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Multi-scale Channel-spatial Perception Mamba for Alzheimer's

Disease PET Image Classification Method
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(School of Information Engineering, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: To address the limitations of existing medical image diagnosis methods based on convolutional neural
networks and Transformers, such as insufficient long-range dependency modeling and quadratic computational
complexity, this paper proposes a 3D positron emission tomography (PET) image classification framework named
state space hybrid convolutional model (SSHCM) . The framework is built upon a multi-scale channel space
perception Mamba architecture, which integrates a linear state-space model with a multi-scale feature interaction
mechanism, using stacked LMamba blocks to capture long-range dependencies in 3D voxel sequences
dynamically. A layer-wise cross-scale channel attention fusion module is designed to achieve adaptive fusion of
global contextual semantic. Additionally, a channel-spatial perception module is constructed by combining large
kernel convolutions with an inverted bottleneck structure, enhancing spatial feature fusion and improving lesion
localization accuracy. Experimental results on the Alzheimer's Disease Neuroimaging Initiative dataset with 1 187
subjects show that the proposed model significantly outperforms ResNet, ViT, and Mamba variant models in terms
of both accuracy and AUC. Specifically, the model achieves accuracy rates of 97.03% for AD classification and

83.33% for MCI conversion prediction tasks.
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RA] /R % ¥ ERAE (Alzheimer's Disease, AD) & 5
D4 22 1R AT PRI R R A, RIN 9 id A2 32 1B A F
DUREREAT I B, 7 o g 22 T N AR IF I s 4k 2
FAEN . ADFJ SEHLE] 50 2 BRI TAU R
1 2 45 P S i AR B B DA OGP, X e A m DR I 1E
L7 R S 7 )2 $13 (Positron Emission Tomography s
PET) 7£ 5 F 7KV E Rl #i4k" . H4118F-FDG PETHE
o s O Fo 7 26 WA S, ORI AD I E AR )
PR &Y AR, PET MR 70 A MM & X 5B 56 iR,
H Bk = B 1 52 B\ TR S (Mild Cognitive
Impairment, MCI) [\] AD¥ A4 1) 2 W5 35, Rl ik 5
= E B BT

AR, TR B 5 2 R B 555 o W4 it 13T I
77 1) o AHE T HOMN TARHE SR BRI SN 28 7 ) O
1%, B 242 X 4% (Convolutional Neural Network,
CNN) J8 i oy 210 2 ) W 3F 48T+ 7Rz A ge 1™,
SR, CNNTEALB3D PR = FAAR N T B s i T H ST
B H 2 PRT RS2 B, S ECHAE DU P25 il X AR
PR M APCNN TR ZEA A T 5 55 IR DL RORS 15 1)
SERJBLTT R AL BE3D S 4R , 1K R 3 B ZRRCR K
TSR SR ) Y A SR R W AFEM -
Transformer#% & ji i 234 Swin TransformerSZ Hi
3DHKN 3, FEAIHTPEHL TN B SRR AE 1 HUR
(Adaptive Feature Extraction Module, AFEM), A X fi#
W T AEZ3DE RN 25 7E sSMRIFAAZ 4 3 R AEH
SR Jeb DX o ¥4 5 7 77 T P = R o ARG B
FINLHI Z R S PR ] 1 IR 3DEHE 58 B A
BEPIZE AT 3 BT

N T itk Transformer7E K 7 51 b B2 Hh i THRLAK
)@, GuaE" B H T Mambati Y, @i 51 iR
RAS 18] AL, BE % 78 DRI Z PR IS 18] 52 2% 2 1) [
I 3R 15 4 35 Transformer I 1 g , AR =B 0Bk
BT #7710 451 41, MedMamba '3[ X\ T SS-Conv SSM
TR G B, FETZ 1 R B fE SR B RE /1 5 SSM
IREARUANE A5 S IAHZE & o VMamba I8 X AR
A AR T R SCERAE  Han % 7R 1
I T L AR 15T & Mambatbs U 76 A0 5 AT 55 H I
I IIAZ 0 R 2R o X HeMamba B A B R A5 25 ]
TR SN | Bt 52 % B, (H AR T X 3D PET A AR RHIE

AR R L AR AR R B B e DX A S r AT IR

DNRRRAX — ] R, A SORE S 12 i AN A B
BT RN B 2 PV R AR, S R PETRAAR 7
FAES I ROR  ASCBT T —FoIRES S R & 4
R (State Space Hybrid Convolutional Model,

SSHCM). SSHCME&, & T 28 M B [W] 52 44 B (1) 410 35 1
1P B ) P e, Rl 22 20 SR AR AR, X
T 55 AR A A0 ek R AT R, B %5 AT Rt X 3D
PETSAZ BBk o A5 R 3 ik B 748 B 4 gy N SRR AIE S e
5 R SR AR B 3D PET G Hh (1) 8 B =5 [A) 45
B T ERTHPET BIUE ) 73 St e AR 1) = 387y
£ >LMambati(Linear Mamba Block) 14 ik, T
BEARREN ARG R R R EEEEE )
fifi & (Cross Scale Channel Attention Fusion, CSCAF)
BEHAR 15 A [7] RUBE (8] YRR AR5 J2. 58 B, DABG it 1
DX SN K B 38 A FE o AL, R 1 A s 4TS
FRAE Rl WUt 7 I8 TE 7 [A] & EN L (Channel and
Spatial Perception Mechanism, CSPM) #H T4 IE Rl &
{15 /& 5 FRHAE 3R 2 R (5 B 5 R e ik B
M o FiE 18 B OB (Inverted Bottleneck Block,
IBB) P RHIE R IE 5 T RCR . L5 R W], SSHCM
FEAD 73 M C L% Ak T Hh J2 30 I 3 A 35
RS B AR RS B R e A B2 W A TR e .

1 SSHCMi#EH!

1.1 HRBVEERZEH

IR T AR H I SSHCM R A e AR 4ty
BRI N = H4EPETRAR (RS BX C X W x H x D), X H
% Wy B gk = AE 52 BSR B o 3 8 4 A A
Kernel = 7 () K IZ B KIESZ BT, OR B 52 20 1) 7 (]
Y015 o % 0o 2544 FHLMamba¥ A4 5%, 5> Lmambai £
B (B FFIE Rl & A B (Space Convergent Block, SCB)
R A 73 AR & & PR B B (State Space Hybrid
Convolutional Block, SSHCB).SSHCBH #5¢it T 2%
Mambal#) | ¥ Z5, el 7 Stk = IpLs], /s 1
ZMambaZk {473 7 77 (Mamba-Type Linear Attention,
MTLA), MTLARZCEB4r IIN T 804k B0 B 5 AR ik
FE A 3R 5 22 110 JR) SR AR AIE , B2 v R 28 e 7 o i
R B 43 0% B 5 4 = T B RRE Fo 5 5
JBE S SR BB IR RFAE F 8 1 CSCAFIAZ HLJ 78
SymE DAHG5E 2 RBERHIERIARE ST, X LR 1A
REA IR — RUBE mT Bt A 15 B B RSB B, A
T B2 R B 2R 1 B e o B B TR FH B R RN A
2B AR E AT 23 8] T R b, S 2l CSPMXY il &
FROEREAT 4L B 4 5 7 [A) OC R A, IF4 HIBBIEAT
T YEVE SCRFIESR X, 45 2 A 15 RAAE, iyt 229028
2R5ERADZ I RS .
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Fig.1 The SSHCM overall architecture
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A fRIRHIASDHFHE, Conv, Rn B RUZ KN A
B

1.3 RKEZER A& ETIRSSHCB

SSHCB/& — /MR 2 I M4 2, HkZ O UiRe &
SXof 2% (] e AR R A, K N ) s 4R A J P T
IR, o0 B 25 18] SiEIE 4R, LLE R AR E AR
e et B AU B gy N LB B, 1 AR )

S5 R PR R éﬁ'ﬁ&%ﬁ BRAER,
B TR IR, A HE S KT A A
W72 AR R Lﬂiﬁi%@% 52 5 3RS %
A H., DASR TR FE IR B Al 30 RO RAEAR S o e 32
B F DB E @I MTLASE LT .

E53 6 S o= W L N i e E/ S o WA i = K |
FOE 2 [ FRARARE , T S B oL B R FEAE K 751



34 - N NI - 3

43 %

FREARAT 55 o 2 A TE T AR E T SR o A 2k e
—{ B T AR Softmax Bk B EE Q ALK v R
WML R B g , IX 155 TR PRI L I 45 A R RN
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Fig.3 Cross scale channel attention fusion module
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LR BE T 73 B G B SE BUR AR AR O PR T S e,
HOH— I I ZR A5 E P 45, B I GELUBU
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FAE AR RE ) A B R AL & 2 Ol
KU B S, AR (| L Rk
87 K H 30 8 1 7 /7 (Efficient Channel Attention,
ECA") AL S W 4 JR R AE AT, AR R & ) 1 —
ARG R 5 S R AE A N, 281 GEL U

R AR BIR G RE B Fy X — i B RE N

Fl, = oc(BNOW(cat(F), F F,eF )  (9)

F, = c(ECA(c(BN(PW(F. ) + F}, (10)

A+ cat() 2 77 B R AIE PV G TE 45 B A G, o () 3R
/~NGELU % % %0, BN(Batch Normalization).DW
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TP AR — R EE T 2 BB R kG

1.5 BiETERRAHHEICSPM
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F,, = 0»(Conv1d(Avgpool(Fy))) = F, (12)

s Py, 375 08 38 A0 B B ol — 4R
(Conv1d) TR BN H., o, KInsigmoid B R %L,
Avgpool Fr-V- 3L, « A TR Il
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(W, H, D) 348 J5 73 50l %, K B N 73 DR 34 B
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1

fw = W ZOS]_’KW Fi,(i, j»k) (13)
1 .

fu= E ZOSLKH Fin(i, j, k) (14)
1 ..

fD = 520< .KDFin(lu]vk) (15)

HAE P AR B BEAT 23 AV RF AL SR B, 25 A 4 P
FRIRFAEAN .

(fiw>Ji ) = splitlo[BN[Conv1d[cat(fw, fu, fp)]]]]
(16)
HEAL T AR, split & n i = 5 98 L IR L 4
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SN0 ~ TG RIBCERERE, 5 Fi SN EE
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s Mespn A8 I 0y A8 B 38 T8 25 [8) 33 3 0 AR
HREHPE, Fespma NCSPM# HHFFE ], 27542 R Al
JrEAE B 1 e T SURFAE
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Fig.4 Inverted bottleneck block
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PR 5 25 B 22 T Y R ek 24 P 4 B D N8 JEE (4415
37 R Y R JEE RE A% 4 1 70 70 MR AR T W] 0 i 4
FASREL R 42 Ry a3 (A 45 245 B IBBR A FUE SN

F}. = BN(c(DW(Fcspm))) + Fespm (18)
Fi. = BN(o(PW(F,)) (19)
Fou = BN(o(PW(F, ) (20)

H(18) K/RNIBBHEIIDWH EHIN Fespy 1 TE
YL, [R] A N Bk 22 1 12, 1R B L JICRRAIE , B
Hic A Fy, - (19) FoniBEPWHE TR AESEEL, [Hi
Y ImIE LY B NN 1I46s, g N F, - 30(20)
TR UGB 25 4 A JFUE I 4 B N N YEFE, 42
U S I BRR 2 i R AE , B i L N F oy o 1X—
WA TEORFF m ERFAE R B A RIS, 3658 T R %)
YHTRAE B RE T -

2 KWERKETL

21 HIREERIR
2.1.1 ADNI%E &

AR HIBIE TR TR 2R A BRI e A2 R A5 v )
(Alzheimer's Disease Neuroimaging Initiative, ADNI)
G AT 53T . MADNI-1HIADNI-2F B i 1 78
o PPAL 7 TR 4 1) 18F-FDG-PETHH5 191 18742
R A BRI £ - Bl B b 2 I O A R P
7 o HeHINC R IE 5 4 HE 41 (Normal Control).

Giit S BT IE R U T R AOIR SR A
(Mini-mental state examination, MMSE). Ilfi i 7 1'F
43(Clinical dementia rating, CDR). 1Z £ HE 48 S AR KI5
¥166.7%8116.7%73 5 1 ADNI1 FrBEAY I SRS A5
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Table 1 Demographic information for subjects
Btk e B as kY MMSE/4» CDR/4}
AD 83/119 75.08+7.81 20.9243.23 1.82+0.22
ADNI-1 NC 163/142 74.39+6.14 29.41+0.89 0.02+0.09
MCI 199/284 73.66+7.47 26.76+1.52 0.79£0.71
AD 21/19 74.42+7.19 22.94+2.43 0.85+0.25
ADNI-2 NC 30/31 74.95+5.96 28.27+1.30 0.03+0.00
MCI 62/34 72.82+7.41 27.67£1.99 0.88+0.46

ESR, F A28 70 J ADNI2 FZ AL P B IE K A o Y11 25
e IS R L o 11,
212 HEmALE

1§ F % T SPM(Statistical Parametric Mapping) ~F-
£ JCAT12(Computational Anatomy Toolbox) 3K f4f T
AT s AR AL B . & B AR SRR R4
Hilt 52 T (Montreal Neurological Institute, MNI) 2 [E] it
2 BRI A8 mm U6 4 5 i BT AL B S 15
B 5 4k N 121 x 145 x 121(W x Hx D) , B MA R
HI28 [A) 7 HE 2 1.5 mm x 1.5 mm x 1.5 mm . X &E5K &
BHEATH TR R W5 0 — 1k, BIEEAMA R BE B
VA M SR AR AR B UG T 7 R ) B R A o 15 i 2
T BRI

(AR
wad M DR Ln
JE P& P R B i

MNIFLHE

K5 18FFDG-PETTiAL A2 ¥
Fig.5 18FFDG-PET preprocessing flowchart
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N T SETHERL Iz AL RE AN 5 )| 2R a1 2
FEVE, FETALFR 2 5 , Y ZR800 0 8 il i %) 50% b
191 P9 Jir s s AT 3008 10 5 33 AR A2 B 2 FEAL I £
ERPNIIE 3 AN EETE =V € RN E S NPUE ey
I R o FE P HE F 1 BMR B R SR E AT R B s e AR, AN
S RBER C VR 21 4 2 1) (R 8RR A
LR BEAL RS - 1 4 BE AL b B AL e
FEAE(=30° ~ +30°) ff FE TG A e , BEUAS A O AL
S $E SRR oy N HSHE ) 2 AR A R I LA 5 A
I T R R PR A0 A e R R PR R
IIAG SETHE Y E AN R0 EERE T B R s BE RIS
RN AT 70 25 R A (7 0, e AR 22 3] T 2 1Y)
SRR S e R

22 SRS EIEEMIFNIERR
A S Sz BT IE 46 GeForce RTX 3090 GPU.

Intel Core 19-14900K CPU ] Linux Ik 55 #% [ 5¢ i, {8
FPyTorch2.0.1.Python3.11.9HEZE S B . B AE RGN
Ubuntu24.04.1, CUDARRA Y 11.7 . Ay it G B itk s
ADNI2 IR A F 4 O 3 7 2 Eo 45 %) 4 o S 56 i
Adamfitib 2%, #LIKK/NA6, W46 5 21 % 50.000 01,
15 F B 5208 K TS R G R 2 21 232, FR 35 A A
75, EINZREEUTN150.

R (Accuracy , ACC)+ R /¥ (Sensitivity,
SEN). 4% 5 & (Specificity, SPE). 52 i # TAFHHIE 2
(Receiver Operating Characteristic, ROC) 1] i £& T [ffj
#(Area Under the Curve, AUC) S5 0FAN 48 bl i FH T
AR 7 SRR RUAE B R R B B 7 R b 1
RE o X LEFR AR UG UE T BB M #2525 P IR B R )
ADWIRE ST, G BT 5k B Ak 512 W v 14 1 42
151 o S X BE PP FR B, A AT LTI A AL 72 I PR ER
B3 R R ] SEPE AN 50 o 0 L A 2 SR

TP+ TN

ACC= P TNTFPTEN 0
TP
SEN=_ - (22)
TP+EN
N
SPE=-— (23)
TN + FP

A TARR ARSI, PARR R - [ 2 N S il NOA A
P AN TPAR R FLBH M« SEN U T BB} TE 2K 111
RIBEST &M TR AR = 37 5t - SPE S 17 A5 73Y
Xt SR B AR BE 77, 38 TR AR 3 R
ROCHi £ eieil /e A, B 73 SR BE 858 o

23 SKIEHERS
23.1 ke

AW 5L R A AT 28 X5 E 3R B 2R A VAl
SSHCM M fg, Ff 1@ it X b 73 #rResNet. ViT &
MambaZZ 5 B4 56 E S84 8 . T IA B9 R
Z RFETADENCIH =47 BAT 55, 11 [F) B ¥ 55
AD/NCH 2 5MCUL AT (1) Z AT 5 B LN A
PR, DAL AhE AR S 25 0 32 30 I AD S5 NC 73 2R 4T 5533
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AT IERIGAE 5P AT b, DA AR S 56 45 S 1 m] B v
5l 5EME MCIFE AL TN 25K A kb 78 S5, AT
HE— DI V2 AL BE 77 o JE 28 T VA R X b 45 R
w2 R E6AT R

T2 BRI VRS G B

Table 2 Comparison of classification results obtained by different
baseline methods

Sy = ACC/%
WaRES 2% #/MB FLOPs/GB
AD vs NC sMCI vs pMCI

ResNet!'” 33.1 85.7 72.90 67.70

ViT!'¥ 85.3 136.5 82.77 66.04

VMamba'"? 48.1 78.4 88.71 73.95

MedMamba!"" 21.7 12.8 92.48 75.12

SSHCM 36.7 53.6 97.03 83.33
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Fig.6 ROC curves of multiple baseline methods
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Table 3 Comparative performance evaluation against existing

research %
o AD vs NC

ACC? SEN SPE AUC?
SCHR[19] 93.13 90.32 95.49 97.11
SCHR[20] 91.83 90.04 93.54 96.84
SCHR[21] 89.80 86.30 91.90 -
CHR[22] 9231 95.50 90.21 96.00
SCHR[23] 84.80 76.10 88.70 -
SCiik[24] 96.90 96.10 97.50 96.90
SCHR[25] 92.00 100 84.00 96.00
AT 97.03 97.49 96.72 98.23

TR A B 3 SRR B8 SO Y 5 AR S 3
o R IR AT 1 BB X B, ST &5 TR 3R B A SCHR HE 1)
JEAEADENCIH 7 FAT S5 R R B H A
ST HER R IE $97.03%, B RehmanZ5 2 H 1 £
RATEIRTE T 0134 H 43 il s REUEN97.49%, B =
T Rehman(f]96.10%: ¢ 5 £ 496.72%, BESLT
Rehman197.50%, (EAT3 AR T- AT L 5 7% o b Ah, A%
YT AUCHE 1% 51198.23%, i 2 T SCHR[ 19177
11197.11%F1Rehman £]96.90% , 3 B AL 7E [X 43
ADENCH A 5 =i Re
232 IHRREL

N T ARSI R ARG A SR AR Y AT
ADZF I , G I — 5 17 Rk S 90 50 A [R5
B R TR R 0 2 o AR AP EL B, (R



38 | T W N = 3+ 43 %

SCBILMamball {f A3 28 3= - 4% , FiT 3 B Y R FHIESZELAE 77 - T IBBREHAE HERA 42 TH8.16 N H 41
FH2.275 S5 4000 BT Y45, 45 RAR4PTR 15, SCBAEAERRIETH6.57/N 43 ri» $2 T+ BE AR,
TH R S0 25 B A3 BT R IR A ST H (1) B B 5 AR {HIBB S 4 1 V- 4l7 7 s S e, Sl T s s
PERELSH B2 51k . (EAD SNC/ B(E 55, Bl 5] AUC(94.46%). CSCAFMCSPM & M T e B i 1
A SCBH g #ER % M 79.56% 52 T %286.13%, AUCTH R A PEBE(ACC94.85%/AUCI7.24%), H7n T # R
M86.34%3 Tt 2590.86%, 7% B SCBH R 5 1 = [1] FEERFAIE Rt 6T B 7% 2K M R 0 B2 W A OB o

2 4 SSHCMFTH s a6 45 B

Table 4 Ablation study results of SSHCM %
. CSCAF AD vs NC sMCI vs pMCI

i SCB 1BB &CSPM ACC SEN SPE AUC ACC SEN SPE AUC
Baseline 79.56 78.84 80.04 86.34 69.16 7225 67.69 71.10
+SCB J 86.13 72.49 95.08 90.86 71.66 81.29 67.07 78.15
+IBB V 87.72 89.50 86.56 94.46 71.04 69.03 72.00 73.51
+CSCAF,CSPM J 94.85 94.50 95.08 97.24 74.59 74.84 74.46 77.56
AL T5 J \ 97.03 97.49 96.72 98.23 83.33 70.96 89.23 83.57
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Table 5 The impact of LMamba block count on model performance %
AD vs NC sMCI vs pMCI
Lmambabi £ & ACC SEN SPE AUC ACC SEN SPE AUC
(Mean+Std) (Mean+Std) (Mean+Std) (Mean+Std) (Mean+Std) (Mean+Std) (Mean+Std) (Mean4Std)

2 90.29+2.3 90.50+3.3 90.16+4.3 95.60+0.9 67.2946.5 84.5249.9 59.08+12.7 75.34+4.1

3 94.06+2.1 92.00+1.9 95.41+4.3 97.64+0.6 76.67+4.1 81.29+3.8 74.46+6.6 80.53+2.8

4 97.03+2.0 97.49+2.5 96.72+3.2 98.23+0.5 83.33+2.3 70.96+5.7 89.23+5.9 83.57+0.8
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