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TR pt KO TIAR (e 1 2 2R EEMGOMO AR 72 2, s I 0 Rt 2 3R EURAT T A 4
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TEER NI F R RIEE 2 LR ST E 57 K (Sloan Digital Sky Survey, SDSS)FE A i 4 #E
WR®I599.37%. e B & HEER. HEER, SHRERSNEERNFUEDH999.33%. 99.58%.
99.33%- 99.41%599.16%. %% %! HInception-v3. MobileNet (Mobile Neural Network)flResNet (Residual
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TE#4%; HosnyZF LR FH DU ot R b 5 —
TCHENL T TR R EEN B RIS HAT 52K AN
THESIHEPIBERPERERRE =T, 8
KBk 2 1N LR e B AR B2 B B RAMT R
I3 SR ERILE 5 REHIE-3 H
#5721 n] DL Bl R S AR A [R] 4 B2 52 BURFAIE
EEIFRRE T RS m4E 5 430 () 1) LK, I
I ST N GRS TR AT N TR BT
) I /F #. Huertas-CompanyZ§ 3% 5 Freed 23614}
K H 32 #F M) & HlL(Support Vector Machine)f]
J7 kR ok HSDSSH) B & Bl k4T TE & 4 2K,
Huertas-CompanyZ63145 H 7 % K2 RS K
BE Al 1, Freed B0 A [ B R 5 g i B &
HEAT T 202K, Almeida5P7R Ak E R K H
% (k-means clustering algorithm)*fSDSS/E & )
AT R BRI Z AN, RE T B R A KW
#% (Convolutional Neural Network, CNN) 1735
BT R RIE A F 2K, W ie A A (Rotation-
invariant) %5 f11%l, ResNet (Residual Neural Net-
work) % BB, B ML AR #(Random forest)[ 0, /)
FEA 2% 2] (Few-short learning)*. & H 9mbid 5
LR 2] (Convolutional autoencoder and bagging-
based multiclustering model)*? FIEfficientNet [
#1431,

XU RILA I KTTE S AW i g &R
SOULIIHHE A R AES) TR RTEA 73 RO K .
SR IX 853 KT WARAE A A 2 RIL AR &=
A RRAE G R HE S ), & AR A RTE A
2R LAAR AL 73 ST B 5 7y R HE R Rt AR 2B K
B Inception-v3 1 £ X 2 7E fift v & 73 RAT 55

RIEE GEE, TERGIN T W 2% AR 2 1 3R A B8 7 (1) R f
AR T IR L (2) M i 45 44 7T DU T SR
FE D WA R 45 B (Squeeze and Excitation
Network, SE)M4il i i1 & J) ML s i 5 2 >3 i 75
3, BRBURFAE P A0 ) B AR, S0 B &R
TEA FAEAS K BRSBTS, Lhph 250 X 4 ST AR
PR @ TE. A SCH T — F BlInception-v3
P22 W 25 O TS50, b e SEE IE v = L Y
BRI 77 AL, AR 1 028 1) 06 P S5 IR
JEZ, 8GR RR LS, 3 K MK R AR BEAT il
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LT, 2 R IR A J5 R 2 ST T 45 3 o 4
5 RIVARHE, B T B RIB A4 KB e
WA AR B, e M 2 R PR bt
R AT M 45 R R O 6 2 1 4 KB
%

2 Mg IRE
2.1 Inception-v3EFMLE

Inception-v3## 4 j& H Google T & 1] AIncep-
tion ¥ 2% &5 ¥ 14 BR 1) ZE3ARCNN4Y 28 4%, Incep-
tion R HR (1) 32 B AR B 2 AR Loy R Ak AR I SR
R Ry (AN s e R G E G T it S | N
frEH, R EWENTR. 2SR EEEH 2
M I S5, EE TR RR AR
XFRAA EE AR SR AR WAL (a) PR, B
x HBEFUERHMAS x 3HIEHARE, 77 Lii>28%
s ST EE, R RSN — AN R
Hodb g 7 AR ERIARE 77, 15 N 4% R R AIE
BB, AN T I SR . EXS AR S
a1 (b)FiaR, 3 x SHIBFRAL x 353 x 111
GRS, Tl 33n s HE S THRE, X
T A X6 PR ) 5 AR 45 ) 4 70 RE 0% A B BE =R & 1K) 7 [
FEAE. Inception-v3IW 4 45 14 4 B2 7w, A% A\ 3
G E 3N ERE. 1IN RKIBLE. 216/
=S R 0 3N LK £ ) =N B R N = N o 5 B 3 1
{tJZ. Dropout/zZ. £ i%E#)ZE 5Softmax/Z.

K1 S RETURERE, (a) RS ER; (b) AAEXTRAS #E
.
Fig.1 Structure of decomposition convolution, (a) the

symmetric decomposition convolution; (b) the asymmetric

decomposition convolution.
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1 Convolution

B MaxPool mmm Fully Connected

s D
B AvgPool S;?tlr)r?;):
B Concat —
K 2 Inception-v3MZ5&t
Fig.2 Structure of Inception-v3 neural network
2.2 SEREIEINF filE, & REAE AN U RRAE B R /N I A L R X N

SE & — i B 4 B F 0 38 38 v e B, %ﬁ)ﬁﬁl_lﬁﬁﬁﬂﬂaﬁ, HL W 2% S K an B3P,
46 (Squeeze) il (Excitation) 5 ScalefH FefF 1k SEIH@E A 2= AU B4 DL R4 5 3R

Fo (-.W)
qu() —>

X U / 1x1xC 1x1xC \ X'

H Fi H Fscale("') i
—> —> > —>
w' w w
C' C C

K3 SEMSKZLEHE

Fig.3 Structure of squeeze and excitation (SE) network

(1) Transformation (F',): 25 & — M N\ FHIE B
KX, 4EfENH xW'xC", Forp H' 5% 5 [ (Height ), Z=FqU ~Hx WZZU a,b), (1)

i=1 j=
Wi (Width), CRIBIEH (Channel). XISt 5y a0 oo e e e sl b 2 0.
BT BEEUSIIH x W x O

(3) Excitation (Fex): ¥ Squeezet®{E1G 3|1 Z
i WECH RN E L, G @A BN T2 4 T R WA IR TR B A LS,

(2) Squeeze (Fy,): Squeeze Tt I 2L H x Wi RS TR 2 B — MBS R, MEZEE
W x Cilid 4 Rt E45 AFHEm &2, Bl x 1 FUEZEEREW R4 HL x 1 x CENL x 1
x C, U THH x WIESi s —4E, 1% — 4506k x C/R, BAIF222ERZW,, 4EEH1 x 1
BT H x WaRME. (1) 2Xps: x C/RZ N1 x 1 x C. & WEEEREGEE
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1.8 H A R BB R R A FEE ACE S B, an1(2)x
Fros:

S =Fo(Z,W)=0c(Wy6(W1Z)),

Hrh oA 1Z A2 W IS R #Re LU,

(
<0,

3)

HAr, o5 for RN ALFR I IUE, oK 22
IR )E W, S PR L Sigmoid,

1
14+e2" (4)

(4) Scale (Fya): ¥ Excitationd§ 4= Al 1AL
H () 5 SHNALE] 46 f N R AE EU I AN @ iE b
RURHE U R A EERNH x WAEUE A SH
X L I8 [P RUAA, (875 2 FA VAR 2L A RFAE I X,
RSP RANSFHEEU 584 —F, SEREA SRR
BRI, n(5) R,

X' = Foue(U,S) =S xU.

(2)

L,
0,

ReLU = f(z) = max(0,z), f'(x) z>0

Sigmoid = f(z) =

()

2.3 SE-Inception-v3Z5#

AW 7 BISE-Inception-v3E R & 72K
B A JE B T A% 2% S W AR A S HOHE AT 0, DAn-
ception-v3 M 2% 45 #4 R FE A, IS INSEIE & v & I
), Ao AR R 39k 3 ¢ DGy R R R EE i H AR X
TR SR U B AT

L% 5 21 2 48 — AN B FE A 58 i 21 55
YA 225 10X 265 I8 FH 810580 A At A7 22 ST I 5.l
WIN 5 5 BE e 28 ) 288 12 28 (1) i L2 2 ) B 12 i
REAE, [l 55 X 26 2 0 3, B R 2 1 DX 28 B A
T2 )8 ARAE, (R R R I8 AT A 3
FlAH G A TR B 5 AR i 48 X 28 S i, 28t Tt
IR IR 0 286 A5 R0 0 LS I 2% 45 0 5 2 5015 B 1
Iy, AEORUE 28 258 — S aT 32 T, (0T LURH
T 2R 2 A E S HORVITR AL HT AP & N 451X
FhSHOT R () 77 SR A K 1 #8288 1) 2 T
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W E4F i LB TR, £ E3E T ImageNet 50 42
I 25 58 BE ) Inception-v3t 8 Ji5, FH 3 X 265 A5 77
H 4 32 )2 B ¥ 3E T ImageNet B4 £ X 24 455 70 1)
2ERE, K ImageNet Tl 2:45 21 AL E S50k
WITEAHT A, 75 REURE DIIZGRIRSH, |
M BRI ZR5E 5. HE T TmageNetE s 42115
SEEEII M I 25 AR AR D), Il IR AR I
78T B R IREARE, 17557 M 25 1580 B A 56 g (1l
SRR L R S

w4 ) F B iR, SE-Inception-v32 &
A5 BB F 4y NBlockl. Block2, Block35
SEF:4M B -

(1) Block1JyInceptionXf Fr z 73 fift 4 B &5 1),
AN X E¥A1 x 1R, AR B G
AR, T < 109588 8 58 A1 AR
BTG ] R RH A, FE BRAR 2028 %A 28 2 i 5 1) [F]
BF SR BE DA R AR IR 3R 0A e

(2) Block2yInceptionsf FR el il AR 1) 4 g
ik, W1 x nBRPHEnx 18 #Hin x nblb
Mg S E SR E, BRZnFIEH3. 5. 7% %
B, ZAEHGE T 2 ) DL BUE RIEASFHIE
5, RHIEE 2 SR, NTE RIEAE Bt
D FRAT RIS

(3) Block3yInceptionIERf R 73 i B A S5 1),
ZAEPUE T W E DY s AR IR R &
YERMERAE, Block3EH ] BRAIRLI33% 1 45 2 41
. GRS 0 A AR A 8 I 4 ()R B AN B 1)
FIE, b TS HENHE E, Bk A
A, 13 Inception-v3H £ W 28 AL B A % £
B (1) v v B PR R, SCORIE T I8 I 448 20 1R A i k.
Ak, ZA B SL FE AR S T 9 A hn 7 2
ANBOE BREL, RKRIET TR AR 2R ERAE BE 775

(4) SESZ I8 3 = 1AL ) e 2522 1) P A i
T3 3 e A 2 S AR REE R A, R BIE
PRI NH x W x C, #id 47k (Global Pool-
ing) 5 42 % 2 2 (Fully Connected)$F7 1 N1x1xC,
SR G AR B G TR, 45 ANl iE I T AL, TR
Bt i A0 T8 ) 2% A S, FE S = I 48 3e AT
I [R]  [E] I Sb 7 280 A



65 & FLABHEE: 3T SE-Inception-v3 [ R LA ApE A

Inception-v3 model Softmax

=
EEET . EEEZS B
=TS 1Y >
SEiRaiac oL
| vl ] — .
A O o O " : " id
EEEL O BEEEE L L O [ >
Ty - - - - >
NELEEESOEn Input Convolution Pooling Convolution Pooling m
ImageNet Dataset Paramater transfer l Fully Connected

SE-Inception-v3 model

Input | conv2d(RelLU, BN) N conv2d(RelLU, BN)
[size, 299, 299, 3] 3x3, 32, stride=2 3x3, 32, stride=1

conv2d(ReLU, BN) || MaxPool econv2d(ReLU, BN)
1x1, 80, stride=1 3x3, stride=2 3x3, 64, stride=1

conv2d(RelLU, BN)4 MaxPool ) Block 1, module 1
3x3, 192, stride=1 3x3, stride=2 [size, 35, 35, 256]

Block 2, module 1

< SE Block 1, module 3 | Block 1, module 2
[size, 17, 17, 768]

“" Isize, 35,35, 288] © [size, 35, 35, 288]

Galaxy Dataset
Block 2, module 2 | | Block 2, module 3 ) Block 2, module 4 Fully Conneted
[size, 17, 17, 768] [size, 17,17, 768] [size, 17, 17, 768]
Block 3, module 2 Block 3, module 1 Block 2, module 5
) — «(SE '« .
[size, 8, 8, 2048] [size, 8, 8, 1280] [size, 17, 17, 768]
Block 3, module 3 SE AvgPool
[size, 8, 8, 2048] 8x8, stride=1
Base
Blockl1 Block2
Base

AvgPool conv2d(1x1)  conv2d(1x1)  conv2d(1x1)
v v v
conv2d(1x1) AvgPool  conv2d(1x1)  conv2d(1x1) conv2d(1x1) conv2d(1xn)  conv2d(1xn)
v U

conv2d(1x1) conv2d(3x3)  conv2d(3x3) conv2d(nx1)  conv2d(nx1)
conv2d(1xn)
conv2d(3x3) 1
v conv2d(nx1)
Concat 7 ‘
Concat

Block3 SE X
Base Inception

Global Pooling
Fully Connected
Fully Connected

Sigmoid

X

Concat (a) Inception-v3 (b) SE-Inception-v3

conv2d(1x1) conv2d(1x1) AvgPool conv2d(1x1)

conv2d(3x3) conv2d(1x1) conv2d(1x3) conv2d(3x1) d

conv2d(1x3) conv2d(3x1)
| |

Kl 4 SE-Inception-v3/E REA; AR

Fig.4 Galaxy morphology classification model based on SE-Inception-v3
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a4 1) H B s, SE-Inception-v3&2 R
A5 R ALIRAR M N HE B 9299%299* 3 1) K 3L K]
GE s, HEEAN—ME3213 x 3R Bk
(stride) A2 % 2 (conv2ad), L idReLU #iF bR
%5 4tk 15— 1k(Batch Normalization, BN)4b # j5
@I N B E. IR K E 205/
B IR KGR 14MRA BN — K
N8 x 8 MK NIHIF i = (AvgPool), H
Ji Y6 ANDropout/Z £ #- i r Fa & BRI & G, i1
2GRS O R DLk i LA, AR e R IR N4
ERE 5Softmax /2, et B RIEES KGR,
Hdt, SE-Inception-v3# B 75 & N & ZE 5 A
HIReL U bR £ nT LAHG I 8 () 26 1%, TN HY
VA — A AT DAJsk /N X 285 P 5 157 2. SE-Inception-
V3R RILAS 3 FB Y AE X 25 i v 8 G 1 M N B
i RFIEGE B LR AR s 4RSS
TE W 28 Joy S idE AT Ab BE, 33 T IR X 2 I 2R . A
H) 5 Gl AR 4R RN, TEANFRAK I 28 R 7R Re 21 [R]
Bf SO 22 ]38 B . SE-Inception-v3AE B 44 i 25
1) B 2 TC 450 0 3~ 187 PO 265 45 J2 06 % 4 110 AN B50RD
WX 2% 2 H0, FFAT HE 0 X 2% 58 -5 R A A5 X 4% P
SN

3 HiEESR
RALROR T H 7 [ A 5 18R (SDSS) '
Fe i 2RI H R e ) A, R T
291 /30 R IX, Hord GG Jb R 3R (1) — 2 A2 3 43 7
KERKIX. SDSSHICCD (Charge-Coupled Device)
M & 48 F) FH6ZHCCDIR] B %F R A4 (54~ 3 B (u.
g 1 i 2) BTG, BRAT 1B B A RARKIKE
WFes, FExr K m300% T AMERE 5 2 KT
TN, XL R R REIERAE R EAE R g, 1 X
3B, SDSSM uli b # 4HiX 34N i B & B D
Y, NH PR ERE RILE 0 IRt

EEWAlEACTE RS
AR SR A B B A B R R T Kaggle - 5 1Y
Galaxy Zo0o2, Galaxy Zoo2%(#i % X & HSDSS

“https://www.sdss.org
2https://www.kaggle.com
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DR7 (Data Release 7)[JRGB (Red Green Blue)®
BB A, H PR EEE G SQL (Structured Query
Language)i& fi) \SDSS[1JSkyserverF- & 3k B2 &
F&H s, Galaxy Zoo242id & B H # X 2 R K
Fr 4 B R RbR . W B RIS TR ARG KA H
W7 128 B 2 4y i i (Spiral ) & & [J T (Comple-
tely round smooth) /£ &, H'[f] (In-between smooth)
B Ry F IR (Cigar-shaped smooth) 2 & 5] 1]
(Edge-on) 2 R4, ACRH G E R KR
W 4% FEWillett U514 (it ) B2 3R T2 45 43 25 40 ) A
Galaxy Zoo2HHkik B RZAEA. B RIEFFHEWERL
Fras, HHT01-T115R 7~ ) 72 Galaxy Zoo2H )11
MERIE T FEF LR, freatures/disk NE —
sk B R B KON BA BOR G R,
fedge—onnofRNFT — 7K 2 R B v B 4 KON AEMI 1) 2 &R
IREZE; fopiral yes TR — 5K 22 58 B 7 4 53 2 9 Tig ity
B RMEZ; fonoonRE KB RE 150 KNP
HERHIME; feompletelyrouna TN BT 17304
R REIMEZ; finbetweenRE —TKE RE T #
FRRET TS HIR A BIEZE; foigar—shaped TR
B 73 FEON AR B8 R, Noampleft
AR G U AL

AL M Galaxy Zoo2H1 43 7 Fk ke 34008 A [7] 2
RILERE R AERNE KRB 5 B8 1) 5048
A, Horii oy B RSB B R, KRS
FE1L:3: 31 bR HERENL 20 MU, B IEEE SR,
W2MTR, R REEA T 254 22005k
ERE T, Bk SIS 5 7 N6007K.

4 SEWIRE
4.1 ZHFE
(1)E:AE R %:: Windows 10;
(2)E B 4 # #5: NVIDIA GeForce GTX
950 M:
(3) IR 2= S HESE: TensorFlow 1.12;
(4)4mF£15 5 Python 3.6.5.
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*1 ERWEEFRE

Table 1 Galaxy data selection criteria

Class Class-name Tasks Thresholds Nsample
To1 ffeatures/disk = 0.43
1 Spiral TO02 fedge—on,no = 0.715 3400
T04 fspiral,yes = 0.619
TO1 fsmooth 2 0.469
2 Completely round smooth 3400
TO7 fcompletelyround 2 0.5
TO1 Sfsmooth = 0.469
3 In-between smooth 3400
TO7 fin—between 2 0.5
TO1 Sfsmooth = 0.469
4 Cigar-shaped smooth 3400
T07 fcigar—shaped 2 0.5
TO01 ffeatures/disk > 0.43
5 Edge-on 3400
T02 fedge—on,yes 2 0.602
*R2 ERVUBREMRK
Table 2 The composition of galaxy dataset
Dataset Training Validation Testing Total
Spiral 2200 600 600 3400
Completely round smooth 2200 600 600 3400
In-between smooth 2200 600 600 3400
Cigar-shaped smooth 2200 600 600 3400
Edge-on 2200 600 600 3400
Total 11000 3000 3000 17000
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Bl 5 RAEHSDSSHIEALSRIGHA

Fig.5 Galaxy images from SDSS dataset

4.2 SWPR

Galaxy Zoo2 R 1h B R~ h424*424, K
BIAZOR ST o R T A%E 28 7 AT 32 05 Ak B N 225K 1
Hic BB e, 2k 0 R RS A X B R B4
TS . FERUE BARME ARG, A SO R 46 MR
HBYN299%299, BE 5 K AL R B AR B R IL S RHIE
B EEE S TR R gt R A, BHEROIZR
& (batch size) 167K, *¥ 2] F (learning rate) 40.01,
YIZRJE BA (epochs) 1451k, 2 RN UL ik
% 3 1 NSE-Inception-v3#& B i3t 47 Il &%, @ i 11
5 Softmax /Z H i H 525 € B R SRR E =
FIRZE, KA R 22 Xt 2k %L (cross entropy
loss) I BEAN 224

H(y,y') == y(2)lgy), (6)
Horhy bR, o/ A TINE, H 28 O R .
A2 SCJGE 220 ] R 2 7 S MR SR A (0 B, A
A SURGAE AN, PR o Al Y ghiE Rt
IETO0HL VR, 56 AIE 4 B S S Il Zhbi H A R 3R 4T 7>
R RO, BR1Z 8 B E 240k 3 T
BRI I ZRSFEETR, RAFE RIS BRI 2
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BB, fJa AR X SR 1 B RIE A 732K
B FEAT HER R I0E, Fath 2 R REE IR

TN AR
A3k ) 2R HE# % (Training Accuracy)s %
UEHEAf % (Validation Accuracy) Y2545 2 (Train-
ing Loss)s % 1F 451 2K (Validation Loss)>k P4t 2 T
SE-Inception-v3H & RIE& 7 KM A GES
B UESE TR RE; 1% FH VR i 7 B (Confusion Matrix).
R 2 (Accuracy ) ¥§Hi % (Precision)s A A% (Re-
call)s FUHE(F1 score)RKiTAli 2 RIEA 41 FRBIALT)
MR RE. IR HER R (7)) AR T ERES
Iy BRI SR IO HERA JE, e rp X ctual=true [0
W REESEPR N E R I, X Prodict=treff )| grtk v
T A& EC R L.

4.3

Z Xprcdict:truc

train
Xact_ual:true '

Z train

TrainingAccuracy =

(7)

BUE A 5 40 (8) :UANR T B RIS KA
IS UE AR A HERA B2, b Xagmal=tre QR IR IE SR
SRR A EAORE B, X er=rme [ R BESE - B
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RIS DL,

Z Xpredict:true

val

actual=true °
Z Xval

I 2545 2 01 (9) AR 28 T I 2R AR 1 28 XU 2
18, "B 72 1 2 AL 32 Bt b R B 1 1 A 22,
S /N ST T R SRR T B R R A M
RIS, IR R 25 18 55 ORI, Forhr, €09 4R
F NGBS 3N R B R R, pld
PRI T B TI A 2 (R R

TrainingLoss = — Z Z thl 9)

WAUESI AN (10) AR T I IEER IS SR B
{8, BRI, W RIS R 75 28
BRI, For, 0 ARERIIE SR L i B &
B R G IR, pll AREBIUEE HiN 2 R E R
I 2 .

ValidationAccuracy =

(8)

1g(pilin) -

(]

ValidationLoss = — Z Z v le(pid) -

val

(10)

TR B U0 2R3 7 2 Xt 73 2 Il T 45 2R
4, T LU By 2R 45 RO S Bl fi, 45 R
4% 7 HINTP (True Positive). FN (False Neg-
ative). FP (False Positive) X TN (True Negative).
I R A R 2y SR AE B R A |5 AR AR AN B
ELA], B 7 2K il Al e ] B EUL AR VP A, R
AR

TP + TN
Accuracy = . 11
Y~ TP+ TN + FP + FN (11)
*=3 RAEMERE
Table 3 Confusion matrix
Predicted Class
Confusion Matrix
Class=Yes Class=No
Class=Yes TP FN
Actual Class
Class=No FP TN

AT 2 AR AE B TR0 O TE B AR rp S et R IE
(IREAS o5 T 1R RS B LE 3, B AREL T AR Y
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SRR [ X 73 BE 7T, KB b sy, R R S RE A
(KX 7> e F ks, 15 A 20N

TP

recision TP + FP

(12)

A [ 45 S8 B O I R AR o 4 0 O I PR A
AT o5 SEBROU IERIREACHI EL B, 4 ] 2 B 15t 2
RGBT LA BE S1, A ol e, R
XFIEREAS (R RE Tt o, Rk 08

TP

Recall = m .

(13)

FUE 7T DA RE RS B 6 R[] 36 (1) A1 3
1B, K5 T2 AN 1B T F L I BTk R A 25 1), Rik
W R

Fl— 2Precision x Recall

) 14
Precision + Recall (14)

5 XWHERSHR
WGESHIEEKIEEER

K643 T SE-Inception-v3f) B RIE S 0
BRI SrEE ErEm R ihZe. MEIFar %
TS T AT) I () 32 AR 25 A vl 28 2 tH BRI 21038 30,
KR TR REAREROR, NIRRT B ]
Reoxva NAE s AL R s ME, FE29200 S
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Table 4 The results of SE-Inception-v3 galaxy

morphology classification model on testing

dataset
Accuracy=99.37% Precision Recall F1 score
Spiral 99.33%  99.33%  99.33%
riizlzbnfsiZh 99.67%  99.50%  99.58%
In-between smooth 99.17%  99.50%  99.33%
Cigar-shaped smooth  99.66%  99.17%  99.41%
Edge-on 99.00%  99.33%  99.16%
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Fig.9 Validation accuracy comparison of SE-Inception-v3 galaxy morphology classification models with different learning rates

14-11



65 15 K X ¥ IR 2 34
T T T T T T T T T
1.0 - -
09 -
0.8 - .
>
§ 0.7 |- -
=)
S 06 -
< -
05| —— SE-Inception-v3 |
Inception-v3
04| —— MobileNet i
Resnet
03 -
1 1 1 L 1 L 1 L 1 L 1 L 1
-20 0 20 40 60 80 100 120 140 160
Epochs

K10 4fh R RIEZS S IGIE SR HERS Z 3T EL

Fig. 10

F5NSE-Inception-v3t & lnception-v3ti
A, MobileNet 5% FResNet 584 (1) P4 fE Lb 42 SE-
Inception-v3#bE 1 56 1iF 48 & A0 1 i 2614 £99.27%,
i & T HA3AN M 4%, SE-Inception-v3. Inception-
v3. MobileNet5ResNet P £ 15 714 45 1iF 48 Uk fify 2
1K FI85% M By Xt B Il 2k A 43 il 16, 21,
45529, XN FE I I K 20 0 92.72 b 3.09 b
5.18 h54.82 h. H Al WSE-Inception-v3HE AL ZE YL
SHCIH FE Az S 8] 77 AR 5 2 AR T Inception-v3.
MobileNet5ResNet 8 7870 I 4F 1 A SCH H Y
H: T SE-Inception-v3 i 48 N 2% 1] B RTE 7S 70
TR RE.
5 AMERESHLEREIES FRMERELLER
Table 5 Performance contrast of 4 kinds of

galaxy classification models on validation dataset

Accuracy=85%

Ontimal Accuracy y
ONNmodel 7% _g59% e
accuracy consuming
epochs
/h
SE-Inception-v3  99.27% 16 2.72
Inception-v3 93.99% 21 3.09
MobileNet 90.46% 45 5.18
ResNet 93.22% 29 4.82
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Contrast of 4 kinds of galaxy morphology classification models on validation dataset
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Galaxy Morphology Classification Model Based on
SE-Inception-v3
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Nanging 210042)
(8 University of Chinese Academy of Sciences, Beijing 100049)

AsstracT With the rapid development of astronomical detection technology, there will be a huge torrent
of incoming galaxy images in the coming years, making the automatic galaxy morphology classification a
challenging task. To solve the problem of feature selection, the low speed and low accuracy of traditional
galaxy morphology classification models, a galaxy morphology classification model based on Inception-v3
neural network with SE (Squeeze and Excitation Network) channel attention mechanism is introduced.
We select galaxy images from Sloan Digital Sky Survey (SDSS) for the SE-Inception-v3 model. The test
results show that the accuracy of SE-Inception-v3 model is as high as 99.37%, and the F1 scores of
spiral galaxy, completely round smooth galaxy, in-between smooth galaxy, cigar-shaped smooth galaxy
and edge-on galaxy are 99.33%, 99.58%, 99.33%, 99.41% and 99.16%, respectively. Compared with the
MobileNet (Mobile Neural Network) and ResNet (Residual Neural Network) models, the width and depth
advantages of SE-Inception-v3 make the classification model have stronger feature extraction capabilities,
which provides a new galaxy morphology classification approach for future large-scale sky survey programs.

Key words galaxies: general, methods: data analysis, techniques: image processing
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