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Diagnostic of breast tumors based on improved EfficientNet
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School of Electrical & Information Engineering, Changsha University of Science & Technology, Changsha, 410114, China

Abstract: Breast tumors adversely affect the holistic well-being of women. Histopathological images are a critical sub-
stantiation for doctors to diagnose breast tumor types. The structure of various types of tumor cells exhibits significant
correlations, thereby posing challenges to the diagnosis using conventional methods. In this work, the enhanced Efficient-
Net was employed for the diagnosis of breast tumors, which enabled the network model to learn the features of the dis-
ease automatically and improve the accuracy of the diagnosis of breast tumor types. Firstly, the convolutional block atten-
tion module was used to extract effective features. Secondly, the group convolution and channel shuftle operations were
introduced to improve the feature representation ability of the model. Thirdly, the Hard-Swish activation function was ap-
plied to improve the convergence speed of the model. Finally, Experiments showed that the improved EfficientNet net-
work achieved 98.4% accuracy in eight classifications on the BreakHis dataset, which was expected to act a decision aid
tool in breast tumor diagnostic research.
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S Rk, A S B B AR R S
W %5 S A 0 B

LR M4 (convolutional neural network ,
CNND AE g B A5 Ak 38 4 33 — o vy 200 iR il 7
VRO, L 2 1 BhAS W e ot L R B 34T
KW AT 5% Wk, Spanhol 2 A E
AlexNet H B BEAT 7L 7 PR B 70 2K, K ILAE
RIS EXRE UL S HkE 6%, Nahid
2t N\ FHK AT A2 M4 (long short term memory ,
LSTMD FI[ #1570 (gated recurrent unit, GRU)
BEAT FUMRIE 1) =43 25, METH 5 93.01%. Das %5
U T — P T CNN (92 524512 =] (multiple-
instance learning, MIL) HEZE, 433K % N 88% o
Shallu 25 A3 T VGG-16 il #EAT TR 24 5] — 4
K, KGN 92.6%. 7B NI T HA 4
25 B GoogLeNet HEATIEE % 2, Xt FLE — 702K
(A5 29 91%.  Zhan 28 A"*38 5 140 Inception-v3
KSR BRI = 25, RIS B 95.7%.
Gour 5 NHR H — N3 5k 22 22 51 (1 35 L 4 R
%%, Y %A ) 92.52%. Boumaraf 2 AP T
ResNet18 i ATIE# %), 27K EHIKERN
89.56%~94.49% .

IR FIGAUE T CNN XL IR R 43 J5 1A 3%
PE, ORI, IX LRI T 32 AL v e LR R ) R
WM, IR HET RS RS, B
RKEBREAE . RERAEAERR I R THR A
R P A7 5 SRR S5 TR R, 224 i A s A e e 3
R WL G 0L T Wit R B g e, &
&Y EfficientNet M H & & 46 75007 125K 57 K W
EIREE . AP, HHADBY R ZE AT

AR ST LR R 2 25 B A EE S ARAE I
in] /@, {E EfficientNetBO A5 44 iy B filh b 3 A7 o5k
BT I HERAEE IR ERE . SRYUER T
178 (convolutional block attention module, CBAM)
UL K Hard-Swish B B8, $&H 7 — M2 T GSCH-
EfficientNet (group convolution, channel shuffle,
CBAM and hard-swish efficientnetb0) [ %% & 2%
7. FETAERNEBIREETAE HIREE. &
P AL R DL R B 16 4 280 o 0k LR R B
EfficentNetBO f 84 i 47 24tk . % GSCH-EfficientNet
B BEAT YNGR B, DR e R R . I 2k
SRR, G SEIFLIRINR 8 432K,  HARUAE

B 1R .

ARSCHADFATI T 5 1A B A S A
KT 52 ik F T GSCH-EfficientNet [ 7L iR
MR oy K7 B3 WHHATRAE S E4 A
v ok

1 Hxip%

1.1 ZLARAELE R Y R EG BRI

K SCAE BreakHis ¥ 4217 F 4T 5256, %8
fESE N =1EIERGB K /v, B A% HAOVPNG, 4i—
K/NHT00%460 152, 05 7 909 5K 18 7 DA e 44>
JBURAEEL (40%. 100x, 200%, 400x), WFE 1. H
R EIMR 2 480 7K, ELFEIRE  (adenosis, AD .
A YE R (fibroadenoma, F). MUK (phyllodes
tumor, PT) K EIRIRIE (tubular adenoma, TA);
WEENE 5 4295k, HP A HE SR (ductal carci-
noma, DC). /MHJE (lobular carcinoma, LC). K
% (mucinous carcinoma, MC) K SMIE (pap-
illary carcinoma, PC), #2754 7 A A
1, FERKESR.

TERAT 43 RAR ST, %5 I8 B2 0 5 IR 06 2
PEBATI IR BN B & MR AR B KA —, f
FH 25 1) 2 A4 >R 56 1 7L i i 988 s 348 20 23 PR A 5040 1
WRAT 5%, W G A0 A AN 2 ) B 2% U T B 3 T
. BaEiEd i 180°. K. EHRMEE
07 HATY R, i 8 IR I B G EE A
Bt AR GRI K FHBEALEET . 4k, oo hrE
FBY G AR AT AR, $R A vz A RE A
BRI
1.2 AILTE

TR JE 27 20 TR TR SR TR0 ATL ] S5k = & 4% 1) A R
P, N2 IR P R R S N\ i Hh R R o e R AR
1 I 6 W S5 B0 e R Y, 5 B A S (R AT B X
WAFEREZE R N T RRIR L5 S AU RHIE S
N FEFP SR B R, E 1 R 7 AL
Ve S N B 5 N T O v ) O Rl
(gradient-weighted class activation mapping, Grad-
CAM) PR —Fh s 3k i 4 Ay AT WAL B A, i
H RIS AT R 86 FE SR AR AT ], B
JE AR R R SR RFEAL B, R SR B
VGBI 5 X, 80 B SAB AR IR B 5 )
i, RALEA R4 R . M Grad-
CAM H A K W AL fi# B GSCH-EfficientNet 5 7 ff)
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LG SN B i . s ST
| Hard-Swish CBAM#R R W
Y v
MR PI[EES
v
| GSCH-EfficientNet GSCH-EfficientNet
EREIVA/IIEZN PR
24 2 ‘
bEES
Y <Tmtesonn
5 Ry N e
v
o LRI A%
WA
v
FERIAT AL 534
v
A M 25 AR R
Wi
1 TAERFE
%1 BreakHis #iIEERE& N Lgrad—CAmzReLU(zazAk ) 2
g 40%/3% 100x/3k 200%/3k 400%/7K k
A 114 113 111 106 Hrp, AREBENFEZE, HREBIFEZAFEKN
F 253 260 264 237 WIE, cRFEEE, VAR ML E XTSI ¢ 1Tl
PT 109 121 108 115 WAL, AMRFFRAEE A hiBiE kEHE, Fhri A
" 149 150 140 130 AL B, ZARHIEE 15 S m B AR .
DC 864 903 869 788 . —
1.3 FEMIRE
LC 156 170 163 137 Z'K N m};ﬁﬁ%qj,m»ﬂqﬁ,jqz{/\ bj‘QXT%@AQi%J‘}E
MC 205 22 196 169 - LA \ ENR ‘ PEUTIRARA Sk 9 2
PC 145 142 135 138 1T VP Al B AT 43 ) S HE T 2R (accuracy, ACC)

PSR, AR o] AL M g P R
X B S0k X 4 AT I [RAE 3R 15 BRFAE 2 R0 )
28 %0 1K — 2R (R TRIARL, B % TMEL R AT & 1)
FERRAF B S A% FRFE Z AR B, FREd =X (D
THEAR BB G RRAE 2 RN 800 1 R, Bk
A58 ReLU B3 B nTHLASE R, Bk RE
X Q) FirR.

e 1 o
0!k= 22267%}/‘ (1)
i

i

Faf% (precision, P). H[FHI# (recall, R). F#5
P (specificity, SP), P F 4341 (balanced score,
F1-Score), KM ZEMF-ENETHE H 240 K MAH R
fabr. BARWF:

~ TP+ TN .
ACC= TNt rpa Ty < 100% 3
— TP 0
P= s x 100% (4)
— TP 0
R= o x 100% (5)
sp=—V L 100% ©)

~ FP+FN
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2xPxR
P+R

M
Average(x)= % 2 x(m) (8)
m=1

Hrb, TPRIRNEIARE MG H Y NIES . FPERR
FLSARSE AR, Hith A TN RN R
Ak ¥ . FNRR AR N, i
RIEF . MFBERFEREE, x(m)RIRIE0 m KR
ACC. P. R. SPAIFI-Score [fI{f.

2  EF GSCH-EfficientNet {9 S| B3 B e 43 B

Google &t 7 —Fh 77k, FIH &1 517 = 2
HERYEONREE S RN A 4R 3T
SI96T, AR A RE . (E A M A 2R R
(neural architecture search, NAS) AR5 2| & BT
W 2 25K, Bt 7 — A B I B 28 B Y Efficient-
NetB0™", JK I @ ly— R I EfficientNetBO-
EfficientNetB7, 7E ImageNet ¥4 % I, Efficient-
Net I8 2| [ w=kh BEAHEBLH L . 7% 3h B i 2046 1
(mobile inverted bottleneck convolution, MBConv)
AR EffcientNetBO F 2 (1 HE Al A% o BB, I
gitmE 2 s, H2 @S (Conv) . fitE
IH—4LJZ (batch normalization, BN). 1% E+H
# (Depthwise Conv, DWConv). 1/>SE (squeeze-
and-excitation) FEELAL 1 AT L E  (average
pooling, AvgPooling). 2 /™4 i%E#: 2 (fully con-
nected, FC) Fl—ANBENLIIEZE (Dropout) 4%
HAp #4253 32 (shortcut) FFE ML 2K 36 JZ 1 4 f A
R AR R I AT AR O R B ) DR /N [ IS A A A

AR — Pt T 20 EfficientNetBO (1) % &
LR bR B o R, I 3 o Sl I
CBAM#it, 43r2H#EF (group convolution, GConv)
I T8 VB e 5 4F LA K Hard-Swish WG R B3 2 1
5t J5 B MBConv,  Fffir 4 9 MCBConv it B, 24
N B % A MCBConv #iE ), 10 &8id — A
Ix1 )7 HERR B AT T4, HB R A B0y ¥
NFHEFFER 1586 1, M IEER, A 5CH
oAl G EE T SHEMHE, MR
JH— 4k = (batch normalization, BN) JZ il Hard-
Swish i B8 HUIN R P9 25 (I FRACSIOR FE . Pl
i —A™ kxk ) DWConv i /DM H A S 4w, H
kA3 ES, AR H BN JZ A1 Hard-Swish 35 B8
B m 2% 3R . REE 40T CBAM B, 7

F1-Score= x 100% D

A
mm—m——— -
| b
: Conv, 1x1 [ m—
I
: BN,Swishi A
! |H
! DWConv, kxk
1 AvgPooling
[ BN,Swishi
| v
1
1
| SE FC1
shortcut
: v ¥
1
: Conv, 1x1 FC2
1
BN
1
AL S
: : Dropout : Tt
1
e ittt
1
L = SEASHR
it

K2 MBConv B4 4

CBAM B 1 43 531 1 47 ~F 35 th A6 R0 5 KAk J5 Al
I, 2ead Sigmoid B %5 il AN CBAM BB IR RFAIE
PR, SEEL T 2% (R RUEE A ERLE, STREAE B
BEAT T RCUE . BEJE & 1x1 4 4B R 2 AT BR
Yk, @It BN 2G0T — A I8 R e A 8 e
P43 404 R R M 2B B BT ) ) R, SR THE
HZRMBRCR . )58l Dropout /2 )5 5 i NFFAE
PRI AE 73 21 4 R AR AAE

Uik 1) EfficientNetBO [ 4% & 7 45 7 16 A
MCBConv B8t 2 M @GR, 1 M2 R
Ak Z R AN REM K
2.1 CBAMEEHHHHRHR

FLRRZE 2378 2 UG 25 0 0 B 2405 i S BUE R
JUR I AN AT 2 e H I T HE DLIX 23 IR k. MBConv
BHLH SE B HLIE ik 2% S] 3R HUCREAN i 1 ) B AR
X5 NFFAIE B AT 8B R AR D5k . 77 SE ik H 4
SJIEIERFAE, 208 7 G F e g ks v 1 H
MR EBRE R, FERERIUI R RBER A

CBAM B 25 & 7 8 18 ¥ 3= ) Rl 23 ) 3
R, RefE EIE NIRRT T M AT S i
%) 308 8 R 2 (B A B . A SCHR HRs CBAM fik A MB-
Conv 1, £ 38 T8 V3 & IR H R N AE B F 4y
A AT F ¥t (AvgPool) i Kithfb (Max-
Pool), EEEEN—ANHA—AFRHEE N2 2 K5
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224x224x3 112x112x32
: ' 112x112x16

X2
x1

k3x3  k3x3

x2
k3x3 k5x5 k3x3 k5x5 k3x3 k3x3

56x56x24
| 28x28x40

| 14x14x80
P 14x14x112

bo7x7x192
L 73320
i

i
x4

k1x1

7x7x1 280
: 1x1x1 280
1x1x8

]

f

k7x7

x3  x3

x1

@ LERZ MCBconvl 6 MCBconv2 g ik = ﬁ LERR

MCBConv
i A P A
W AR
.* Cony, _o~ .DWConv,L-Jff.., on,
1X1 | Hare- kxk  Hard- [
Swish Swish
CXHXW

1 Shortcut: Stride=1, C= C,

&3  GSCH-EfficientNet £ 1)

Ml (multilayer perceptron, MLP) H, $15 %) 45
ARG 40t sigmoid RS B E R M, E 4
Fi7m o AL SRR SR R RFAE F AR Sl 1 30 46 i0Us
HIBHRAE F o SR ARR, 280 S
Pl 45 5 R AE B F 43 59138 5 21 0 5 i

G iBEPHEE —, REad—ANBuEREch
sigmoid ) &R 213 B E R¥ M, WK S5 s,
Y BT R M AR E F AT /e 15 3 45 iU 1087
fE, FJEEBIMRHERISS & 7 TE =) A ()T
EABAFEL, b T EGEGE B LR,

MaxPool \
-~ I \ sigmoid
ﬁ\&m SR
HMARHEERF Shared MLP M |
J
4 JEIEE TN
— —@—
sigmoid
B AHE R F [MaxPool, AvgPool] SSER

M,

RIS E =W iIK:

2.2 DHEBRMBERL
EfficientNetBO X MBConv #Ht it 1T R S S,
BEE R L& IR N, R 2 A 0 K5 4 i T 4B ik

VR BE AR L T RIS H. [, 53
BN R I 2 BT AR ]
A BRIHN LS, T RO B A R

Hfesi e 25N BE L
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H5%

AR RBVRFAE . FERUNEL 2 2 40757 DL R S5 SR
ML FLER TR SV B R, wTRE ke
B R SCE

AR 73 H 28 AR MBConv H 13 18 45
R, BB SRR, RERIAZARE S, B
RAELWE . 5156, rHERAFEA NG BARE

HORI R, GBS B R, T
PE SN LB RUR TR DB TR R 1, (A A
R R4 P 388 2 ) T LA (2 S R &, 8
AL (5 B LS, R I 6 BT, SN
SIS R L, AR AR A R AT
H, FRTHATIHEAS, ERE PR

: Bt | - L2 |
« NI I
HEFU ’
we [T 1 ] TIIIII0 O T

[CRnnEnnnnfE
Fity )

L]
s DN 0T LT

(a) FETHER

(b) il ERVEER

(¢) MERPELRIELGR

Ko BiERVEIRE

2.3 BURERH

Swish A 2 P B0 bR B BE IR Z IR AR Y B3R
PURRYT, (BAER 31 % I Swish 6 R B 7E 1T
HER. THERAR RS, o SUN:

Swish (x)=x - sigmoid(x) D)
sigmoid(x)= ! — (10
(I+e™)

A% 3K Hard-Swish 15 24 0 b8 8, 6k /b 15 7
TSR, RIMECER, sl D pos.

Hard - Swish(x)zxw an
ReLU 6(x)=min(max (0, x), 6) (12

WM %Z Swish 3% 2K $URT Hard-Swish B35 b8 £ 1)
R ER BRI, AE [FRE X T Y 0 B EUE 22 A L F 2 —
1%, {H Hard-Swish 30 B 20K 50 #2589 &
REAR B 1 OR BA 0% R AR AR G It e, S B iDL &
Hm HAR AL 5 A3 B 0E R B

3 LI

%6 ¥4 BreakHis £ 242 LL 9] 8 & 2 40 Al Zh4E
FMREE, FHIIZREER) 20% 1E NI IESE . A
X H Python i & . PyCharm 5256 °F- & . Pytorch i
FEIHERE . FIFHBENLER B N (stochastic gradi-

ent descent, SGD) LAk #% K & /IMEAZ UG $5 2K bR
B, HRZIB KSR 1% ) K,
WG ) R B N00L, RIZBAKSHEEN
0.01, UIZJAHA (epoch) 4300, #tE K/ (batch
size) W HEN16.
3.1 SKERSH

GSCH-EfficientNet #5284 (1] Il 25 2 2 4n & 7 fr
N, BEE SRR B RGN, GSCH-EfficientNet 5
R 2R AE R 2R AN SR AE R R OR W T 5, HERfR
Ay kR T 98.9% A1198.4%, I HlZkidfEh —
FEAR /N, F W GSCH-EfficientNet £ 7 B A5 [
Uz AL RE
3.2 HRLSCIE

N T SRR TS A TR, R MG A R — T 43
AT T SR8 . W 8 BTN, 4 EffcientNetBO0 437l
5| N\ Hard-Swish 375 pf 2. CBAM B, 7245
FUFN I8 T8 VR BE AR B, B e A 4 il w4 8 H-
EfficientNet. C-EfficientNet fll GS-EfficientNet, J
HER R HIEF) 7 93.9%. 94.3% F194.7%. %4
3 T 24033k 75 %1 (1) GSCH-EfficientNet £ 51 i ify K ik
F 98.4%, = T FE £k W 4% EfficientNetB0O L & C-
EfficientNet. H-EfficientNet 1 GS-EfficientNet,
SE T ASCHR e vk
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HERR AR M2k
1.0
h ki i ACE
0.8
¥o6f
g
&
0.4
02 (1 simm
— WEERR
— YRR A
0.0 L— i . . L L L
0 50 100 150 200 250 300
LR
El7 GSCH-EfficientNet BEA I 2250 R
HERIAR Lk
10
09}
0.8
g
& 0.7
0.6 | —— GSCH-EfficientNet accuracy
—— EfficientNet accuracy
—— C-EfficientNet accuracy
051 H-EfficientNet accuracy
— GS-EfficientNet accuracy
L 1 1 1

1 1 1
0 50 100 150 200 250 300
EUESEE Y

8 DAY HE R A< B0 IE Hh 28

SO R M R S BN R 2 R, RPFIH T
VGG16 il ResNet34 i f KA AL 1) 2 8 & (parms)
FiitHE 2 (FLOPs) 1ENZ% . 5L W 4 Effi-
cientNetBO #H Et, 24 /X 2% {8 B} Hard-Swish 1 4 30E
BRI, SRR RS S T 0.7%, HUSSoHE
Ps MWLk N CBAM I, fE3IN T /b &S
RGO TR RUER R = T 1.1%; UM%
I HAGFRF A E R PR R, A S HE k>
T 1.38 MB, iHEEE/D T 159.23 MB, [FAIE 432
BRI = T 1.5%;: 24 MW 4% [5) B 5] A\ Hard-
Swish. CBAM 3t 73 2H 3 £ J 3 VR vk 5 1
W, o 2RUER RIS T 5.2% M HE S HeE At 5
B0 T 1.07 MB AT 151.24 MB.

33 #EEM

3 3 0 1 4R 2 ) GSCH-EfficientNet £ B (1) V&
AR, BoR T ARSI S 5 . HE AT A
A2 7~ L e 28] 1) B SRR PN, R

R2 BUHRBMERERTEE

feit] ACC/% parms/MB FLOPs

VGG16 88.8 138.36 15.5GB

ResNet34 92.0 21.8 3.68 GB
EfficientNetBO 932 53 399.36 MB
H-EfficientNet 93.9 5.29 399.36 MB
C-EfficientNet 94.3 5.59 407.36 MB
GS-EfficientNet 94.7 3.92 240.13 MB
GSCH-EfficientNet 98.4 423 248.12 MB

(A U 27 20 2 TE A 1 LR g T ) i, T et £
22 A A T 2 7 B R 0 2 1 L R e B T PR B
TREHE 36 2R BB ERR , AR o I
5. EfficientnetBO0 7E A5 _F 15 3 AR AR5 B4 4n
&9 filt7r, GSCH-EfficientNet 78 I3t 4E 15 5 ()R
AR 10 frs.

TRVE R
Iy 436
500
DC
ol 400
@ LCr 300
=
EMcC
200
PCH
PT} 100
TA} 0
A DC F LC MC PC PT TA 0
HYMEH
9 EfficientNetBO 7EMIREE L (1R IEHEFE
TRIBHERE
A P 500
DC
400
F
m LC 300
=
EMC
200
PC
PT 100
TA} 0
| L 0

LC MC PC PT TA
FLYH
10 GSCH-EfficientNet 7£ XA |- TR % H b4

A DC F
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AR H5%

A5 MU TR TA RN F X R 2R 000 BBl 7
BURIRIE S DL, W RE R 3, Sl s
XF TAFVF (IS 2 738 TF, AR BRRS B 22 4y
N 85.8% 86.2% 1= £ 98.4%. 99.8%, HEWIK
Uf i X 53 F A TA PR MG . ot o 1S 2 7 oA 1
JiEg R AR ) B A B T iR, SOdRT TA TR
68 5K IR FINF, 245KFINPC, 21 7KiEFINDC,
TRRHANMC, 25KRHA N A; ks, TA Bl
HiRECN 0. SUHERTPTHA 165K RN A, 8iKiR
FIAHDC, 185KiRFAIANF, 35KIEHAINTA; ks
PT FAS R EN 0. Buidt A PC H A 2 3KiIR AN DC,
3RIRFAIMC, 35K IR AN PT, 345K %K N PT;
Sk 5 PC FRINAS R BN 0. SR A R 9 5Ki% H)
NPT, 15KRFAINFE;: S0 iE A A RECH 0.
34 ERRBIAELERA S

T BRI SR KT, Ak TR
& 0B M EfficientNetBO. MobileNetv2 Al Shuffle-
Netv2, LI & KA B VGG16. RestNet34 Fl
DenseNet121 5 GSCH-EfficientNet 174 bt . & 11
Fon T H/MEBIAE IR UE4E I HERf AR (it 2%
EfficientNetBO. MobileNetv2. ShuffleNetv2. VGGI16+
RestNet34 F11 DenseNet121 HJ M R > ml ik 3 T
93.2%. 89.1%-. 90.9%. 88.8%. 92.0% #192.1%,
A LA i GSCH-EfficientNet SZH 7 5 & (I HERA X,
SO J5 REAE I R b otk BIAE e, s

7RSI
1.0
0.9
0.8
ﬁ;
ik
—— GSCH-EfficientNet accuracy
— EfficientNet accuracy
0.6 —— RestNet accuracy
—— DenseNet accuracy
—— Shufflenet accuracy
0.5 Mobilenet accuracy
—— VGGnet accuracy
0 50 100 150 200 250 300
ElEE]

B ERE R UE 2T L

FARAENASE EETR S, K. dR
. RE 5 A F1-Score [ B A4 B4R 4 5% 3 B,
GSCH-EfficientNet /£ ACC. P. R. SP flF1-Score
b It EfficientNetB0O 73 7l % &t 5.2%.  5.8%.

6.1%. 0.9%. 6%;: Lt MobileNetv2 73 7 H 9.3%.
9.7%+ 10.2%-+ 1.8%-. 10%; Lt ShuffleNetv2 43 7l
EH 7.5% 7.7% 7.9%- 1.4%. 7.9%; HLVGGI16
S E H 9.6% 10.1%. 11.5%. 5%+ 10.9%; L&
RestNet34 73 5l H 6.4%. 6% 6.3%- 1% 6.2%:
tb DenseNet121 437 = H 6.3%+ 5.9%. 6%+ 1.1%-
6%; £ IR A rp S BreakHis 2 g 223617 8 70 25
f£4%5, GSCH-EfficientNet 575 1 fiz i iR 2R 98.4%-
W 2R 97.9%. B A R 26 97.8% . =i R
£99.7%. %7 F1-Score 97.9%.

3 BEBMEREXTEL
] K5 el S Fl-

b /% /% /% J¥/%  Score/%
VGG16 88.8 87.8 86.3 94.7 87.0
RestNet34 92.0 91.9 91.5 98.7 91.7
DenseNet121 92.1 92.0 91.8 98.6 91.9
MobileNetV2 89.1 88.2 87.6 97.9 87.9
ShuffleNetV2 90.9 90.2 89.9 98.3 90.0
EfficientNetBO 932 92.1 91.7 98.8 91.9
GSCH-EfficientNet ~ 98.4 97.9 97.8 99.7 97.9

3.5 HHKERDH

A Fif A Grad-CAM # R 8 3+f 3£ T GSCH-
EfficientNet 1 7L IR )98 2 Wi 5 v 1) vk SR S #E, I8
Iz AR AT DLW R A N R R R AME R X3
X} e 2443 0 H IR R B AIE AR A . AR SCR R
N2 B e — MR E B EEA AT B, R
N BEG AR R SCE  RBE X Ik, B 12 R T 3T
GSCH-EfficientNet £ 7 ft] Grad-CAM X A [A] JOK i
O 0 FLIR A 205 38 2 UG BT SR AS [ A H DLBOGS B
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