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Abstract

To address the challenges presented by current deep learning-based brain tumor classification algo-
rithms, which involve numerous parameters and complex computations, we propose a lightweight
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brain tumor image classification model based on an enhanced version of MobileViT. Firstly, a convo-
lutional block attention module (CBAM) is added to the lightweight model MobileViT to effectively
enhance the local and global feature maps. Secondly, a transfer learning approach is used to accelerate
the learning speed of the network model on brain tumor images. Additionally, we employ the cosine
annealing algorithm to optimize the training process of our proposed lightweight model, facilitating
better convergence. Finally, we evaluate the effectiveness of our proposed model on a real brain tu-
mor dataset, comparing it with several state-of-the-art baselines including ResNet, DenseNet121,
ShuffleNet, EfficientNet, MobileNet, and MobileViT. The experimental results show that compared to
the baseline model, the proposed model in this paper not only significantly improves the accuracy of
brain tumor image classification, but also has a lower computational complexity, which meets the re-
quirements of deploying deep learning models in edge computing.
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1. 518

PR A AE R T RS IR AR RGN — R R HLVEK, 245 KRR %
RO R R IR 2 — 1] Fi bR 2 B AG : JFERe o o AR I P ST o R 77 el P o N\ 2R 11 fe
B, BEE MR R, BETTRES I A T E, A S BU S, MEFHEE S, BRI
TS 0 T e 28 YA R T TR R A B i R .

Sk R 3R B 1% (Magnetic Resonance Imaging, MRI) 2 —Fh 22 22 58 S B H0R,, MRI AT DUAE AN i
X HERIIEDL T, SRECKT = 4E IR, 7RG EZ K2 Wb B S0 (R A o g 1R v 7 R TS 3
T B BRI R oy S G FR AR A 2, IR MRI M T E 3702, AT AR B AR T AR
ML ER W, AT B R T BCR AR AR AR

HAT, X T MRIEUR ) 73 KT KB 2R, — R B TR I 14y 805, o —Hill
SR TR BB 732077, Mengash S5[2]1FF &K 7 —Fp2ET CNN [ iigg o KB, FAEA k f558
X EGAEIEFT Hold-out MR 2 VAR Y (1) M REANVZ AL AE 71, El Kader 28 [3]4&H T —Fhs: TR G IR B
22 X 248 RO R FEE 43 7K U8 9 2 4 B P i 988 3 2455 7 (CNIN-DWA) I 75 3048 4 1 (1) 70 R HERf R0k 98% .
Vankdothu 5[] &R M2 5K L IZ MG AL &, F2H 7 —F CNN-LSTM M3 T MRI
PR H i R AR, LA BRI TARME R CNN BEAY . Simo 25 (5138 T I 2 SR A B AR i 48 WX 45 4%
TH T — Bl R A AR L, JEIRST T DUAM AL BB A R, SR BIE ] B 2 HH ¥ 25 T Nesterov )
AR ) 5 B ASE TR A1 o Jer e RS AN 43 S R S BL T ik £ . Sandhiya 25 [6]F) A Inception V3 1 Dense-
Net201 ¥ 2% > B B TR U AR,  FF00 F R T B A A% R 2% ST HL(Particle swarm optimized kernel
Extreme Learning Machine, PSO-KELM )& 85t PU A i 8 MRI EIZ 4T 53 2 1

FEARIET CNIN ) X 2 B 200 76 Fi firh o PR St 4 3R B 7 e i o0 v mfn o, (B4R 481 CNIN 28
HAESHEROR, AR TR Bk, Rk 2 Rt 70N 515507 T8 500 e 23 8528 1 i 7
Lu Z£[7]# MobileNetV2 [IRHIES: > 54 M7 RIS EARA AR &, F % T — P B AT BENUBUE ) i 15 9
2% 31 FH T i ik 98g 432 . Vaiyapuri Z5[8]5%F] 7 EfficientNet. DenseNet A1 MobileNet 14 s %4 B 1 fixi fif e

DOI: 10.12677/csa.2024.149184 24 H LR S 5 5


https://doi.org/10.12677/csa.2024.149184
http://creativecommons.org/licenses/by/4.0/

UG HIRFIE SR I . Luo Z5[9]4F % CNN #E R v 280 i IR THEL R A5 w1 1) 8, 32 H T — P 22 40 A R EURT
SRR B 7 R 2 IR 4 B 4

ASCLL MobileViT_xxs [10]1M 26531 Jy =10 2%, $i t 5 T et MobileViT A5 L frg i Jir g B 73 AR
B, £ MobileViT 7 38 i1 CBAM AN 22 B WL AT 5 34 5 Jsy 38 A 4 JR R A, M HIE R 22 2]
FI VRS TR I R0 o« A SCAIT 3 H AR R NS 25 B v 7 i g PG o s i e v, i B R
RERAR, AL E B RE S A F R
2. EF it MobileViT HIBFEER 5y 2455
2.1, E=BEAR

T IER A4 R BRI AL 4 2 R, AR T — RO T XGE MobileViT REAL ) i
fihgg B 40 2K 050, TR T MobileViT. CBAM FT# % S H RS L P A . BARM S (35
(1) 7£ MobileViT #I RN T CBAM HBIHLFIEE ZZIEFALH]; (2) KR4 MV2 B b ) ReLUG #% A
OB SILU B0s R %G (3) FEVIZRid 2 v i FH 43 5% 38 K B3k B 2 S R A8 BT A% 2 31 10 5 1 n s A
RIS, P& 1 VPRAIHEIR T A SCHR AR R 25 44
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Figure 1. The structure of proposed model
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2.2. MobileViT Block

MobileViT block 72 MobileViT B % 0 # 7y, HAsk = 2 firzx. MobileViT block ) 3= 21+
P27 UL R YA P BR

1) HEHNEERE X € R Jilii A non AR LU SRR B s 0 R 423 5 B Ffsid— 4 1
x 1 BB Z KA AE KB B m AR s () v, 33 B R m 5 B X e R, HiH W, C %
ANEINFHERE R R . SEAEIES, d RoRgd 1 x 1 IBFZ )5 FsiE 4.

2) ¥ X, HHl— RIIAESM patches ok X, eRVP, HAP=wh, N=HW/P, whi
patches ) = Fl1 55 o

3) X, e RV @il Transformer Bibt[11]#55| A 2R {E BT X e RVP, HEK T AR
AR

Xg (p) = Transformer (X, (p)).1<p<P 1)

4) 4 X I JE R H =W xd KANFS] X e R, Bl 1 x 1 B8 X HEE N H W < C
KNG BRI NF K B X A7 9% . R0 —4 3 x 3 B Z TR ER & .
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Figure 2. The structure of MobileViT block
[& 2. MobileViT block £5#E

2.3. BUHEY MV2 1Rk

MV2 542 MobileNetV2 [12]+ {858 2= 154k . 7E MobileNetV2 1, fEGi 115 Z IR E 70 56
FRATEUR, B A TR . 1 47 (Depthwise Convolution) f1iZ /5 %7 (Pointwise Convolution).
XFPEARA Bl TG BRUE S, TERFERIARE S R & T R0% . A0 MV2 fEe ey
oMt 1 x 1B RRATYERE Y 5K, ARG AT 3 x 3 B A TRHEREL, REHAE 41 x L ER
SRS RFE B AT B B4

JE MV2 B 10 R EC ReLUG BUE BREL, 72 ReLU BUE BB A F 2 —. B4R ReLU M%Ui%
T IER NI BV R I, HCEAE ST ER] T SRy O e, S EOH X TR R R Y O )
MBS T4 2 WA T H . Bk, 4SO SiLU BOE B ReLUG MU %L, SiLU 0% i 302
Sigmoid Fl ReLU FIHGER A, BA L LS NI (T F2 0 P B4R a5, AEIRFE S I RO T
ReLU. SiLU WU s 805 an A :0(2) s :

X

SILU(X) =
+
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2 [ = MU O B AR, e PRI v R A RN 2 (A = R AN A e e, L &h My dnle] 3
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Figure 3. The structure of CBAM
[ 3. CBAM 1RIRE5HE

SV R B R B B, AT R S RE). @R, Bk A
A 43 BT 4 R P91 £ (AvgPool) FT 4 5 A fh(MaxPool) i fEHE I 4 £ o 4RJF . 43 BT % 2
R BL(MLPY IR0 4 JRy 5 LA T A0, B4 04012 BN FESBIE — A Sigmoid Wi i 53 51
BB R M, (F) - 55, SRYI0HASE F 550 R M, (F) #3584
IS FL. % 6 R B2 B % R DR 2 Pl e ey B B, U RTAR AR A RR(5) . ()73 FI %
VERE AT P2,

M, (F) = o-(MLP(AvgPool (F)) + MLP (MaxPool (F))), ®)
F1=F®M_(F), (4)

M, (F) = a(Conv([Angool(F);MaxPooI(F)])), ©)
F2=F1®M, (F), (6)

Horb, FFLF2 3 B3RS NRHE B, G838 i 5 RHE BN 2 R R RFIEE] . AvgPool (+) 42 Jm 13
AL, MaxPool(-) For e R Kitifh. MLP(\) RRmZZEEL, o(-)2 Sigmoid HIF R, ® FRZB A
%, Conv(-) MFRBERERLE.
25. TBEY

ER S ) FIWLER 2 2 7k, B TR AT 55 AT A7 3] (1) S R 2256 3 FH 21 55— AN AH R HIAE
AT, DASGESE IO . TR O N T ERE S AR TFE NI SR AR
Sy AR A SR AL A 0 BEAR 43 AT 55 10 BE A o ZE A ST R, FRAT 148 A ImageNet 34 ££ % MobileViT
BT T WIS, ZEHRAEM S 1000 AN2EAIFR 126 Ji5k HAREE . RE HAREUER S R B G T ReAH,
HEAR A M. B IR o), BAYEERS A ImageNet £ ) B/ 14, Bt SO EEE
fIE o IXUe 2 3] 3 FRFE A BT 52 m A B 7E fixi freg P48 20 28 b (0 21k
2.6. RZIBNEE

SO R R S BRI S 2 — . FIER L KA S SRR R, M)

3=
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NN 2 S BARR RN G TR . RIZIBK[14]2 — MO, FENGIREEMZE LR, 1E g%
VARG . BT ORLR A AR, AR U GRR R B AR 2 A, R BRI B A i
S RMIARTZIB KA, 2 RAE VG R b 2 U IR RO AL o 2SR B TR AL A 1)1 25 5 915
TP LR AR R PR B A R] RS E I 55 VR N R A BRI s

3. SCLE
3.1. BURBENR

ASCHAE FH BB k T Kaggle $udii4E, J& 2020 4F 7 H by BN EE KL R ANAG /K [ 58 T2 5% /1 Sartaj
Bhuvaji 2 N ATF IR MRI U2 28504545 [15] . R4 — 25 DU 2S5 1 il MRI R, o
% 598 (glioma tumor) 926 7K. /iR (meningioma tumor) 937 k. JEfIRI(no tumor) 500 7k LA K 3 AR
(pituitary tumor) 901 7K. ##i £ v (138 73 R W& 4 Fros

glioma tumor meningioma tumor no tumor pituitary tumor
Figure 4. Classes of the dataset
B 4. BUREES
3.2. WIREFALE

NEFHAINN R, ASCR G EF D BARRE: IRBUEARICN 0, MiBYEARICHN 1, ThEsILs 2,
TFEARIARIC N 3. IF HAG BRIV IT R 224 x 224 R R M3 HEE R0, SR L 0.5 MR BENL /K11 %
FIMg, IR R S it DS ROy R B, IR IR T AR AL AL B . AriEAL 5 R
X, IRIRA:

x = XiTH 7)

Hep, X RRBEG PR NEERGRE, o BB NEEPERENIE, o TREBRE EED
BRMEMIFREZ . WA FLAF IR AR T0%IENIZREE, 30%VENMNRAE, HAEWE - Ailns 1 fiR.

Table 1. Distribution of categories in the dataset

1 BEEFLINTH

VI TES i 96 i g6 Tefie e BN it
I Ess 649 656 350 631 2286
A 277 281 150 270 978
Bit 926 937 500 901 3264

33 XWHRRSHRE

SEIG R Windows 10 “F- &3 TR, I8 Pytorch 15 22 STHEZEHEAT N 48 M 4 . 152363 T GPU
15 NVIDIA GeForce GTX 1080, 15 GB W 7f. GPU $&E N 1, CPU B E N 8 ¥, SZIh % Bk ECH
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20, BatchSize 4 30, AR 5218 K FIELE Y Zrid B2 A X 2% S R AT IR 8, JLrp 22 2] RAE A A I TT 4611
I RAE BN 0.001, 2 3] AR A B4 A (1) i/ ME % B 0.00001 . X LAY 1) 2% ) R [ 52 4 0.0001.
FITE B R T 3R 2 ) T R THEE R I R M e
3.4. T8 HR

VAR Y ) 23 SR e, AN SR B HER 2 (Accuracy) . AE 5 (Precision). 7 A% (Recall) F1 F1 fE1E A
PR RS, BARRHE I A (8). (9). (10). (A1),

Accuracy = TP+TN (8)
TP+TN+FP+FN
Precision = TP 9
TP+FP
Recall = — " (10)
TP+FN
K- 2 x Precision x Recall (11)

Precision + Recall

Hordr TP(True Positive) 37 JE A K IE LA H I A IE B FEA R EE, TN (True Negative) 3K 7R JE Ak 7128
FEAS LI N 7 B REA R $ B, FP (False Positive) 2 /x J5 4 A 7 8 REAE T 4 1E R BEA R B, FN
(False Negative) 77 i A% 4 1IE SR FEAE T A 071 RFEA (1 5

3.5. BLEWLE

NG AIE A S VR A . 4 4% B ResNet34 [16], ResNet50 [16], DenseNet121 [17], Shuf-
fleNetVV2_x2_0[18], EfficientNet [19], MobileNetV3_large [20], MobileNetV3_small [20], MobileNetV2 [11],
MobileViT [10] A1t ) MobileViT A5 7 i i i Jeg B R BEAT 702, I X SR R g 79 SR 45 R AT L AL . AEIX
SeRELh, ResNet 2R &ML M4, DenseNet. ShuffleNet. EfficientNet I MobileNet /& 4% & 25 i &
SRR,

4. KEERSTL
4.1, 3ftbses

ARSCRF T 10 FfAS [5] (4958 FEE 25 ST AR 2 %of i o MR B S AT 70 20 32 2 N PRI SR IR 45 IR,
M 2 AT LA BL T S ik

1) ASCHE AR IRLE i R S B £ L 2 2R UER 2R 97.0%, FEIIER N 97.1%, A B A 97.0%,
F1{HA 97.0%. Z3d b, ASCATHE A (BT PERE R AR A2 B AR 1, B 27 S HERA %6 L ResNet50 1
tH 0.4%.

2) fEHEZRBIA R, ResNet R W45 1) 40 5 B B B AR T FAth 42 5 IR 5 2% 2] #5571 (DenseNet,
ShuffleNet, EfficientNet, MobileNet il MobileViT), XA T ResNet {ENIREKRZM L%, (ER1G 5.
H Frar AT S #1502 T LA 5 h R DL T R AR Re .

3) (ERLMIAI T, MobileViT R4 R IR F R, HaJuEmiZh 90.6%, KN
90.8%, H[HI# K 90.6%, F1{H M 90.6%. SATHATIEHABIALARLL, MobileViT FIPUANFEFREK 1
7%, X FRIFA T H AL T MobileViT .

DOI: 10.12677/csa.2024.149184 29 R HURLE 5 R


https://doi.org/10.12677/csa.2024.149184

B, ST

Table 2. Classification results for each model

F2 BIRBPSRLER

Ay TR 2R ik RENCIE F1 ZHi= FLOPs
ResNet50 0.966 0.967 0.966 0.966 23,516,228 4.09826048G
ResNet34 0.963 0.964 0.963 0.963 21,286,724 3.66699008G

DenseNet121 0.892 0.891 0.892 0.891 6,957,956 2.848985856G
ShuffleNetV2_x2_0 0.793 0.801 0.793 0.795 5,353,192 0.584959696G
EfficientNet 0.771 0.777 0.771 0.770 4,012,672 0.393804448G
MobileNetV3_large 0.877 0.877 0.877 0.876 4,207,156 0.220317112G
MobileNetV3_small 0.843 0.844 0.843 0.841 1,521,956 0.057191512G
MobileNetV2 0.773 0.776 0.773 0.774 2,228,996 0.306178784G
MobileViT 0.906 0.908 0.906 0.906 952,308 0.304916367G

A SCHR R 0.970 0.971 0.970 0.970 955,542 0.306991777G

TR 2% B A 2 VR P 2 S R I — > B L B B4R b, Rl R0 T B AR 1 G v 4 L IAIUR B 2% S AR,
FEAR SRR E S8 B A FLOPS (R0 1% fUs S CE0) RVTFAL S THR R 28 B . AR 2 R DL 2
FEih, R ResNets0 SEHL T 96.6%[ =i 70 KM %, (HEMZHE N 23,516,228 KA ZSHHZ HHEE
2% DenseNet121 1] 3.38 1, /& SR/ R KM 24 MobileViT ] 26.69 5. I3 2 ik a] LLE F,
AT AR () S 5 Ry 955542, {1V IXT MobileVIT %, A SCHiR ) FLOPs Lt MobileNet £
MobileViT 5558 R AL mg K, {4 Lt MobileViT % 0.65%. B AR FRATTHE H i &5 % B v T MobileViT,
BERE T HELNGE, LS B F LS & LIESR, tHEAG Xm0 A .

4.2. HRHSEIS

DRIGIEAR SCHE H AASE R A 0, FRATTHEAT TV AR SE S, DASS IR G B A 23 SV RE AR 5
SIS EE R 3 Fn, K MV2 BEHGIEAT Sk 5 B (1 7 kR e 4R i T 5.2%, HAbPERefEbR SR T
MG . FEARAR NN GZIR K BVER CBAM BLER, X R Gl I A ERIEAS [FIFE S BAR T TR AL 43

Table 3. Ablation experiment
7 3. JHELLLE

F Ay RTIES it HES FE R F1
MobileViT 0.906 0.908 0.906 0.906
MobileViT + Improved MV2 0.958 0.958 0.958 0.958
MobileViT + Improved MV2 + Cosine Annealing 0.966 0.966 0.966 0.966
MobileViT + Improved MV2 + Cosine Annealing + CBAM 0.970 0.971 0.970 0.970

5. &

R T A R AR o AR L B B TR B R A AR N SR, FRATER N T R T O
MobileViT (B2 B4 KR, 155e, FIH CBAM BEHRIE s A s 5B 365 B4 4 R E B
BEF1. HUK, K MV2 BEH A 0 bR 2 ReLU6 & o T A2 g 1) SILU WA R 55—, RAIRZIEKHE
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POREFA 22 IR, DB RN R SRl e, KA TIERET7%, AL ImageNet ¥4l
8 b ISR OB N TR o, DASRTIHBR A S R . KB SRIR R, BRATTHE i A B A f o
BRI 2RT5H BAT RIFHISE Gk RE . BA DT RIRRAE REIZ T TR, ADGH B 7L MU HOfiR
Bl E B2 W, T HE & B AL G

FEARRABTFC A, FATRE 5 AL TE 2 SRR Bt 4 L RbAT IR0 5. F AT IRATABEIE T =ik fied
TR T I 18 T B 2 P iR SR R G A T AR R (A R o AR, AR AR AL — MR R TR
JEE IR, BARIXAMERL ) 70 SR v, TH R R AR RN, i DAE A BRI RS R (s 0 T 3t
— R TR (R AT 55— NIRRT FU T 17

E&WE

[ 5% 5 AL 56 4 W Bh I H (72461030) .
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