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Classification model for pediatric pneumonia built by integrating
spatial and multi-axis frequency domain analysis

LU Jia'?, GONG Xiao', HE Ling’
(1. College of Computer and Information Sciences, Chongqing Normal University, Chongqing 401331, China; 2. National Center for
Applied Mathematics in Chongqing, Chongqing Normal University, Chongqing 401331, China; 3. Ministry of Education Key Labor-
atory of Child Development and Disorders, National Clinical Research Center for Child Health and Disorders, Children’s Hospital of
Chonggqing Medical University, Chongqing 400014, China)

Abstract: Pediatric pneumonia poses a serious threat to children’s health worldwide, and its precise classification is cru-
cial for effective treatment. Chest X-ray images used for pneumonia classification exhibit subtle pathological textures
and large-scale diffuse lesions, making it difficult for a single spatial domain model to efficiently and effectively repres-
ent both characteristics. To address this issue, this paper proposes a classification model that fuses spatial domain and
multi-axis frequency domain analysis. In the first two stages of the model, a shift-aware multi-scale unit is constructed to
capture fine-grained pathological textures. In the last two stages, a multi-axis Fourier unit is constructed to model long-
range dependencies in the frequency domain and characterize large-scale lesion features. Additionally, a multi-kernel
convolutional gated linear unit is developed to enhance feature representation at each stage. Experimental results showed
that on the ChestXRay2017 dataset, the model achieved improvements of 2.72% and 2.75% in accuracy and F'1-score,
respectively, compared to the state-of-the-art model. It also achieved competitive performance on the VinDr-PCXR and
Curated X-Ray datasets, validating the model’s effectiveness and generalization. Thus, the proposed model provides a
new solution for the auxiliary diagnosis of pediatric pneumonia.

Keywords: pediatric pneumonia; image classification; deep learning; X-Ray; spatial-frequency domain collaboration;

mutli-axis frequency domain analysis; multi-scale; dynamic gating
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Fig. 5 Structure of MK-CGLU
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M, BN EAEAARRSTWERZ. 5, %
A [R5 A% A5 21 1 i tE RRAE SR AT B 42, 2800
G5 v 43 B ITC R MFTF L 0] C 4EfEA5 B I 4
Bt
1.5 BEELUWRRE

K Y 375 W ) B SMEDFormer M K14 % A £ 43
ki ) o6 B o B DL SRR S B AR SR, AR
Tt T AR AE R, BRSO E R |
Jim o BT AR I R R 3 1 1) REAE AL 5 R
] SR S 0 B B TERT AL #E B A
CXR K14 Z 1 Je 4 ad stem BEHL AR ik 4] A 45 AiF
K X, BEJa, BERLGE A 4 A By B 19 R AE 35 BUCDE
o AR L2 il 4 9 PRARAE 09 )2 900 A, TR A
7R B D 4 2 3. AL TERB B Be(n<<2)
i, 8 SAMU 5 e DL B 451 19 40 f 2 PR
fE 5 M3 AZ B BE (n>2) B, P14 & MAFU i
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P, S Rl s AR 22 Rl A B L il 2 3 A © 969 +

LI G490 4 Jod B 8 M . 94 B B 04
B P 24 MRS 45 R0 B | 3 B 25 3 1
MK-CGLU Jil 381 £ 26 JE A7 45, I 7E B B 45
BB IR — 20 AT F R BERAE . 2, P
FEAT 2 40 7 1 473 BT MLP 4826 Sk 5 00
LR Y.

®1 BHESHELE
Table 1 Model parameter setting

PR 100
HER KN 24
et s AdamW
Bl > A 1x107*
ER-20F 3¢ 0.05
2 3] A A Cosine
S ZNE Sk 131076
A BOmIERC [96,192,384,768]
H BRI [3,3,6,2]
fiifes 2

e AL 4K By B, BRI RIE ¥, 5 H
SEHREE Ve SRR, I AT goo Bl
J&, FHER AR BB 240 0, 13 214k E 1
SHEE 0°. MK AdamW H ik, IF L
B A AR ORI Zrad B b Bh S IR 2T R,
DL PRE AR Y A W SIGH BE 52 Ak g ) 2 8] 1) P
IR R AR 2R R ) D AR

BN CXR KR AREA Z; i AFEA XS R
) FLSEHREE Vs BBV UG SEE S 05 BB EL
n HES R L WG REE; %%

MW AR TS R Y, B
AR RIS BRI S G 07

DRI GE e 2

2)for epoch=1 to £ do

3)for each batch(Z,Y,,.) in DataLoader do

4) X—stem(Z)//H] W FRAEFEHL . 6 A2 06 BIR
AR ¥ WG R AR B

5)for n=1 to 4 do//4 Wy BEFFE $EH 5 4 5%

6)for 1=1 to L[n] do

7) Xinv—(n<=2)?SAMU(X):MAFU(X)//1% )2
Stage1~2 7% [A] Jaj A FFAE 42 a2 Stage3~4 B i,
4 Jay Rk 4 B

8) X—X+X,,;,
9) X;eea—X+MK-CGLU(X)
10) end for

11)if n<4 then

12) X<—DownSample(X)// I K H 4 F1E F R
PRy R E

13)end if

14) end for

15) ¥yeq—MLP,,(Global AvgPool(X))// 4 7 -
P13 A 2B AR AR o i 43 2 S i o 0 5 2R

16) L—CrossEntropy(¥ee Yee)/ 3T 5 THIAE 5
FLSLhR A R

17) go<—gradient( L,0)// 1 51 &

18) @' —AdamW(O,ge,n)// I [i1] 1 1 B H A Y
ZH

19)end for

20 ) fit 4R 5% 18 SRR T2 2

21)end for

22)return®"Y,
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A A ChestXRay201727 VinDr-PCXRE#
F1 Curated X-Ray™3 /A FFEHE4E o

ChestXRay2017 #4ls 2 2 T MM Id & JLE BE
2y 1~5 % LR CE W X4 3 EH 12 1
i, A5 5856 sk bRic A 1E & AU 48 1 4~ 2 1)
B CXR EME, BG4 JPEG., M4 £ 4 48
B4 4 AR s 1 P L0 Oy O M L 00 T A B 2R R
BEPEN 2 o PZEURE v i T L E M R 426
145 01, MOR: A Sy 55 o B0 45 ok 30 TIE AT 7Y 1Y 5L
Bl 1 RE AN 25 AR ) A Rk

VinDr-PCXR il Curated X-Ray % 5 43 5 1E
ZWHAT: 55 19 2 0 RIS R U A BT[], RE A BT
FLACH PP AR AR TR & 2 0 ] 3 5 T B AR e S ik
NPE, T — 2 e B R Az Ak e . Hor,
VinDr-PCXR & — i i . KAL) JLFF CXR
B, T ILE S WRE s R B2 W, %
B4 A 9125 3k CXR B4, T 2020—2021 4
MR R — F LB Bl AR o Iz B R wibn id i A7
TE 36 TOCHE R I 15 g . hibdrT JLEE Mt R
FI2 W, A% SCM b sk BCIE 7 il R RN S A8 il R
3 2 0 AL T Y KR HlE 4R S 528,450 I
629 ik CXR 1% . Curated X-Ray J& il i % 3
15 AN FE AT A 0 42 i 45 210 i B & i 48, TR
HAILER BN . ZER S 1281 5K
2019 JEE bR EE R CXR EIM4 L 3270 3K IEH CXR A
% . 1656 KRR ¢ CXR EILF1 3001 5K 205
PEM & CXR EIE o A SCHECH A IE R | 9 8 1 If



+ 970 - O R

S S

F 218

S 20 A Ml 58 4 T R 4
22 SCISIREE

FERL G I 25 75 i % T NVIDIA RTX4060Ti
GPU #l Intel 12600KF 4k BE 2% 19~ AT ML B
HEAT, IBAT B Windows 11 #:4/E R 58, {fi ]
Python i 7 i 2, 4T PyTorch HEZE S, ASCLA
8:1:1 Ay He 9l o B A HEA T UINZ | 36 TE ATt
TR ORI N BUR B — 46 R 224 18 FE <224 1%
K, I IR HLBIFE | v o0 2R 5T 58 B X EL A
FE PR LA T B S R
2.3 EMIEER

A SO FH HEAf % (accuracy, Acc) A eyrey 1

K (precision, Pre) Proisions 1 1128 (recall, Rec) Ry

F1 4380 F1 AUC(area under the curve) {E X £55 #Y i}
T . AUC R 230 #H TAEFFE 2R (re-
ceiver operating characteristic, ROC) T i [fi £, /&
20\ W A 5 1 TG OGP 3 28 B ) i D S B, HAE
AT 1, BEAYIX p FEA PR RE R 68 . & PEAN
BRI A N3 2 PR o Herp, Ny 2 ELIE (]
(R, Nep J2 IBIE B Y B , Ny o E 57001 14 K
I, Ney s 65051 B B i

®2 IFMERR

Table 2 Evaluation metric

fehr g
) Nrp + Ny
CCCCCC Y Nrp + Ny + Nip + Nex
P Nrp
recision
Nrp + Npp
2 Nrp
ecall
Nrp + Nen
F 2 X Precison X Recat

Precisiun + Recall

24 HELSEIG

R VT Ak AR SRS AU £ 41 1 0 A A, AR SCHE
ChestXRay2017 £dla 48 i 47T 1T — R 514 fil o
I8 FEXEESIR T, FERH Ace Bl Fy 0 BUPE R
B PEM bR o Ace RENE ELUL I AT 1Y 1) 4% 1A 43
FIEHHME, T F, 43 BOE R B0 22 A ]2 14 8
SERH, RE % T 8 A0 b DAk A AR SIS 00 R RE A AR
AN OUT B LR G fE, T XSS A 19 A R0 4
ML 4 T A il
241 ARG B[R AT

Ry B TR AN [F] 4 RELTRE A5 i %o A5E AR P T 1) 52 i,
A SC L) AT 43 85 % FX (separable convolution, SeP-
Conv) 5 Hr4E H 1 2 /7 (self attention, SA) ¥ 5 1Y
TRABARME N RME, Bt T 5 M s g, 251
FK3PR. LEAIR TR, 5K SepConv e
ALK SAMU &, BIRI P RE S T 9126 #2715
PE—2 8 SA B4l SAMU J5, RIS 3] T 4K
MIVEREI 45, 76 Ace AL F, B4R T 2.25% FiI
2.58%. X FEAEM T SAMU 7E 4l 352 [ 45 ik 7
B 5R K EE 1. FE SePConv Il MAFU 44,
Acc Fl Fy S B E 3 53182 T T 0.97% i1 0.66%,
AYUER] T MAFU WG 801, 7] B 2R B A5 i
T AL Y 5 | A BB G 5 AR T X AN [) 248 754 il 9% g 10 531l
AE 1. FEULHLAL I, Bf Stagel~2 Y SePConv s
A SAMU, B py p: g5 2 1k — D4R A, AT
A H A Ik B EAAERCR, 3] SAMU 5 MAFU 1E
25 () Joy S A A -5 40 3 4 JRy e E 4SS Ty 1T EL A L AB
PE. (A B AE, (U MAFU (AR PE fE
AL, A S By AT RE R I FE T MAFU E b 4
Jry AL BT, FEAR AR rh ik B S R X R 2R
AT 55 B R Jry &8 23 [ 45 2, DA PR ] 1 AR A 1Y)
FAERE

& 3 7£ ChestXRay2017 HEE L AFSRBESHNAGHR

Table 3 Combination effects of different TokenMixers on the ChestXRay2017 dataset %

LR G A PRI R A 6 Acc(1) Fi(1)
Stage1~2 Stage3~4

SePConv+SA SePConv SA 84.29 81.70
SAMU+SA SAMU SA 84.46 81.77
SePConv+MAFU SePConv MAFU 85.26 82.36
4xSAMU SAMU SAMU 86.54 84.28
4xMAFU MAFU MAFU 83.65 79.83
SAMU+MAFU SAMU MAFU 88.94 86.77

TE: IR R R AR, N RIZF RS R

Ry it — 2 R G BT YA I AN A HE S 4 )Ry g B
B A HLEL, ASCXF T SA 5 MAFU W) 85 By B

FroE T 9L4L, anlE 6 o . FERJZ B Bt Stagel~2,
TEARAE ] SAMU 15 &0 F 1 R B — B, 0% X
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4, RIA FML . WE 6(a) FiR, SA ZFRF X}
X L BE R AE AR, B A2 B Bk AR T, HE DL
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Fig. 6 Cross-stage feature visualisation of SA and MAFU



©972 . O R

S S 5521 &

242 i RA BA AN

J AL MK-CGLU A7 801, A K54
) 3 VR A A AT T X R b . Wk 4 TR, AR
SCLASERE B MLP AE R 3E2E . F MLP 4t CGLU
J& , B Ace Bl F, 4380 4R 4G T W 42T, 59
WE T T BRI X RAAE IR 7 8k . 1 — 2 Rk
£ MK-CGLU J&, B85 B e fE, M8 F CGLU
H Ace FlF, 780 42 7+ 17 1.12% F1 1.54%.,
SR 25 3R I 2 G U TR S5 M e A R B 4 R AIE
KR L EAE Y, REAS W R TR AR A A AR P R

x4 TRAEBEEREHEHOYR
Table 4 The effectiveness of different ChannelMixers %

HIERAAS Acc(1) Fi(1)
MLP 87.02 84.51
CGLU 87.82 8523
MK-CGLU 88.94 86.77

TE: IR R R AR, T RIZF R4S

243 3B HR AR ARG R 04

Sk 5 E 22 il R AR T A [ g 1) 2 AT AR
P, AR SCHEAT T IH RS S, HAE Rk s s, 5S¢
By DI AL 23 (8] 52 .1 HW AR b SL 4 g /Y| 78
EFEAN -, M5 A CW Bl s, A8 BB 1S B R
HOSE, Acc Ml F, 43 K00 3808 43 5 35 1.44% £
1.42%. [ARE, 51 A CH 4L &y ok T 1 Ae b
o, (0 LA TR B AR T AT, X R IE S
JIE 4k 5 1 REAE 58 X ARAT: 45 10 Bk T M S I
2, M HW ., CW ., CH =il by [ El B psf, 55 780 4
BN, B LAY, Ace Ml F i B sl T
3.20% 13.95% My B E K . LWL RUE], =
e A Y E R X RE 08 B 4 1T M AR R CXR B
Hhs 18] 55 30 G 4 ) 2 RO OG Rl i A R

P AR TR, DT B KA 4R T 1L fidi 4% 2 28 Y
HERPE:

X5 ZHSBMTEENMEEITMR
Table 5 Performance evaluation of multi-axis feature
modeling %

HW CW CH Acc(1) Fi(1)

\/ 85.74 82.82

\/ S 87.18 84.24

\/ S 86.54 83.89

\ \ v 88.94 86.77

FE RN IR AR, PRIZZF RIS R

25 XFLEELIREE RS

A B IE SMFDFormer Y2 il 4 B8, AN SCHE
ChestXRay2017 £tdls 4 L4 17508, I 524
F WAL MEEFEAT T X LA AT 3K SE Xt L ) 2% 7
AR ERNBESZEWEX, gfgi
CNN ZE#y Jz H AR K ResNet508” | DenseNet1215"
EfficientNetv25? | MobileNetv3P! | Auto COVID195
55 SupExP™; B CNN 5 F#AE IS 58 424 Conv-
NextP®*l, LSNet?®” Fil TSDFSP*; £ F Transformer
%, CNN 5 Transformer R & 2844 Swin Trans-
former”!, Mobile-ViT*!| Caformer!*'! I TransX-
Net*,
2.5.1 ChestXRay2017 k4% & L 495t b 52 30

£ ChestXRay2017 Zdi4E I, A SCH ek tr
TRBA MR AR5 X . Wk 6 i,
SMFDFormer 7£ Acc Al F1 434095 11 48 # v 24 B 45
BARAE, 7558 3 NIRRT IR L 45 SR, B APk fE
Yo H AT USRS, 3 BB AU ZE B4R b X L2
its 5 1) BT B S M, I HLZE RS B SR RN 4 [l e 2
(B A T B 1) A

% 6 ChestXRay2017 #{#E5E E R EE ( IEH vs Al )

Table 6 Performance on the ChestXRay2(017 dataset (normal vs. pneumonia) %
Tk Acc(1) Pre(1) Rec(1) Fi(1) AUC(1)

ResNet505) 95.03 99.51 87.18 92.94 99.68
DenseNet1215" 96.63 99.53 91.45 95.32 99.75
EfficientNetv2? 93.75 98.51 84.62 91.03 99.33
MobileNetv3F™ 92.15 99.47 79.49 88.36 99.37
Auto COVID1984 96.79 98.19 93.16 95.61 99.68
SupEx? 97.28 96.97 95.73 96.34 99.70
ConvNext? 93.27 94.16 95.13 94.64 99.03
LSNet®" 93.59 94.91 87.61 91.11 98.79
TSDFSE®! 97.60 97.82 95.73 96.76 99.26
Pfree!'? 96.96 97.36 94.44 95.88 99.81
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g6
Tk Acc(1) Pre(1) Rec(1) Fi(1) AUC(1)
SAGCN!™ 94.23 94.19 90.17 92.14 97.79
SwinTransformer*” 91.19 97.35 78.63 86.99 98.76
Mobile-ViTH% 92.63 99.47 80.77 89.15 99.65
Caformer™*!! 92.47 98.45 81.20 88.99 99.14
TransXNet* 94.71 97.63 88.03 92.58 99.56
Medvit!!#! 97.59 100.00 93.59 96.69 99.93
LungConvt!"! 96.63 97.76 93.16 95.40 99.82
SMFDFormer 97.76 99.55 94.44 96.93 99.86

T MR IR REE 2R, T RIZFR R4S

VR, FEIEH 20 B PR g A PR R =
DAL, 2 7 45 R R, SMFDFormer /)14 g
LT 145 Medvit, TransXNet LA} LungConvt 7E
N BT A R AR, HE Ace FE R ILRAL I Lung-
Convt Fll Pfree 435l & 1 2.72% H1 2.73%, [F] B
Fy 43500 40 5 5 0 3.03% Fi12.75%, X 515 5
T SMFDFormer il i1 V& )22 1) SAMU A 244t $2 28
P PR il 98 %) Je 30 40 1Y, 6] B ad TR 2 B MAFU

R v i 8 A AR B R A AR 1R 4 S K G
Foo XA XM BT, (LA X 23X PR Bl
FRAS IS, B2l A f 4 [R] 3 5 AR o v 2 ) L
BB RN B B $4 . i Ak, SMFDFormer ) AUC #:
SR IE{K T Mobilenetv3, {H Mobilenetv3 Y F, 734X
A%, F2PH SMFDFormer [t 5 1A S 58 41, 351F T
A DX 43 40 T M il 9 0 B il 9% T A 2%
AEST,

R 7 ChestXRay2017 #{#E& FHIMERE ( IEE vs AEMEM K vs R B IR )

Table 7 Performance on the ChestXRay2017 dataset (normal vs. bacterial pneumonia vs. viral pneumonia) %
Jrik Acc(1) Pre(1) Rec(1) Fi(1) AUC(1)

ResNet508 83.49 80.26 80.13 80.19 94.10
DenseNet121831 85.42 82.49 81.97 82.19 94.86
EfficientNetv2F 84.94 81.94 81.57 81.75 93.53
MobileNetv3*! 84.46 81.78 80.03 80.65 96.12
Auto COVID195 84.78 82.74 81.21 81.82 94.75
SupExP?! 84.78 81.73 81.26 81.47 93.90
ConvNext™! 84.94 81.94 81.46 81.66 94.27
LSNetP7 83.97 81.33 80.72 80.96 94.21
TSDFSP® 85.42 82.94 83.09 83.01 94.69
Pfreel'?! 86.21 83.76 84.38 84.02 95.01
SAGCN!MI 82.37 79.31 77.48 78.01 90.28
SwinTransformer*” 82.53 79.51 78.20 78.69 93.52
Mobile-ViTH! 84.29 81.09 79.90 80.32 94.34
Caformer™! 84.46 81.39 81.16 81.27 94.46
TransXNet*! 86.06 83.42 84.50 83.81 95.85
Medvit!'® 84.94 81.70 81.07 81.33 95.29
LungConvt!"! 86.22 83.53 84.02 83.74 95.56
SMFDFormer 88.94 86.77 86.77 86.77 94.93

TE: IR R R AR, P RIZFR R4S

T A B R 5T B X AN [R] i B AR A8 X
eI, AR X2 T SMFDFormer 5 YR AL X H A5
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iE R %0 1 4 R PE il 48, SMEDFormer SE 81 1 %

e B TR ARG BE, A0 T 00 4 e A5 220 i Jy 308 44
9 i TransXNet LA & LungConvt, Xk T %)2
SAMU #5 He i iof 25 [Al v 8 T 22 ROEE G FRRAE, A
BB T2 W T 5 B U IR S, X LA )
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Fig. 7 Confusion Matrix Comparison
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TE VinDr-PCXR 48 4 b 1y 52 56 25 L an 3k 8
ffi 7~ o SMFDFormer #Y-F-34 AUC(mAUC) 7£ fiT fi
X R R BAL &, UK T Medvit, {HASE R
)2, TENT RIS L, ABIRLE) AUC {HHUS
T AR B B AR R, X T AR SR Y
A3 B 78 6 TR A R L 2 R A 1 il

RAVUENE o W T IEH 250 AUC AHXS B, X 0]
AEJE A D R e 2 ) b 8 mp SN S v T 4 S
PHURH 5C A 25 WUCR 28 (A R, DA T 6 T 6 fl
TR AE I MR PR 0 U3 S O R AERE A 55 0 IXTE
—E RS L R AR R B B O, B TR
SRR b 4 R S R R BE T, 3X A I PR A B2 W
T B EAE

%= 8 VinDr-PCXR ##E4&£ iyt sE

Table 8 Performance on the VinDr-PCXR dataset %
itk mAUC Nofinding Pneumonia Broncho_pneumonia

ResNet508 67.01 78.12 63.94 58.96
DenseNet]215!) 65.04 73.11 59.53 62.09
EfficientNetv2P2 67.83 76.02 65.23 62.23
MobileNetv3F?! 67.20 74.86 63.63 63.12
Auto COVID1954 68.11 77.09 64.23 63.01
SupEx 65.80 73.98 62.88 60.54
ConvNext% 64.90 71.91 60.24 62.48
LSNet*” 63.15 69.18 59.09 61.18
TSDFSE® 64.62 72.81 64.83 56.22
Pfreel'” 68.79 77.92 67.87 60.59
SAGCN!MI 66.12 74.12 65.63 58.62
SwinTransformer’” 60.16 66.79 51.06 62.64
Mobile-ViTH! 67.01 78.12 63.94 58.96




55 4 1 B, S5 A 2 TR 22 R o A 1 L i AR 43 AR <975«
&R 8
WIRES mAUC Nofinding Pneumonia Broncho_pneumonia

Caformer!* 68.55 78.52 65.61 61.52
TransXNet ! 68.46 80.19 66.78 58.41
Medvit!"™ 71.44 74.18 68.63 71.51
LungConvt!"”! 68.79 78.45 64.89 63.03
SMFDFormer 69.05 74.51 69.05 63.58
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2.5.3 Curated X-Ray ##%& & E 692 bk 52 536

T£ Curated X-Ray iX — B HBE M1 2 5
PB4 R SE R A5 SR Sk 9 i /R . SMFD-
Former I Acc. Pre 1 F, iX 3 T .00 48 b 2 7E B
A X H AR TR A3 51 55— AT ER TR R L
B, T R BRI RE L 5+ 19 Medvit, SMFD-
Former 7E F, 7780 L8055 T 0.85%, & i BT 3%
M52 PERE . X F AUC $8 PR AIX T Auto COV-

ID19 Hl Medvit F1E 8L, & 3o #rix vl fig 2 i T
Curated X-Ray (4l 4 H 15 MR, K
185 PR T A 1 W P R o ATl 7 i ) R M i
BT BT, K48 ik, SMEDFormer 7E 432K
TR 4 Rl P b ) 4 TR SRS, ARERUESE T 23 [A] -
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ZALRE RS A
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Table 9 Performance on the Curated X-Ray dataset %
ik Acc(1) Pre(1) Rec(1) Fi(1) AUC(1)

ResNet508 87.75 85.63 84.02 84.61 96.21
DenseNet121831 88.89 86.59 86.28 86.42 96.37
EfficientNetv2 88.51 86.33 85.13 85.61 96.53
MobileNetv3P3 87.12 84.43 83.90 84.14 96.07
Auto COVID19B 89.39 87.58 86.72 87.09 96.87
SupExP?! 84.85 81.66 80.64 81.03 94.64
ConvNext™! 83.08 79.88 78.04 78.55 93.72
LSNet?” 84.47 81.94 79.63 80.29 93.99
TSDFSP® 90.91 89.05 88.20 88.57 96.24
Pfreel'” 89.39 87.15 86.82 86.96 96.58
SAGCN!! 83.71 80.95 77.96 78.58 92.84
SwinTransformer?” 85.23 82.37 80.26 80.86 94.60
Mobile-ViTH" 86.87 84.23 82.77 83.30 95.67
Caformer™" 84.22 80.88 79.34 79.82 94.73
TransXNet*! 89.65 88.02 86.50 87.10 96.02
Medvit!'¥! 91.04 89.09 88.97 89.03 96.81
LungConvt!"! 89.27 87.03 86.14 86.52 96.77
SMFDFormer 91.79 90.62 89.72 89.88 96.74
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