSO 2 — , HARRIEPE I 2 )
Ul AR DA R B B AT SRy SO o R T A T O
FIRE T ER R . B AR BRI N EE , AD
(R IR AW ZE T WAt 2 RIS g 3 ) 1 D0 1Y) 17
H ., HHTHAD SR TR REIR R BRI
A FRE K Hoad B R A 2 0, 45 5 S BURS U H
SRR BRI B o 2 BE AR B AS (mild cogni-
tive impairment, MCI) f& 4~ 1 H A FIBATZR oK i BRAE
AR TR RS R B B 5 R A2 N A T
RE 1 BL ) UE T B R o R B, B ARSI B ok 32
B2 o SR MO AT T 1] DA e
Wt IEZR L. PR, SIS W AT B0 T 4 22k
it B IR AR L O B2 (K 2%, 2023)

TR PR 52 B v, W] 25 % T BRI 1) 12 WK 32 AR
?@ﬁézﬁj\:yﬁ}ﬁfﬁ(magnetic resonance imaging, MRI)
N IE HL - & 55 7 )2 49 4 (positron emission tomogra-
phy, PET) PifpSEAR 246 & 073k . MRS i 42 {1
O3 BRI kR A5 R 5215, RE RS AT ASORG I 38 NG 25 4
18 X8, DI G 7 1 0 45 5 A D) BB A G 1Y
T DI, i B 1 A ) W ] 3 v SR 1Y) SRS E
PET I 388 52 A6 000 i P A5 B, 483 75 Bl 7 o g SR AE
T3 B D BE PR Ak, I HG o A A R AR A Db
PET 94 if BE A% 3 o bn iC B-VE W3 FE 2R L TOAR, i —
A0 B A DA B 2R A T BRORE (9 5 FRAFAE . AL, MRI
TR TR AEE A VA B, M0 PET 05 Bl 48 75 i 2
B 7S A0 A BHRFAE , 1 45 5 RE A SR 1L B g 4x THI Y
LW .

TE B AR O Fr e, B TR B2 ) W BE 225
B RS H TR S BT U Y R, Herp
TREE 7 2] ik B & W T B2 AR A0 B 43 B 1) 4
AR AR AR (2020) 41 1 T IR EE A 2D TE XL
HE T EHLENIZE 4 (computed tomography, CT) £l
MRI PU K FEARF A T 0 3 BAR T 5 1 2 o0 Br
AEPRAE S5 o RIS A ORI R S P2 Wik 1
B BE G, JEH: S A 37 ] 21 % T BRE 7 9 A A 2208
TTPEPR IS W TFRE TR IE B . 15 %55 A (2019)
2 — A L T 3 LA 2 N 4% (convolutional neural
network , CNN) FIEE 57 > 19 Z2 U1 4R L5328 W 265 1]

TAZLE I I3 S W, XRIEEE N (2022) B2 H Ak
T MRI YUl 7 19 55 U B 400K B AD 4 B AL
Aderghal % A (2017) %} MRI 515 DA #5107 2\ #% 1
AT 3 YR FEJEAT ) a3 41 1 1 s AR
2 BRI GEA TR AR IBURI 202 o R, R —
AR R A A E  H D BEFN 5 4G 7E A [ filg X 2 [7)
FAESE IR R o 2D D) R JCk 5870 S i i i 2%
P, HUD g TR 2 25 RN A — s )5 L,
ol e X R X b A2 e AR B 2 B R B, A5 11 R
F18 25 2 AT BB 2 5 M) 0o Y 9 8 IE 1 4 T B gk, AT PR
IR 3 PR RE I i — D4R T

WEE THEA PR RE A AN W T RIER 25 > BOR B AN
Wi & e, 36T N T8 € (artificial intelligence, AI) 1Y
BT IR 1 R RS2 AT 5 32 i A% G 1) 2D U0
BE 7 g 10 3D BB 2 KRB i A2 . S5 2D VT A
L, 3D PR RUR AL & B & iR 5 B, A B T
PRI AT 1 23 [ RRAE , AT — 2D SR T2 WP RE
Kruthika 45 A (2019) 4 t — 455 3D e [ 45 . 3D-
CNN A 1 Il 2 (19 3D A 3h g 1 4% £ K 19 CBIR
(content-based image retrieval) & 4t 1 T AD A9 K
M. Xia % A (2020)454 T 3D-CNN A1 3D UK
WCAZ W 2% FH T M\ sMRI H & BURRAE OF 2547 AD K3
I . Billones 5% A (2016) 7£ VGGNet (Visual Geom-
etry Group net) [ &Rl FMGHE R 2% fE R M2 5
JNA dropout J2 LA/ it 15 Liu 58 A (2019) 42
— T ZAT: 55 2230 38 A B 22 25 FH BT 7R o i BRAE
JrJ& o Pan 2 N (2021) 4 i — > 3D-CNN-SE (3D-
convolutional neural network-squeeze-and-excitation )
ok $2 3D PR S Y 25 1] 5 B o Lian 55 A
(2022) 4 i —Fh e iy 1 2 5| S RESE TN
AR sMRI PP I AR RRAE , LAIEAT BT 7R K i
BRAE 12 W7 . Jin % A (2020) 42 i1 3DAN (3D atten-
tion network ) 1% U | % #5 AU 45 & 5k 2% pp 8 N 4%
(residual network , ResNet) F1{E & I AL, B sl 38
iR P 5 v B HAT DX PR A2, S 3I T X Bl 2R R T
BRE B8 1 o0 2R PR RE o bR SR N (2023) $2 i Y
CTISS (ConvLSTM based on temporal images series
slice) B BY, S HI P B B IR 245 20 B AE S, JF7E 1 ik
filt EAGEE T — Ry R BRI 4 AR RLE S
A7 T AR PEATINGR, IF R I 2 AR Z S U
I AT Bt M P O] 4 R 22 1 28 A i e
I P AR, e 24308 3 1 2 T ML R A O HERRAE , AT



$30% /5% 1081 /2025 £ 10 A

AN, AR, X3
25 & DenseNet #1 Mamba [ 25 #52 25 it 22 15 B /R % i BRAE 59 25

SEAE Y2 R 2GS IO 380 I P45 R

JEAE T ALRY B JR % T R 32 5 125 AN Wi T
L, P ARAS Y 23 Sk RE S T4 -, SR, B 1Y
R Z B FEAALIE T B — 25 0 AR Kl , H MR
BUPET. Fh T 2 22 [ A7 A 285 2 S AR TG 7 45
5], Z2 A S AR 2 [ A A 1) L AME R 2
FEOHZE I, BT 2B DT LTS i Ak TR AP
Bri. LiufF A (2024) $ i — 51 4% 5 HAMME (hier-
archical attention-based multi-task and multi-modal
fusion model ) AR HT BRIV FE 2 I R | BT BT /R 2% 1 K
SERTTHAHLAT B IS W . ARl R SO R R
73 45 B (contextual hierarchical attention network,
CHAN) A 54 il £ MRI #1l PET 2 B850 , JF Al £
155 2 2 HESR ] i A5 53 2R R0 [T 4T: 55, AT 42 7
LW HER . Tang 8 A (2024) 48 1 — il 2 T
3DCNN F1 ek # Transformer B9 B /R 7% i BRE 22 B3 2%
W, R F 3DCNN 42 5 sMRI AT PET ()
FHIE, TR FH— A GH 1Y Transformer M 45 32 J22 2 2
FRIEZ B 42 R AR OCAE o b, i ok 5 R4 AR
e Transformer H1 {47 B 2 1 , DAAR: B3 R AE 19 25 [R] 15
BRI S HL . Chen %5 A (2023) $2 ) —Fl 3%
TR HLE A 2 B R A W2 % 07 A
3DCNN 33148 B MR AN PET () 4EAEAE . [RIA 4
N BG4 05 BRI RECE 2547 17 5 A Ak 31, O AE
WM BT il 3 T R ) ML s TR LA
A b | 3 PR AR R SR L U RO S R
Kt Al RO 22 18] A ELAME B

H T, 48 K 25000 BB AVKIR B THE 58 45 1
P22 28 B8R | B CNN 78 JR F R AR B2 30O T 2 3
O (HX R SR Y ey BRPEAE T H R Z R E T EIE
() SRy PR AR AR A S 3. 3X AR B TR A L (HAD
20 T AR B, A B AT A B A e K B
B OC R INAAAE—E MRS PRt , B Al
FRERAE 09 P 28 AR AT ME L 58 7042 48 R b i 2 R
B T A RE A — 20 T

B XF AR )T, AR 58 4t —Fh 56 T DenseNet
(densely connected convolutional network ) 1 Mamba
1) 22 R 2 = A el Bl R IR T R 2R o T ik
A FHAERUZ AT IR Z A RS2 3, B 5 i 5 A 22
PO 245 5 PR 285 s TR R B R TG 5 A, 0 il S IS AR
T 00 JRy T A T R AR R A R O O R . B BE TR
AL, 8 Ao 02 g S5 BRGS0 118 A 25T

AR SCI DTk S AR IAE LU P I s 1) AR
A7 BT JR G BRAE 53 FE 0, %) MRLAN PET HEAT 1 b 1
R FHUAE T « T S TS VR R g W A T P R
AT 25 53 M T G DX, i 2D M 7 O SR A T R
DXl 5 P 7 AT LA PR AS [ RS S 1) 5 40 7 25 T b 7 XoF
I, W R BSOS B R G RO TR T4 251k g
i 37 15 18I0 8 25 Bk PR v B0 AR 58 JBE AN — )
UGB R B . PN BRI o R RIS
BRASAE OCAT SR 152 25, 1 DR AN TR ABE 25 TR A %
35, 5 B AR S IS A ) Rk, DT S 2442 T3
FARSSIEAIARIN . 2) eSS ZE &
DenseNet(Huang %5 ,2017) Fll Mamba 4244 , DA —2&
Koo Z2 LSRR AL 388 A1 4 5y BT SUfF B B hg
BT & 2 B A R 3% — (7] 8, DenseNet 38 it 411k 2
EARGR TR R B X B2 R A
T 2R3 4 55, DenseNet [ %5 52 3% H2 45 F4 RE S A 3K
il VA J2 AR R S22 A SRR, AT S 25 14 55 ) 288 %o 41 7
FHIE R EE 5 2R Be 7, RN 5 vy HAE A e e 2 K]
AT 55 2 2 iz AR RE 1, (i HAE B2 2 R 3 A
U BALH . Mamba BEGE A R HE 42 )5 F1 Jmy F 4
TIE 22 [] A A B B AR G A% T 2 1 s 2 RS B s 1
42 )R fF BRI AR B H B B AME , Mamba 1
ABESR T AD F3 FERIAULE B IR 0 BRAE 3 25 AT 55 v
P TRER P AT RT R . AT, Mamba B9 3895 VAL )
545 8 4 B ] 252 B 1) 7 O[], LB A AR
T A PR 1 345 7 1 DG T DG HARRAE , TR A MRI
W25 ) P A28 A R o A DX D) K PET o Sz AR i85
B S DI, AR PTG M 7 RN JE DG AR R T3, DA
T E RS 4 1 47l 2 200 00 BRRAE , 32 T2 Wy R AR
22 1535 B 2 AR () B B A T T Mamba ZE A4 B9 A
AL RSS2 THE AL B 73 R VERE , o fh 2 F) 2
MR REIZ TR AL T i L

1 HiRE®

1.1 FIRREBBRERGHES
RSS2 AR B R A B 7R R T SR
285214811 1] ADNI(Alzheimer’ s disease neuroimaging
initiative ) 22 JF R, 1 B DR A HR A Jo e A — B
P, P HCR) — 3230 B R AR W] A g — A H Y
MRI I PET B2 8 404 , I e T 631 AHFEA KT . B4
5, WOHE B R AR I O RS 3 328 AD

3233



3234

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 10,0Oct. 2025

CN (cognitively normal ) 1 MCI, 2:4f F T 219 44 CN |
185 44 MCIH1 227 45 AD 5218 B 2B 8 8000
Bl TR AR A B B R 1 Fs .

R1 ADNIHBEETFZHKENERER

Table 1 Basic information about subjects in the

ADNI dataset
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Fig. 1 Data preprocessing process
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Fig. 2 Preprocessing results display ((a) original MRI; (b) MRI after skull dissection; (¢) MRI after registration
(d) original PET; (e) PET after skull dissection; (f) PET after registration)
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Fig. 3 DenseMamba architecture diagram
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] E | 30 1 AR W LM i o R, LR
h'(t) = Ah(t) + Bx(t) (2)
y(t) = Ch(t) + Dx(t) (3)
A AERESEE RS AR I 43 1 2R GOIRAS Bl s [7] 179
AL, B IS AFE I AR T AN AR RGCRAS 1)
SO, C 2 AR B R T AR GRS A0 ] 5 0
D JRAB BRI R T A B S
Mamba J2&— il 1] T~ I [B] 77 51) (A5 A A 7Y, 36 ok
FIH e RS 25 (] 185 AY , Mamba REWSFE T N2 1Y
S B A M S AR FRE B S AR 43 1Y)
WEPEMEICIC B Z W o X —HLHI 75 Mamba 7403
TR A T TG XS A B s e B 2
HUFYE7S
Mambablock 4 EL 4445 14 4 (5] 3 A5 U35 3 T 7
i 2o Rl G ke 2 i R R RS DR JE AN I AL 28
MR AR AT T, ST T SSMAEKIE &
2% [ AT T PERE
X ARRIE W, , Mambablock 7 5E #4713 —1k
AE R, OR J5 8 8 AP A S Ak B3 S TR AT A B
TESR 1A 3, B e M2t 2 (Linear) X RFAIE 38 18
AT, B S HEAT B AT 3 B 4 B (depthwise
separable convolution, DWConv) #1 SiLU (sigmoid-
weighted linear unit) 7% , B 5 J& SSM AIIH— )2 ¢
BN
W, = LayerNorm (SSM (SiLU (DWConv( Linear(W,,)))))
(4)
L, W, /& Mambablock U #i AF#E . DW Conv i it
H b A R i D TR A RN s A RO sl
TR AR SR, SSM I o R 25 A% o FDULIN AF
KA IR RGN SAT R, HAG g AR S 21—

TS PR A 23 (A v, 78 10 3 2 DR 285 2 B R I AR L
TR R A PE AR ME Z M A B K AR o 1R 2 D00 3K
Hh AR 8 [ R Sl ok A SRR S I SiLU
W, B4R H
W, = SiLU(Linear(W.,,)) (5)
A1, W, /& Mambablock (% AFFAE . 98 J5 KX P
A0 S R AR W, A W, 3 i Hadamard 26 B
A5 W, Hadamard 3¢ U2 — % 70 2 AH T 1) 45
Vi, B AR P& v g4 X 7 o7 B 1 0 3% R A 7 e
BiEH . EARTEMNEERESEREE, 5
1% 58 R E BRSO J7 A HE , Hadamard e AR
AR S EH SRR R0 R TSk
(S AT A SO A, W, AT AR
KA B RTE R RS, B RE AR R 4 S Z A Y
HHEAE, B3 W, P& AN RRAE 2 i R AT 40
AT S5 BT AR (Y 3 4 . 38 33X Fh 7 2, Hadamard
Fe AR T 45 73 SCRIE Y IR B, 3B A 5 A
HETRHE ] 0 FAMYE A RO 2 G A 43 S E L
$E AR R H EURRAE AR RE T (Wu 55, 2025) o
SELEEAMER W, S miHERN T
s € RAATIUG I W, JE17 5k 22 1 42 | i e 45 R ) il
A —Z AT RE AL, e 28l i 5 2 (Projection )
A AT B TR JE MUARE R, DMBEAE 5 22 M 2% 2 h
ARLEALFR (W% ,2025) BN
W, = projection(LayerNorm(W/ + s x W, )) (6)
A, projection KRB E L JZA T F I —FhZk
PEAZ I, 0 R A ) 22 DA — > 4 4 ] S
BN —YeEEas a), R, - MRl
FUCEHEFE WA — L 1 b 48, BAR
y=Wx+b (7)
xR A ) y A I AR R Wk
SE T A T S 0 4% 4 B AT 205 DUE 1 i 1e)
i, 1O B A b AR T — AN AT AR ) A e B8
00 o ] R A R O Al ), PR R AT LA o] B
iy A Hh B A YRR IE SRR
2 B TR SRR A R O 4 . B
M AR IH— AL AN ER 2535 8 2 I I 2
DORFARFAE 1) F5E A SR) 1) BE 3 T J 5 T 208 2 PR A 11 4
Z3 8], N OB RS BRI A503 . teAh , dl i 5
S RUCE 3 M S5, O Z Re I SR U A P Y TR 2
FHE I AR R R FE A S AR MR R IE
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2.2 IRKEE

A8 S pR R ( cross-entropy loss ) JEZ AT
G5 v T3z R A — e R , S Ao A e A T
A 200 o A 5 L SR 2 =2 TR 1) 2 SR DPA 40 2k
. 8 U PR

Ly S L=y S S ) ®
R M FRA I ORCRE y, F7R A I, A
A LSS T UL AUB0. p, Fr W
AR TR BB

3 ZWERSHW

3.1 XWigEE

S B % 45 F2 4 - Intel Core i9-10900X CPU
FINVIDIA RTX A6000 GPU ; ¥ {41 & 7 i , #4E &
4t 64 {37 Ubuntu20. 04. 6 LTS, ¥ & 2 2] HE 42 3%
PyTorch, #iF21H 7 A Python 3. 10,

SEH H B AL B A ADNT B S 4 702101
() A 53 S N R4 L B b A A o I 2o F v
AR B B R 200, #LIRECE E Ry 6,5 2] R —FF
RICE A 0.000 1, 435I 7E 1% AR ECH 100 F1 180 B
Fi RO R 7 0. 1 #4732 080, SR Adam LA , K
FHUERR BE KGR0 23  [0] 3R F1 538005 8 Broxt 43 28
PEREZEATIEM -
3.2 TWER

DenseMamba #5585 75K i X 43 Bi] /1% 2 165 R AE
(4 3 PR A « IR D R B DA A (MCTD) BT /K
RUFERIE (AD) o R iPAG PR RE , 52560 R F 43 25 e iff
& (accuracy) AG K (precision) . A [A] & (recall ) £l
F1{E (F1 score) 4 T8 #5 , ¥ DenseMamba 5 22 fi 4
I AD 2 W7k AT A . Sk S b T VR A4
Cui %5 A\ (2019) B 1455 7 Inception (V3) P 2% | Liu 4§
A (2019) 1 3DCNN , Puente-Castro 2 A (2020) 4 2k
P ResNet , Venugopalan %5 A (2021) i) 2285 85 il 543
H 71 | Saratxaga 25 A (2021) [ Brain3D . Kong 25 A
(2022) 454 3D Hi i F i i 25 F1 3D 45 B 2% (1) J7
%« Mulyadi 58 A (2023) 1 XADLiME ., Chen % A
(2023) (1 F& T i = 1 HLHI Rl & BB E L AR A
(2024) $ H (19 5L F Bk Med-3D W 45 13 32 1 AL il
FROBE 1 LA K Hu %5 A (2025) 2 HY Y 3D-SEConvNeXt.
T2 BN T AR TS DenseMamba fY 52 56 25 W |

DenseMamba 1E =73 JSAT: 55 H R B0 1 12 25 ALk

HAKTI 5 , DenseMamba B3 T 92. 42% A4 4335
HEBH %, LR DL L & i 0. 42%. [l B, Dense-
Mamba 19 K B 2% | 4 [0 58 F1 F1 53 %5 45 51 35 2
92. 50%.92. 42% 1 92. 21%. WERH R 7 [0 R FI F1
B UE T HAB LR v . RSB A B0 S
2], DenseMamba 7E -1 1 248 51 Rkt f0 5 43 207
T RO L 1 F 1435000 S (E ) 256 R T HAE
R R [m] 58 22 ] 1) A48

AR A AU IG T REIEAE R 28 v () S s
A FHE 1 Mambablock W 58 [5] B 4 £ 22 RO ¢
fiE, E 1 45 78 MRI A PET 2245845 PG v (0 SRl 5 4
Jy R 22 Ta] A8 PN A DG IBG |, B 2 S A2 WG B2 1) i 3%
7t

R2 ADNIHHEEZ 52 (CNvs. MCIvs. AD)HY
TERELL B
Table 2 Performance comparison of multiple
classification on ADNI dataset (CN vs. MCI vs. AD)

Jrik R KR JIE FUE
CuiZ A (2019) 0.8570 - - -
Liu %5 A\(2019) 07010 - - _

Puente-Castro % A(2020) 0.786 4 0.6887 0.5828 0.603 0

Venugopalan 2§ A(2021)  0.8500 0.8400 0.7900 0.8100
Saratxaga % A (2021) 0.8800 - - -
Mulyadi ¢ A (2023) 0.6835 - - -
Kong % A(2022) 08767 - - -
Chen % A\ (2023) 08410 - - -
Li%5E A (2024) 0.9200 0.9300 0.8900 -
Hu %% A (2025) 08971 - - -
A3 0.9242 0.9250 0.9242 0.9221

T L PR R 25 B R A 2R = 3R ToAR Kl

3.3 HESKIG R

IR 2 B S BE AR R BEE B A A
DenseNet % 2% F1 Mambablock #5515 31 A4 A 5501, 1%
T —RINERE
3.3.1 RSB R A RSk

N T B UEZ RS BE e B kAR R L AT
TR S < B o3 ) i A B — B B A AR (R
MRI FR B PET EIR ) 1) 45 SR [) i A 79 A A 285
B S5 R T e . B4R T AT ATE
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DenseMamba I PEREZE R . 45 5 R, A HE T A
FHEARLS BRI 7, 24 [ B i A PET AT MR P Rh5E
A0, HAATS R B S T B B a4 T, BRI,
5 A MRI EHR 43 SEHETT R h 84. 85% , [k A
PET EZ B 1Y 73 28 4 232 80. 30%, i 7] Hif iy A
MRI 1 PET FI{4 8 % £ {1 T 4 1o i) i 50 (5 2 A D) g
FEL L P RUER R T 2 92, 4%,

MRI + DenseMamba
100.00 + PET + DenseMamba
I MRI + PET + DenseMamba
95.00 < Z S S
N S & ]
5 90.00
F . ¢ 3
- w [®))
yz :"r 2 < <
< )
85.004 - & -
3 = @ =
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80.00
75.00 L—
e R BEE FLE

K4 AR SR A

Fig. 4 Different input experimental results

3.3.2 DenseNet YA %P 561

g T PEAS AN [R) TR B 252 2 AR W] R U R 53
HRAL S I HERE 22 5, A WFSE X LE T ResNet Fll
DenseNet PP HY (14 R B, S0 Hp , T A 750 845 i
F MRIF PET £cdf 0K & i A BTN ZRA L. 1415
JoR T AN RIS S BT R T BRAE A3 R4 R . 4
SRR, M T ResNet, DenseNet 15 8 75 25 17 JCHe 4
P b SR W UL, S TR A 4 S PR
FLRTT 5, DenseNet B8 72 HER R 2% H R
LI F1 Score F435iliK5 5] 89. 39%.90. 21% .89. 39%
1 89.53%, MM ResNet £ #1 X )i (14 48 45 73 51 by
84.62% .87.37%.83. 30% A1 83. 65%. DenseNet 7£
B % ¢ T R R3] A o 1 R T R O e B A T
ResNet £, [H it , DenseNet #5155 3% 5 Ab B[ /R
DU BRAE 53 AT 55 vhih S 225828 B 24 5 A5 88U -
BEAE , A B i — 2R T DenseNet B BT 51 45 G 7
() S BRARRIE DX, USSR TH R 12 e )
3.3.3 Mambablock B RCESUE

h i — AR ST Mambablock X 9 284 BE (19 52 01,
1 MRIA PET P58 25 A8 K08l i A 2162 % Mamba-

100.00 I MRI + PET + DenseNet
' B MRI + PET + ResNet
95.00 -
‘ c S 2 G
% 90.00{ = 5 2 2
= N 5
3 - = )
85.00 - o - <
80.00 -
75.00 L=
HidTTES TR Hlnlz F1 {4

%15 ResNet Fll DenseNet 5 5% Lt
Fig. 5 Comparison results of ResNet and DenseNet

block [ % 2% 5 A~ 43, £ Mambablock F 2% . & 6 Ji&
7 T Mambablock ¥ @l SE B0 45 2R . 45 R R, AL
Mambablock [ % 4% 7F #E 1 % [ 81 WAL T 1 &
Mambablock F M %% . AR &, A1 Mambablock
F14 090 265 HE B % 4 89. 39%, 117 i % Mambablock (14 [
ZEWER R 92, 42%, X — 45K, Mamba-
block 5 1% 45 (1) 45 FRZ5 H (1) 8% 5 RR A% ) 35 $2 TN 2%
I3 JEPERE

100.00 4 I MRI + PET (A% Mambabeock)
' B MRH + PET (125 Mambablock)
95.00 = b Q =5
oy S I S - & o
132) = = a
X AN N o o~
= 00 & A g
l‘)é
m
™ 85.00
80.00
75.00 L=
i30S R ETES F1 {4

K6 Mambablock JH il 512 46 25 5

Fig. 6 Mambablock ablation experiment results

AHGEXS L T A ) iy A K FASE A S84 7E B /R
SR Sy 1T 25 o AP 67 TR T 4 4150
AR IR RERE . 25 RRH], Bl H MRIVE g A
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S CNFEARIR 402 MCL; Bk FH PET 18 A i A
i, DenseMamba £F X 43 AD 5 MCIBFBE AN 2 . 24
Rl i A MRT-5 PET I BERUPERE 5§21 . iAh,
AL Mambablock 1Y 2 B85 BB 7E 73 2R PERE [
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Fig. 7 Confusion matrices of ablation experiment ((a) the MRI input to DenseMamba; (b) the PET input to DenseMamba;
(¢) the MRI-PET input to DenseMamba without Mambablock ; (d) the MRI-PET input to DenseMamba with Mambablock )

4 &

B XoF B R PR VR BRAE (AD ) S8 SRR AR, LU
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