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Fig.1 Structure of EfficientNet-BO model
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Table 1 Scaling of EfficientNet-BO to

EfficientNet-B7

EfficientNet  Depth Width Resolution Dropout

- N, , N Q EfficientNet-BO 1.0 1.0 224 0.2
b e S > X /\\' N /4/
%Kﬁﬁ#@wmﬁiiﬂﬁﬁﬁm%ﬁﬁﬁﬁ EffcientNet Bl L0 11 » 02
—HIT .
EfficientNet-B2 1.1 1.2 260 0.3
3 MHAIEES EfficientNet-B3 1.2 14 300 0.3
o EfficientNet-B4 1.4 1.8 380 0.4
3.1 Galaxy ZoofE 4T
EfficientNet-B5 1.6 2.2 456 0.4
Galaxy Zoose —MMERBE R, B ER - Net.B
. ientNet-B6 1.8 2.6 528 0.5
AP R RIS ATk 2AEES ST e
z{}\l %]JI_J 9{6%? IEH% ]_J g&gg IEM%E/]/ ;’é EfficientNet-B7 2.0 3.1 600 0.5
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Fig.2 Expansion diagram of EfficientNet!*"]
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Table 2 Number of 5 types of galaxies in the

sample

Class 0 1 2 3 4

The number of sample 8434 8069 578 3903 7806

B SR 1R 0 2 R B A 3T, e 2

AU R R PRER. SHRER. M
[ 2 AR AN 2 &

3.3 EZREGMAE

P40 A ST A T Ak BRI R A2 1. i T 0 AR
F 2 BN A5 2] 1) B2 AR BRI, JRAT]
s AL ) 18 R R R R BB A IR
FEEUG, 1500 K B MR BEAT JTis B, RIS R 47 Ji ot
(Erosion)iz &, Fi47 2K (Dilation)iz &. JFia &
REME bR 202 B/ A, TS B B AR AR
o J i SR AR b 1) v B 0 FE b, TR DL,
RO I L i P B ) ) s e X3, AR PR N e
I AR AR DX AR AME AR, e X i b T g
i iz S G i s S R BEAT K ST 5K,
ROR A HL TR P BE R A v e Xk, B A A I e 3
AR AR DX R R AB AR, e XA . 44
RINABRZHBINE B L A0S, DRIFHEAAR IR AR P2 2
BURHI WIS XA, LR s

K3 HERERMBEOEGONEZRA, ENMEEKIC: BIERR. PEER, THRRER. WRERAERER.)

Fig.3 Color images of various galaxies (from left to right, their labels are: completely round smooth, in-between smooth,

cigar-shaped smooth, edge-on and spiral.)
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Fig.4 The data-flow diagram of Galaxy images pre-processing
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TERATH 525 b A T Efficient Net [ 4 S Y5
AT, IIZREE. 4L LL 41 #5 49:1, EfficientNet-
B0Z EfficientNet-B7#E i % 1) %) Lt 40 3F 7~ i
i F37 LLE H EfficientNet-BOZE EfficientNet-B7 ]
MR ARIE 2] T92%LA I, 7EEfficientNet-B5_L 3,
IIERAR T & B9 HE T %6 2896.76%, 15 B Efficient-
Net-B5% 3 25 WX 2% 1 45 i b5 T 2 RITE S 5
ENE IR

#* 3 AEEfficientNettEEI 2 RER £ S ETLERHER

Table 3 Overall classification accuracy of

different EfficientNet models on galaxy images

EfficientNet Accuracy
EfficientNet-B0 92.23%
EfficientNet-B1 93.75%
EfficientNet-B2 93.91%
EfficientNet-B3 94.33%
EfficientNet-B4 94.93%
EfficientNet-B5 96.76%
EfficientNet-B6 94.62%
EfficientNet-B7 95.54%

F 4 NEfficientNet-B57E 5% 28 8 & H I 5 2534
B, WATRAMES R, R, JRIZELMEF1ISH
K1 E EfficientNet-B5 1 7 K PERE. v LLE HRH
EfficientNet-B5X538 £ RIS AT 702K, &K1
I R R ABEIS T LA b, MRE# R, A R DL &
F153 5% 55 i IR B R AP ERAE9S % LA 1, & Ik
BERTREHE T RS> SEOEHR. HRZEDL
KMEVH0E A A LR R R, 5RE R4
FUER 2 N96.76%, ~FIIFE#I 2% N96.67%, 151
[0 % ~96.76%, “F-HF15$0N96.71%, 43 1E96%
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PL_E, Ui T EfficientNet-B5Xf 22 £ A& 43 2K
S HERIFIZALRE

#F 4 EfficientNet-BhEZ X ERF RN AHR
Table 4 Classification effect of EfficientNet-B5 in

various galaxies

Class  Accuracy Precision Recall F1 Score
0 98.68% 97.63% 97.86%  97.75%
1 98.19% 97.01%  96.53%  96.77%
2 98.78% 73.47%  62.07% 67.29%
3 98.85% 96.12%  95.38%  95.75%
4 99.03% 97.36%  99.10%  98.22%
Average  96.76% 96.67%  96.76%  96.71%

2558 MR B35 £ 7E EfficientNet-B5_F (V& V&
FERE, HA AT N E SR, BN TN . AT LUE H
SRIEHMEEE R, PR R LR E R
BN N825. TTOMITTA, X3 E R 40 2R
IS5 RS 28 TR, JR A B NS IR 2
FAM ) AR T AR R R A A R R
IER MBS W 36 /1372, Hidh, FHAIRE &
A4 ISRIBANBES A N TR IR R A 2 R
R B &, ) B R 5 A 3 13RI B 4
N R HHCIRE RCUBERE R AT
INHRTE R &, F iR RFIERE RIERS LAF
TE— B WAL, BT ARG AR iR o0 25 T 1% 0k, X1
Ttk R AV ) B R AT R X ISR R AL
P KD, BN F A IR 2 ST B EATT R
BHHETTFE 7RG RAE.

T 4~ 5ResNet-26 147 F 1) 5256 048 Sk U5
ME, B ExdBlEE R PRE R SiRE
R ) R RAER R RATRE DK, BTk
A S 56 45 B 5 ResNet-26 1) 5256 45 B AF 1 %t Lk,
WR6FT/~. 1835 T EfficientNetA5 Y M\ R 2% T &£
W) 26 R P DA % B N B o 9 2R 34 4 i 1) 25 A
1k, B HAEXT T ResNet-26: i 47 55 0 2% 1) 55 £
DR WX 48 TR SR A Ak X 4%, EfficientNet-B5 it #E i
R.OBHR. AEERLFUEESH T8RRI,
M6 45 5ok 7] I N3AN 4 5 HEAT AR AL BEHE—
S HR T 25 PRI RE.
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Table 5 Confusion matrix of EfficientNet-B5 in

the classification of galaxies with different

morphologies
Class 0 1 2 3 4
0 825 13 0 0 5
1 17 779 0 0 11
2 0 4 36 15 3
3 0 3 13 372 2
4 3 4 0 0 774

ISR A SO R EAR S e L B R R Bz
fhge 7y, FAVE R4 B R G L 7T A RFEE R
ST R 5% 10%. 20% 50%. TR
iy ng R ) B AR USSR A SCTAL B v, R 2
HIIZREF B P28 SR EAT 73 MR, 45 R AR 7w,
FH 1 7 N N, AR SRR 1) B R TE A FRIEZ 2]
Fom ) 55 AR N S ) R AR R o SRR AR L A
BTN B ARSI 7 e 3 e 7 ) R A oy RS B R e
FES0% ML, ¥t W EfficientNet-B5X} T %45 e Lk &2
RGBS BRI E, AEANEZ AR

%% 6 EfficientNet-B55ResNet-2618BUpY 93 K45 R 3 LE
Table 6 Comparison of the classification results between EfficientNet-B5 and ResNet-26

Model Accuracy Precision Recall F1 Score
ResNet-26/14 95.20% 95.12%  95.21%  95.15%
EfficientNet-B5 96.76% 96.67%  96.76%  96.71%

®T7T FERESHREE TS RLERIEE

Table 7 Comparison of classification results under different levels of Gaussian noise

Model Add Gaussian noise level Accuracy Precision Recall F1 Score

5% 78.33% 78.65% 78.27% 78.25%

10% 79.47% 79.933% 79.63%  79.75%

EfficientNet-B5 20% 84.67% 84.13%  84.52%  84.25%
50% 81.51% 81.01%  81.72%  81.58%

0% 96.76% 96.67%  96.76%  96.71%

RS TR 5 2 AE R SCE A ) R R
Rz, (HR B K AFAE I BT R TR S
R )R, % ]I AP % £ 5 B R DA A A N BB
PR3N YE L LR A UL R B Efficient Net 32 2
RILAR 5 TT, 18I 250 mT DLE

(1) EfficientNet-BOZ% EfficientNet-B7H] 1
FRAIE R 7T92% LA |, H FEfficientNet-B5 L3k 1§
T = I UHER R N96.76%, 7] WL EfficientNet-B5X
L2 W 2% I A TECEL s T B R TS 4y KT 5
JIIEERIE

(2) ResNet-2638 1§ 98 /4 24 [ 58 2 Jik D>
2R FE SR AR AL N 2%, T EfficientNet [7] B X [ 4% %
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I 2R BE DA A N BB 23 1% 22 AT 4 IOR AR
s, I 0T E 45 R, (]I 0 34N 4 i 3k
AT RERE— 20 52T I 2% R RE;

(3) EfficientNet-B5xX} T 115 Lk & & EHE 1
RGP ENAK, FEEAES0% ML, Ui W 1% AR Y
X TR R R G A B Iz A fE

BESRE

B A R 2 S R I [ 388 TR % R AR PRI R e [ AN
W T, AR BRI B R SO ) Ak B AR
TR IR, A S TR B X 4 A7 A W 2% 1 T e
JER. WSHER R @, K EfficientNet N H T 2 21
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Research on Galaxy Morphology Classification Based on
EfficientNet

Al Lin-pin’ XU Quan-feng! DU Li-ting! = XU Ting-tingZ  GAO Xian-jun! LI Guang-ping!
ZHOU Wei-hong!

(1 School of Mathematics and Computer Science, Yunnan Minzu University, Kunming 650500)
(2 Center for Astrophysics, Guangzhou University, Guangzhou 510006)
(8 Key Laboratory of the Structure and Evolution of Celestial Objects, Chinese Academy of Sciences, Kunming 650011)

AsstracTt The structure and morphology of galaxies can reflect the physical properties of the galaxy
itself, and the classification of its morphology is an important part of subsequent analysis and research.
The EfficientNet model uses composite coefficients to unify the depth, width, and input image resolution
of the deep network model in a more structured manner. This is a new deep network optimization and
extension method. This study applies the model to the classification of galaxy data morphology, and the
results show that the average accuracy, precision, recall and F1 score (Harmonic mean of precision and
recall) based on the EfficientNet-B5 model are all large than 96.6%, which is a significant improvement
compared with the classification results of the ResNet-26 model. The experimental results prove that the
deep network optimization extension method of EfficientNet is feasible and effective, and can be applied
to the morphological classification of galaxies.
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