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Abstract: The multi-client brain tumor classification method based on the convolutional block attention module has
inadequate extraction of tumor region details from MRI images, and channel attention and spatial attention interfere with
each other under the fgderafedxlearning framework. In addition, the accuracy in classifying medical tumor data from
multiple points is low. To address these problems, this study proposes a brain tumor classification method that
amalgamates the federated learning framework with an enhanced CBAM-ResNet18 network. The method leverages the
federated learning characteristic to collaboratively work with brain tumor data from multiple sources. It replaces the
ReLU activation function with Leaky ReLU to mitigate issues of neuron death. The channel attention module within the
convolutional block attention module is modified from a dimension reduction followed by a dimension increment

approach to a dimension increment followed by a dimension reduction approach. This change significantly enhances the
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network’s ability to extract image details. Furthermore, the architecture of the channel attention module and spatial
attention module in the convolutional block attention module has been shifted from a cascade structure to a parallel
structure, ensuring that the network’s feature extraction capability remains unaffected by the order of processing. A
publicly available brain tumor MRI dataset from Kaggle is used in the study. The results demonstrate that FL-CBAM-
DIPC-ResNet has a remarkable performance. It achieves impressive accuracy, precision, recall, and F'1 score of 97.78%,
97.68%, 97.61%, and 97.63%, respectively. These values of accuracy, precision, recall, and F1 score are 6.54%, 4.78%,
6.80%, and 7.00% higher than those of the baseline model. These experimental findings validate that the proposed method

not only overcomes data islands and enables data fusion from multiple sources but also outperforms the majority of

existing mainstream models in terms of performance.

T

Key words: brain tumor classification; federated learning; convolutional block attention module (CBAM); residual

network (ResNet); data island
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N4V FL-CBAM-DIPC-ResNet 14,
FAERI®R (Accuracy, ACC). FEHEZR (Precision, P)y &
[B] 2R (Recall) 5 F1 18 (F1) V£ N8ErdE, 2205 5 W

X (930 (12): g |
. TP+TN
ACC= =
C§ TP+TN+FP+FN ©)
TP
P=—— (10)
TP+FP
TP
Recall = ——— (11)
TP+FN
2P X Recall
F1= P+ Recall (12)

Horp, TPIE 7 FONIE HSLPR N IERISUR, TN1E 0 2RA
e H bR R Bl (A=, FPAE 73289 IEH SERR A R A5
ECE, FNTE/ B0 SRR N IE .

34 LWHER

ATl Kaggle 23 i iR MR $4s 4P HEAT
SEIG. Horf, B PURE N 3, IR 32, ST
9 0.01, AHIERIKECH 5, RPEEECN 30, L5
FEMERAL N LT BEHL 22 SIHESE T 1) ResNet-18 M4, fiy
%N FL-ResNet. A 758 il LA R S258 2 (1) LR
CBAM 7E FL-ResNet H A A £ B (1520 ; (2) b
ReLU 5 Leaky ReLU ¥ pR AL 11 BE; (3) LhAERE
IR CAM T EANF4EE E‘J{ﬁﬁhé; (4) lbE CAM
5 SAM Ik 5 HREILERE; (5) LR FL-CBAM-DIPC-
ResNet Hi7.5 Jfth Tt 50 (77 .
341 CBAM £ FL-ResNet /i B i1 it

AT CBAM 4 BJU#E FL-ResNet [ 2 1 <[]
fIE, CBAM FEFX 72 1B A8 1) I 2 i 44 79 CBAM-In,
CBAM £ ResNet-18 M2 K% 1 B 55— EHIM%%
i 4 9 CBAM-ResNet. SLi 25 L 15K 2, CBAM-
ResNet FIHERIR . KR, HEIR, FI L4
M FL-ResNet 73 5l 4.26%- 2.41%. 4.42%. 4.57%,
H.Et CBAM-In %3 57 1.59%. 1.01%. 2.00%. 1.81%.
4K CBAM Ree 3 a2 VA, H i T ResNet-18
Bk ZE EER BT 5 R 4% 71, CBAM Xf ResNet-18 {4 4% (1) 5%
ZERGTHLRT G R K.

K2 CBAM fESREHIBAFRGLE (%)

\

A Acc P Recall Fl1
FL-ResNet 91.04 92.90 90.81 90.63
CBAM-In . | 9391 94.30 93.23 9339

CBAM-ResNet - 95.50 9531 9523 95.20

) !
3.42" ReLU 5 Leaky ReLU PEfELLER

AN T CBAM ) FL-ResNet W 2% 41 [ 34
T PR U4 i Leaky ReLU WU R4k, Hdm 49 CBAM-
LR. CBAM-LR 5 CBAM-ResNet 5255t L 45 F i 3.
CBAM-LR M2, MR, HRE, F1HELK
CBAM-ResNet 4} 57 0.35%- 0.29%- 0.33%- 0.37%.
45 R W Leaky ReLU B3 ok 30 A8 % )i 2 1 48 0 AE
TSR 1 B 3 A R

# 3 ReLU 5 Leaky ReLU [I%FEE (%)

A Acc P Recall Fl1
CBAM-LR 95.85 95.60 95.56 95.57
CBAM-ResNet 95.50 9531 95.23 95.20

343 JEIEEE TR EEYEE
AFRRFEPIER S CAM THER R4,
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5 (1) 485 3.4.1 17911) CBAM-ResNet #%, CBAM-
ResNet &GP 4EE] 1 x 1/16, FTH4EE] 1x1xC. 5 (2)-
(6) Lo AR AEES (1) IR FEA 1, 3 T8 45 7 56 T 4k
F| 1x1x2C, 1x1x3C. 1x1x4C. 1x1x5C. 1x1x10C,
FREYER] 1x1xC. 5 (7) 4L2AKH CBAM [fEAL, 5i2
I g AN 4. 1245 R WIREE T BT 4 R g
FETH W 2% 0T REAE B B HLRE J), I HERAB i 2 5
O K SRR, A BRI ZSHE 54
B B R, 08 T8 AR R o ) e R 4
3 4k,
# 4 CBAM ' CAM A [A|FH4E 4k R v fe

&K CBAM-LR HOliE E S 1 3 4k, 7870 3 Ui
I8 UG AN TR AE. 58 (5) 412X CBAM-LR Al
15 78 (A R AT FE R A, kG (R R T
THREBEE T = I, 5 (6) 2% CBAM-LR Hil
TEVER T 3 e [R5 725 (] R 5 ) 6 1 o A 2
FL-CBAM-DIPC-ResNet. Bt & 1155 84 i i % ik
97.78%, 1£ FL-ResNet 8 1 I\ CBAM, H 4§t Leaky
ReL U Wi pR 55, K@ IE v = 1 48R T 3 4+ 52 1)
FER IR, BAEHERI FL-ResNet #2717 6.54%,
FEAWIE T EOHE BT, S

% 6 FL-CBAM-DIPC-ResNet j4fili 5%

4 TSRS RHERDON  SHcE IR (]s) ACC (%)

(1) JHCBAM 1x1xC/16 123380540 1225 95.50
(2) 1x1x2  1x1x2C 134729020 124.4 96.41
(3) 1x1x3  1x1x3C 140586300 124.9 96.76
4 1x1x4 Ix1x4C 146443580 1252 = 96.53
(5)  1x1x5 Ix1x5C 152300860 & 1257 95.33
(6) 1x1x10 1x1x10C 181587260 127.6 93.00

(7) T RHCBAM ~ ' 123012304 100.0 91.24

344 CAM 5 SAM 25 FF RV RE LLER
AR BT v CAM 5 SAM ¢
B 53R A MRS 22 5 R 2 46 3.4.1 T
CBAM-ResNet #5288, ¥ o it J5 (1) HF BAAR AL iy 44
CBAM-ResNet-PC. LI 45 R 15K 5 fin, CBAM-
ResNet-PC F#EMiZ . iz, BRZE, F1EK
CBAM-ResNet 735l 51 1.20% 1.15% 1.27%- 1.27%.
ZERRY CAM 5 SAM FEBCK B 8225 2] JRIGRHIE
K, G —MEEIWTEASZ R —NMER I
M), DR LG 2 B ) 1 R B F
#5 CAM. SAM ZIk5 BT EE (%)

17 ACC P \Recall Fl1

CBAM-ResNet-PC 96.70 96.46 ‘ 96.50 96.47
CBAM-ResNet 95.50 Y9531 95.23 95.20

3.4.5 RS

N T U8 AR R SO P A O, AT REAT T R s
36 R sEIG g Bk 6 Frow, Hh s (1) A& T
2 SIHESE ) RseNet-18 JEHERL R FL-ResNet. 55 (2)
#H 72 £ FL-ResNet #5845k Z B HLH AT 5 M CBAM
[R5 4 CBAM-ResNet, 158 F] T4 F1 FL-ResNet
RN R . 5 (3) 4H /2K CBAM-ResNet #A! H[]
PG PR BUES ¥ N Leaky ReLU #0E BRI A 14571 CBAM-
LR, %52 R 2 fif I 285 Hh 4 22 T B T Il . 28 (4) 4H

46 % it+Z71R Special Issue

. A ffif]Leaky v CAME .
AN gam mery  CAMIETHE o Ve ACCCD
5 x x x x 91.24
@) v x x x 95.50
3) d N x x 95.85
@) N N N x 97.32
(5) «J N x \ 97.10
(6) «J N N \ 97.78

3.4.6  HIHABAR L

N7 BAIFE FL-CBAM-DIPC-ResNet £5 7 (] 73 25 2%
OGS Bl R & OB AT . 2 BRI
3T ResNet fll DenseNet S 1, A K 5 ResNet-
50, Res2NeXt-507"1, ResNeXt-50°", ResNeSt-50°",
DenseNet-121°%, DPN-107", SCHR[OTHEAT LLEK. &
Tifabras RN 7 Fizs. 0

R PTLES GBI (%)

WY W ACCT P Recall F1 KR4 HORIEHIS
ResNet-50 8230 81.72 8120 80.97 43 FAE
Res2NeXt-50 83.30 83.37 82.08 82.23 M40 1EAE
ResNeXt-50 88.02 88.03 87.24 87.49 G4 Ai 1EAE
ResNeSt-50  93.97 94.19 93.59 93.82 Hpi40Af 1EAE
DenseNet-121 96.02 95.86 95.82 95.82 Hipi/MAf 1EAE
DPN-107  97.56 97.44 97.61 97.52 BN/ 1EAE

SCHRI9]  99.47 99.45 99.42 99.43 LN 4rA 1E1E
AT 9778 97.68 97.61 97.63 £ pirAn FIHLEHEIE

HE 7 0T DUE A SO VE R & Tide br i Tk 2 4L
FAEA, AL SCRR[OTT 4B AR K. HH ResNet-50 #E7
FIEAK, 12 82.30%, R A 2 AR 2 R
M2 FEACIRFAE, B2 BT A R . Res2NeXt-50 #ETf
AN 83.30%, HAR Res2Net 3 /i1 1 4% J2 B A2 B ()
J ], (TR A Y . ResNeXt-50 5] N T A8 da &
RN SRAD TR AN G B 2 AR 4E B2, {15 45 SR At 1t 52
T F] 88.02%. /L ResNeSt-50 fEAF 4352 LN T
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T T 7 AU, A S T i g P 5 An 1 B B R
AR, WEHIF 14 93.97%. DenseNet-121 K& — 25
A 77 T — Bk, BRI T
96.02%, 1H 22z dE I FE N /7 5 I [A]. DPN-107 455
DenseNet Al ResNeXt I AL, #HERfIZFILH] T 97.56%.
CHR[9]TE Se-Net H il N ECA Al BAM, iAE] T 99.47%
(e . (HRRTIA oA 75— R, 1% 7 VRSN R R
106 fiet J6 54 AT R B 2 ) oy A, T AR ST AR R
I ER A 2 SRR A AR, I HoAfe A —
5E B FA R D fe.

FL-CBAM-DIPC-ResNet )R ¥ 4 5 xF L 4
8 Fi7n. ATLAE HY, AL IE A L T00M T 371 MR

JER 402 MR . 520 ANTEIRIAT 425 A TEAGE,

SRR TN T 19 AMRZ IR R . 14 AR T A
JERRIN 4 AT 1 T i B UG R,
11 3 T8 2 T 2 R By R b R7, DRI o 428 P 7 R0
R BT TR DR/ 4 20 R A e, i
SRR, TR B, TR 4 A K o o 2 5 R0 5 B
LA AR, MR 28 2 R R T A 35 B
80 FH T T VARG IR0 K [X SN, R A P A
80 FH TR A K 2R, TR I A K K 7 0 s T A
T B 2 A5 40 R TE R, 1T b 96 B £ A 1% 4 10 A
5 A TORE, AT B R P M B R

ML T

T

i |

WA WY TR R
TR
'8 FL-CBAM-DIPC-ResNet &% %[
7 4h5%t e FL-CBAM-DIPC-ResNet BRI 3.4.1
FT R AR O ) FL-ResNet B8, 7347 = 25 % #h 48 Jie it
JE . MR o E . AR SR IET R . RS E
. HREEMFLE, ST BIE MR 8, K

(1) 415 FL-CBAM-DIPC-ResNet #7445 (2) 414 FL-
ResNet #7517 8 A%, FL-CBAM-DIPC-ResNet X
PRE RS TURE  Ffibdeg . JCMRE . SRR IR A R HERA P
39N 95.13%- 96.63%- 99.81% Fi1 98.84%, ifij FL-
ResNet (170 ZHERTE 7377 83.08% 94.23%- 99.62%
F1 85.58%. FL-CBAM-DIPC-ResNet X JJfJ8 ft) - il
Et FL-ResNet 735l 12.05% 2.4%. 0.19%. 13.26%.
#H% T FL-ResNet, FL-CBAM-DIPC-ResNet £ £ i
}ﬁﬁé%ﬂﬁ%ﬁ@%%ﬁ*%IETEE%E‘};}R%J%%%

%8 FL-CBAM-DIPC-ResNei(1) 55 FL-ResNet(2)
_ L ARt (%)

ETRE S P Recall  Fl

) (1) 9513 9895 9526  97.05
ok . . . .
HREB I (2)  83.08  83.83 83.83 88.65

(1) 96.63 94.59 96.55 95.55

MfRse 2) 94.23 94.32 94.32 86.24
; (1) 99.81 99.02 99.81 99.41
T 2) 99.62 99.62 99.62 97.45
; (1) 98.84 98.15 98.84 98.49
AR 2) 85.58 85.46 85.46 90.20
Bt (1) 97.60 97.68 97.62 97.63

2) 90.63 90.81 90.81 90.63

FL-CBAM-DIPC-ResNet 7E £ i i J8 < i fif
A OMR . AR RN RN R, FLHER AR . RS
. AREYS FIAEMBIES MNEE T 97.60%.
97.68%- 97.62% F1 97.63%. i%“g‘z?ﬁ, FL-ResNet 7£
FEIF) 43 28 4F 55 b 10 ke AR O BT L i e L A vl
. HEAA AL EH T 90.63%. 90.81%.
90.81% #11:90.63%. FL-CBAM-DIPC-ResNet Lt FL-
ResNet 7 5l H T 6.97%- 6.87%- 6.81% A1 7.00%,
MR T HAE BUR A AT 55 i I LR RE AT 22 S
993 114 = B0 R

bR S 45 B 58 42 E B, FL-CBAM-DIPC-ResNet
FHXS T FL-ResNet 7E & % 1§ 4 F 4 B A B35 i
M, PR R . IR . EMR . AR
MBI B HE 7 SR BRI T I 3CHF. R i MRI
PG PR B A PR P A TR A 1 46 52 9V, #R T FL-
CBAM-DIPC-ResNet 7 [f X 1 L5k 5 15 75 48 3 20 H
i, BT FL-ResNet PEREK T, Xit— P RE
7 FL-CBAM-DIPC-ResNet X 4t A P15 4115 45 4iE (1) 56
T4 FORD 4 T ) S BRE 7, SR P b 98 0 R VHE 4y R BE e
T AT EEI R X — W TR B A SR R 2 AR U
14 2 FH B it 7 S 0 1 ) DR, B T T B
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NIRRT IR, ARREE A58 Hr B 7E
MRS T A RS H 5.

4 Sw5REE

ARSCHEH T — BB i) X 45 455 FL-CBAM-DIPC-
ResNet, & 37 A FE 22 15 J R HOd (R, 5 A2 e
5 6 FRR A, TR 7 T AR L 30 ) T 2.

%711 2 GRS (1) ReLU 0% BB 5
iR TCAET, 1T Leaky ReLLU ¥43i% bR B08 3 5 ik
BT A TR T RN (2) I MRI P54
RAE /D, SR K CBAM 754 U A Fef 0 18 3 75 7
W T4 5 2 R A A, T 2 T 4 T 4
B HSRERIR O T E; (3) JEUA I CBAM
S BB B I R AR, s %
T2 B R, T K 3 B R R S AP P
AT U R (4) DA ST TG RO S
> SR AT 45 1 A5 - 0 ) R, T A PR B 2 ) A
BRI ORI . BT AR EE T £ KR (Y

T BT 2 W IE R O 2 R ST RO T 2 AL
87, 3t HL 2R A% P AT A A R i
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