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F K (Sloan Digital Sky Survey, SDSS), COSMOS ik (Cosmic Evolution
Survey, COSMOS) EiZ 500, 2 R EHE 2 IR EIGKES, Hr el
FBATRRCFEEN “REHR” WA fEE R R ITH, BEHRES AT
BT R E RIEA R CEL T e WFEEZN. Pl =Rk, HEfHIX 5
B RARKMBEREAANFEESRFEN, ANEE. S48 izEREnEeR, E22
RIUE BB ) B 2 BT — 0 AR ML SR Pk AT 55

BTGNS I NERIEE KT, FEIIRNIFE LR, 729U
BURG TG BT R BURAAE ,  RRAE SR B P IR B TR E T IR 0 IR A8 1 40 28 1 g
TN R R I AT LU E 4R 2 ok BA R m bR e, 8 N LA
REAIE P B R RN 32 MR i 73 SR R R . AN SCHE LG0T T AlexNety VGG
Inception Fl ResNet 545 MG A2 M 2% (Convolutional Neural Network, CNN)
AL b, PR T — iR T g R E G R  A M 2% 1R RIES 7028 (Galaxy
Morphology Classification) Fi%. %771 VLIRE IR Z M 4% (Residual Network,
ResNet) AFEAl, Sz 0, I Dropout, /b RIZEIERE, InvE 4% 5 &,
PURAERERLRZ A e 7y B3RS il 4h

SO ) I 25 B DU R IF AR B R R R E N, B 3 S22 R ITEASRMER
HENRE Rl 50K, BRE IR R 2 R4, L 25911 5K
B RBE R ENINGREE, 34T 5 MR BRI KR, BL 2879 7K &2 R K F Nl
£, MRSy R fe; B SHUESE, 26 EMA S 2 H &R, iz
LREEMIFRZ N ResNet-26. fEAHFMEE T, ¥ ResNet-26 55 Dieleman. AlexNet.
VGG-16+ Inception V3 Ml ResNet-50 5 FfiifT i) CNN AR AT I Ze ANk,
ResNet-26 U3 T HAR 1073 K ERE . WREE L1 P 38 70 Uk R 1L 3 95.2083%,
¥ F1{E 4 0.9515, AUC {H4 0.9823,

KK i AERE AT AR SIN B RIS B 5 2201, WIZRET )&
MM G — BEaERE (VM E), BisE—EERE, 8iRE—
AL E IR R 4Eh R RAE, 18 t-SNE FBF4ERR, KR RE4ERIE
B e —4Esa], DABR BT U2, Dk — 4288 B RILA 73 M 48 2 2] 3]
M R RAE, BN R B R RE P REE ERG RS E R, If
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Abstract

Abstract

Along with the development of the observation technology and observation
instrument, large scale surveys such as the Sloan Digital Sky Survey (SDSS),
Cosmic Evolution Survey (COSMOS) have gradually carried out and resulted in
the availability of very large collections of images, which show an explosive growth
trend. The new observation means make astronomy enter the era of big data. In
the study of Galaxy, massive data makes it impossible to manually classify large-
scale galaxies images. Currently, it is a significant and challenging task to mine
hidden information from massive and high-dimensional data, even discover new
scientific problems, while classifying galaxies automatically, quickly, efficiently and

accurately.

Galaxy morphology classification based on traditional machine learning, de-
pends on complex feature engineering, which needs specific domain knowledge and
human ingenuity to extract good data representation. Feature extraction directly
determines the classification performance of the final classifier. While the most
important value of neural network is the automatic extraction and abstraction of
features, which eliminates the complexity of manual feature extraction and can
automatically find complicated and effective higher level representations. This
paper proposes a modified deep convolutional neural network (CNN) for galaxy
morphology classification based on classical CNN models such as AlexNet, VGG,
Inception and ResNets. We try to improve residual unit, add a dropout, reduce
the depth of the network and widen the width of the network in order to achieve

the best generation performance of model.

The network is fed with raw galaxy images pixels directly and automatically
extracts galaxy morphological features to identification and classification. A sam-
ple of 25911 galaxy images from Galaxy Zoo 2 dataset are applied to classify
galaxies into five classes and the remaining 2879 galaxy images are testing set to
test the classification performance of our model. Through the selection of super-
parameter, a 26-layers network is adopted and called ResNet-26. A variety of

metrics, such as accuracy, precision, recall, F1 value and AUC, show that ResNet-
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26 achieves the state-of-the-art classification performance among 5 popular CNNs,
namely, Dieleman, AlexNet, VGG-16, Inception V3 and ResNet-50. The overall
classification accuracy of our network on the testing set is 95.2083%, the average

F1 value is 0.9515 and average AUC value is 0.9823.

Further, this paper digs into the networks to analyse what features are learned
and how the learned features can help better understanding the data itself. We ex-
tract the activations from the last fully connected layer or the last convolutional
layer or the last average pooling layer of CNNs to study the high-dimensional
abstract feature representations of galaxy images. Then we apply t-Distributed
Stochastic Neighbor Embedding (t-SNE), a popular dimensionality reduction tech-
nique, to visualize the high-dimensional galaxy feature representations in two-
dimensional scatter plots. From the visualization, We try to understand the galaxy
images data itself and obtain some highly valuable insights. For instance, we try
to discover the implied global and local structure information, explore the internal

laws and relations of galaxy high-dimensional and abstract representation.

ResNet-26 can be applied to large-scale galaxy classification in forthcoming
surveys such as the Large Synoptic Survey Telescope (LSST). And the visual-
ization of galaxy morphological high-dimensional representation can be applied
to outlier detection, and look for abnormal galaxies in the process of subsequent

analysis of galaxy morphological classification.

Keywords: Galaxy Morphology Classification, CNNs, ResNets, Representation,

Visualization

v



B1E
11
12
13

B2E
2.1
2.2
23
24
25

HIT
3.1

3.2
3.3
3.4
35
3.6
3.7

BLE
41
4.2

S
BTSSR TRRN, < vv et
]S s 1y PP
e PN = sk SIS
130 FFBRPZS v e vvveee et e

132 BLHE

BRI
EGSZEZRIE e vovee ettt
FEBULGIZEZRIE o v v ettt
FEREBUGIZEZRIFE - oo v
ERETIIBREII -« v voveee e
IREE/IVGE e

IREEGEFRERRNLE - oo
REGTOBERRILBIBITY - - v
3.1.1 BUBRMRRNZE - oo
312 FRELBFIRRNLE - - oo

Google Inception .................................................

ResNet .........................................................

ResNet-26 [ILEEHTRITSSTIGERIMT oo
T v o e P
BARBEEIERN - o

co N N



T IRE BRI A I 2% 1 B RIS 7 KAT 5T

43 BUBFRADIE - 30
A4 SO B R T e 31
441 SCEGTTNFEER - - o 31

442 BESEOEFE - 392

443 AEIMBIEBEIDIEMERENILL - 37

A44 SCOGIRIE - o 39

A5 AREINGE - 39
HErE BREUEEMEERENT o vvveeeeeaaaaaaaaaaans 41
51 T DFMEHESPERAN (-SNE) -« e 41
52 EXREGEIEER t-SNE oJf RO - oo 49
53 BRSO EERIA +-SNE BJfERE DO T - oo 43
DA ARER/ NG 51
HEE REEREE 53
BISR - 55
BENTER - 57
{EE BN NBUE AN R RAVFRIE X SHARKR - 63
L R 65

VI



F1ETE #ie

11 ARBEEREX

fEREYH. EREHRSEL, UL THRESMA RS A =%
WEFETT ). T E B AR 5 R Bt o I ) s A, R AR 3 5 o 7 30 1) S 400 0 ot s
EL 51 I E B R R &R, U2 B A2l BRI R OF
B AR BEHAS N IUAE REVE LI B 0 %28 2 2x, AT T R AN 205K R R R 5 T8
W e (R 25, 2007). RS RRRE ARG REWKIFAL, ERAH
BHPRSHEEPUEAER TR . ERESSERNIERSEAEEY)
MR, RAEFTERYHENEEZSH . R E RAENDE I ML, BIRER
(Stellar Population) f&5d, 0 ZAFAE LR ERHONE FHIZER (Bulge), I
HAERE R4 T 2RERFEE THRRZESER (ShelD. KFERUERZ
RETHOEIA S, RS ERRBUAMAR R R . AR R IWAERDE BRI 9B
W, BIRBEOBONFER, SAKERAUE, ARIZIPEREEGES) . XL R
AP EEMIZSPRE UG T O TS, B LRIOVA EE 8 LS 451
MR &R o WO 1WA RIS R BRI, B e B fe A AKX 70 22
RMARIER (J7H X 5%, 2015),

FHPRWERREE Z2MER, E—EREAEMFRIE. 2
H T2 AR A AL — A IR S AV R R, Bt BLE A T — 22 3K R A%y
B ANTRTRAKHE AN T3 T KRR 4328, 20 28 70 SEARLLRT, PRHIT 240 i 30
s, HREH A RO RS WL — S R g EL AU L el KB RIEMR, SR RATE
MBTHERITENHIEERAT 7338, FOVHMARARSG. K, REXIERD
T 1926 FHRER “PRETH 7 R REESTFR RS (Hubble, 1926), HETHETF
B, AR RIS AT T RIEFIGL, Ja R EHBEEML RS, R
RT3 IR G 73 2R R G5 A R R 70 SReb v

FEARZ IR R IT7iEH, RE W 5 DURYE 2 AR D62 BUY S FLE
xR RBAT IR, ERHFIESERAIRBRIE T B RV 75 AP
ZREAMESHH AR, W THENSE. shRE (B2 3 RO 5]
k). ERIOBEIE. ERGE. BREEMIAESE (FEH 4, 2007). 2007
SE DL A=K S I LA R R ITE  (Galaxy Zoo, GZ), %
WH KRG EET G T A RUEAET R (Zooniverse), B R “a” B
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M=/ =

i VR ERFEZHERDE, BHIMRSE 1 R, B INL%ER T
DO R WHS 14, YHBIE 15 M T 5000 5K . Hgiit,
90 Ji kB e B it e 2R . B RIMMET HSRIME R KGR
TR AR 4 SR — 3 (Lintott et al., 2008) .

BEAE LI AR B D WIS A JE , ROR X R 5 MR SOR -l i e
T K (Sloan Digital Sky Survey, SDSS) ', COSMOS ik (Cosmic Evolution
Survey, COSMOS) 2, KHOFAREHMEZS LSST (Large Synoptic Survey
Telescope, LSST) *(Abell et al., 2009) &5i& A L, A 2V HE 52 ILEKE
K%, LLSDSS Jfil, H5Em=7r 2 —REMM 5B S 12 125000 B,
2018 4F, LSST #ABAT/E it IEM w4k 15 TB MR WlEdE . e, &
ARTENER . B BR. SGIBERIENn— MRZER T T, AR F R
TR RZ RS ], AT I AR B R B — R iR T IR 2 A S AR+
SR TR AR A, BRI TS e H AR A . RRAESRE. RARIR A BESUI L
B S TAE . X5 4E S EE A BN 3 M ZESRARAAH A, 0 25 id i 138 i -
BCEIU S8R B RE . SERP AR (FE R M 55, 2015).

EEZYEW ST, WERE A N THIT AMEE RIEES KL%
Tl fe. XM 20 FH, BERIBEEMRITNERKETRE. Naim et al.
(1995) $&H 1 B R PO iR R/ B S HEREAFSH, MHANTHE
[2% (Artificial Neural Network) #7584 H MR RIEA 779 . Owens et al.
(1996) LA 1700 ERFEARNINGLE, ®it T 13 MSEENE RRFE, /EHTH®
FMW (Decision Tree) HHATE RpKIZR, H 3517 B RE sy Kasttae, I
5N TTHEE 28 (1) 50 K25 REAT T HLEL, M 45 FRAHL. Bazell et al. (2001)
P 800 B RFEANE IS, SEMiIgs 7 ANR DU (Naive Bayers) . AN LA
L L IR R, SRS A AR By 2R T50%, 25 AR W BRI SE LG, N i
2 M2 I E R AR, TEERTIER R fF - De La Calleja et al. (2004)
T 7 BB ke 310 5KE RE T FEYE, o alibEc T 8. 13 A 25 ARy,
DAL LE . BEMALEH (Locally Weighted Regression) F1EE {528
i, RBYIERI RAHIPERE AT, 70 B BHITERI Ry 95%, 3 MERE
(WA i AU H#ERIZE N 91%. Banerji et al. (2010) PLA R34 %k

%
il
&

thttp:/ /www.sdss.org/
2http://cosmos.astro.caltech.edu/
3https://www.lsst.org/
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RENFEA, UG, IR, RERBEES % 3 EANTHEMZ, KA
ROPEC3 K (BRBLE &R e 2 /M R/ NEMRD, #ERREET 00%: Gauci
et al. (2010) LLE Rl HE R I GREATIASE, 8RR (C4.5. CART
FIBEALARAD FIERIZH (Fuzzy Logic) HALL SDSS DR 7 Al (¥l e #4f
MOCEHAR VA S ECK B R IR 2 R igin B2 R ARFIZE; Ferrari et al.
(2015) WM& 2 RNESFSHEIERELIEE (Concentration, C) . FEXIFRIE
. (Asymmetry, A). FRFEFEEL (Smoothness, S). #JE ZE (Gini coefficient,
G). HTEE (Moment, Myy) i (Entropy) FBZEJE3R (Spirality) &, 43 7f#
W3 NEEsE, FABIERERNE R 50 4478, 14123 A1 779235, (LA
A #r (Linear Discriminant Analysis, LDA) &2 275 BitbG [E 2 R FiEim 2 R
2 MG, HEREEI 90%.

IR E RS B B E T ARG 7 S BRI, — R BRI L
TR AN RE, 7 RAR I 70 S R Uk TR AR IR B ZF IR (LeCun et al.,
2015), RRAEBCTE AR I TR E A TR L b AU R IR AN S A RN R,
TH AR, HAWRRY, B RMRRnes, B3 R a8 0E TR,
tbiiDe La Calleja et al. (2004) RIKGE R IMEE M 3 Fhns) 5 35, HA
TR ZE I 2 AR 25 SR B AET 2R N 95.66% FE 2 T 56.33% 0 B AN T B At 45 R 5T
N CREHE” WG WA EE S, PO, Rk, #ERRIX 2 B AR KR A
ANETEASFEIN, WS SqE8ds 2988 & a8, H 2R KRR
R 21— T SR LT X R i PR R A 5

1.2 ERSMAFRINA

PR, BT IR I BE N B RIS KR — N R SR i 7t 7
). A 2% FoVF ELEE N R GG, SEBURFE H SR ERIH R, s T AN T4
BURHER BB, B33k BB 2% HA S MR, B2 B R AE ik G HoBk
A2 T IRAA32E (Bengio et al., 2013; LeCun et al., 2015), EM KL b f# vk
TRETAEGENE ) B E RIS K07 E N TIRBUFE R B, sl 7 A
N THRFAE I S

Dieleman et al. (2015) &3 100 ZXHIZ, HXKEH - 7 BREEMH
MM, BFE 4 BEERE (BREEPZRKADNDAIN 6 x 6.5 x 5. 3 x 3 H
3x3) M 3NEERE (BEMEIUEER 2018, 2048 Al 37) (Dieleman 5%
WE 1.1, Kt 4200 2%, LL 5 HEKERE F ONGRE, #ATHEAIIZ,

3
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wZLL 0.07492 1) RMS HUf5 | Galaxy Zoo-The Galaxy Challenge* lb 381w % .
Dieleman #&3 E YCRIR L AN TR REESE, AAFIEFEENKE
X

NN

40

GD “ E; 33—\ 35—\4 - -
6] 5 Max

5 4 li
128 pooling
16 Max 138 =2x2
pooling
Max 64  -gx8 =
40
45 pooling E—
| 32 =20x%20 - 37
3 (RGB)
! |
x 16 2048 2048

maxout(2) maxout(2)

K| 1.1 Dieleman %54 K]

Figure 1.1 Schematic overview of Dieleman

Gravet et al. (2015) #JH CANDELS (Cosmic Assembly Near-infrared Deep
Extragalactic Legacy Survey) L858 REME, fH Dieleman ALK R £ 57
B 5 AN CBRZE BROR ANEUNEZE . IR AT 73 128D, MA4E i RMSE
9 0.13.

Kim et al. (2016) FJf SDSS DR12 (17344 k{82 K A Al 47656 k2 RE
J) Al CFHTLenS (Canada-France-Hawaii Telescope Lensing Survey) (8545 ik
THE K A 57843 sk B RIE ) MRS, 1R — 2Kl VGG (Simonyan et al.,
2014) 1 11 JZIRFEEBRM L L0 2 /B RT3, g B AUC E5r
AT LAEF] 0.9952 FT 0.9948.

Aniyan et al. (2017) FIH S HE REME (FRI 178 7K, FRII 284 7Kl Bent-
tailed 254 5K, 730 Al IR EGIAM A NZE I 7328, ISR T 3 & 215y,
G HEATER B, Bent-tailed HUAGHAZ AT LUAS] 0.95, FRI AFHi%8 0.91, FRII
FE#IZ N 0.75, FRI M FRIT B4 BN 0.91, Bent-tailed 4 B34 0.79,

S A PN GG AT USRI m 4t B RFAE, XERIERR TH T E RIS
K, AR ? JA T LA IR [ @ 2 0B R IEAS 70 R e S S A
W HATE NSNS ARA NRIFZ T 6. AT 8RR

“https: //www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge
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RUE BEIATY, RBFRIZIEA T 2 FI K — 87, ERHE B P4t & 1 € = N BRI
HEMEMRHINRE . X gk 2 R RO REAT BERAERT AT AL, 22ald 2 = A 1 RS
FHRHAMEE, AR R A

1.3 ARHNBESETTHE
1.3.1 HRHBE

ARSI TR TN

L AR RS Kb, EEUFHHN KRG B ERS. R
AT IR G B R B E RS, o LR, IR RIS 0 R0
AR RIS 0 AR 7 Kbt

2. PR LAIR BB AL 2 W 25 A 7 (LeNet5. AlexNet. VGG. Inception Al
ResNet) NAAK IR = BRI K EIGM, o8 FR R 55
ARG N ZREe Ty DL R AR SR i 55

3. BETURERZEM L, U E R TG, KRR TS WA IERERI K A&,
A BARFEARE R, BUE P SO Y 2 IR LR ZE I 4% 1 B AR A A
A, JFEATSIR I, JF S AR EER T

4. JFRE e R R RALEE AT AL 7T, e s R TR R, A X
PN 2505 2 1 R 4k 2 R RAL B BEAT P4, AT AL 2 PR R B AR B
FERERAMMRRESHER, FREHS, Sl ERESm4Em S
RALKI AL R 5 R

132 ETEH

%IEGWR, MRERIEESERHRERMESL, NA T ENIMFFRINR,
PR AL E BTN

02w B RILE KU, N T EENERES R, ERNdTE
FEN Il R SR

9 SEIREBRMAM L, WHENA TIRE G A NS A S, T4
1 LeNet5. AlexNet. VGG. Inception Al ResNet 25 5 ZSfEA K H 4 B f4%F
55 4% ResNet-26 ML R B S SKIREA R, VEAIN 4 ResNet-26 R4%
BRI IR 28 SR VT HAm ARt i, s T Ach BRI S50 285 3R S o A
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5 SR RBGRIL S R, M EgeddE TSR (t-SNE) 34T 1
BN, FHEMIE T EREGEIEEN -SNE AL UL LSRG DL o

B OEBA S RE, WA TARAT R, helm A Ae, RER
kAR
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F2E EFREESHEINE

AR R0 RITARE 1 73 AR HEA R AR, BB R RILE 0 RbriEa
HAL 7> R ARG AL R ARG AR R AR G55 (TER 55, 2007). LE4h, L
S [ A= HER SN E RO STHLR A H A 3 T e 2 P 21 AR e it (Zooniverse) (1)
AN AT T ARG IR R

2.1 BWMDERS

B IR R B RAPEESIAT 22K, FOVHM DR RG . A KRS
T A 1S 1926 SERS IR gy a) 7, SR “maghs XX 7, dnlEl 2.1
e MEEMEAR] 400 5KEREUR, XA RIBEIHAT 1702 (Hubble, 1926). Fi)5,
— R TAEX WS PP HIBEAT TR FEANZRAL, fifsmash o3 Hila g3 0t il iz Kk
(Hubble, 1936; Sandage, 1961; Sandage et al., 1994; VE& 55, 2007).

Edwin Hubble's

Classification
Scheme

Ellipticals \ ;

EO E3 E5 E7 SQ .
o-®- o @ Spirals

,';

W

Kl 2.1 BRI 5
Figure 2.1 "Hubble tuning-fork” galaxy classification scheme[ESA /Hubble]

W FE BT LUBERE ;1) MEZS IR R AT DU R R (E). JEHLE %
(S0). WEiIEZ (S) FIRHIILE R (Ir)s 2) AT IE R 4208 40 6 SRR FE M. E
(BD % ET Ui, “E” {CRME, 55 n=10(a—b)/ar a,b 5 BIETEK
AR 3) BRI AR LR HE (bar) FIEANIER HEE R (S) Ak
e R (SB): 4) I HEwh B 2 FIHE HE 22 AR HL e e B8 1 A A B A R A
SN as b Bl e 3 AT 5) BHUE RNMIMER % E7 Sl %

7
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Sa/SBa [id 2 & (Van den Bergh, 1998; VE& 2%, 2007).

JE IR PP HXAGEARYE B R B0 57 i BOR SRR3R 4T 7028, (HBE )= AT
RKEI, WHFIINEZ BRI SEA R, W PHARBE. 3 FRHE
CIEEH E RS 40 B R BIE. B ROGEMIESE (Lahav et al.,
1994), XWRMEEFIE ST Z A — A BER . SR, B2 SI A
TEEGRRE, 0. WS ARG TR S R R 702K, XiRie 2 R KB
s 1 H, WP RWARXEE R M EAEHE RFEIT /5 (Abraham et al.,
2003). JaRMIRICFFAERZ T A EFET KRG, -1 TR E )
FREZG (De Vaucouleurs System). Ml 252K R4S (Yerkes Scheme) FIYE %
9395 R4t (van den Bergh Scheme) 57328751 (VERL 55, 2007).

HAL R RG] DRI T4 R RIEA 32K, BAAAE—SHhi: —, X
TR—ER, T AT, ARKAG R RE R TRAR: =, K
RS RALAF LI B A K, AP AE KA B R B CORT 10000 HFE
AR, B RAEEFERS: fefa, RN Em G #R iR, AEMR ER X
X 4LR B RSN, MTEAE N TS E R 17028 (R 55, 2007).

22 REMEDRRS

BRI K R G R RN S LR RN B RIS AT /028, ARTESE
R EEE (RPE R BAHAUR S FIOGERED SA 2 A . FaihleE 2 R
TSR AT LU /1 (r B RSB ER) G, TERE R
AT S FERR ARG 2 RAREL, WTRLA o1/ G B R AT LA R L
G . FTCART DA AFERZ A (r1/4 B eV + 1REUE) SRILE B RN
SRR, AW E REEHRESN, EEEFTH, WA X 5 R AR R
e AR &R (FERL &, 2007).

B R RG] L T REAR R RIS, HEBAEBR SRR
—, BT ERE I RE A, TIRE R R R TR BB SR .
WG, NTEABER, REITETEIN S PR, RAEX S ZERME (8
2 2007).

23 JHEEMEDRERS

R R R G I T RoR E RIS NG WS ECR 2 RIESHAT I,
HSH A REZ IR (Concentration, C) FEXFRFEEL (Asymmetry, A). &

o¢)
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182 (Smoothness, S). #:Jé 2%l (Gini coefficient, G) FHIFEEL (Moment,
M) 5o XMITIEA T EARW R RO A 2 — E R B A, itk ENLE
HMNEZH, EERKEREANERESHR, BRAFERIHEAK, S8R
MTEETERI S (an OO BERMEAEH (1 Ay Myy) FUNRJES R (dn S) 4%
IS, FAMENMRE R ERRN G M C . 1B/E A My A1 S E (FER 55,
2007), HEVRE T AN ETTE, IFEHE SR TEE S
S8, MIFRERCEFHATLREHIW, HiE R R PTEIA.

2.4 BERIMWIRIREN

BRI (Galaxy Zoo, GZ) &—MELARWIH, €& KEMNSEH
RYE AT B R ORGS0 28 (Lintott et al., 2008, 2010). HTAR
HERIIE 2 (Galaxy Zoo 2, GZ2) IR 7> brifk, FrLlLL GZ2 Rl
e GZ2 PRFER, WE 228158 2.1, XF—5KE RE a8 2K EH 2N
DRI FRIAR Y s e R B RS, AR B SR SR AW AE AL, — AR 2R SR [
F A BN, B mn To1 “Is the galaxy simply smooth and rounded, with
no sign of a disk 7, A 3 NMEZX: “smooth 7 CFHFHI). “features or disk”
FRIEELERDIR) A “star or artifact” CTHREBE NIEPIA) . WHIEFE “smooth 7,
SRJG k24 10 ) TO7 “How rounded is it?” BB HIFEEE UM, 43N “completely
round” (FEAFPD . “in between” (S THH Z[E)) Fl “cigar-shaped” (i
RED s R BAHESE “smooth 7, A “smooth ™ T [ Y i) A 24 1] 1] 1%
¥ “features or disk 7, ZkLESHE M F] T02 “Could this be a disk viewed edge-on”
GERANMEE R, KKEIZT %, BRRFEM T R BT HER
) R s 2 S i ) — A 14

GZ2 RFEWAH 11 DoRAES, BIE 37 DNE, F AR R ek —
ERNE . Hrf TO1 A T06 52— 7K B o K @ 2 . A SRR
KK AR, KAH 50 HERBESSH GZ2 Wnkd, &k
B K 40 2 50 N7028, THE RIS E. BRI KE R 5L
RICFFW R R L —2, W 7 HE R AT SE R ABUZHE (Lintott et al.,
2008). GZ2 YA AL GLa 2 75— SR L 70 2K hn e, SO B R
RIS o

GZ2 W%E & A A B Willett et al. (2013) & FHHEMIME A 2 Fiorat.
= MR E M BEIE TR, R 2,20, IXEEERMER 2T — e 2 H

=

P

9



T IRE BRI A I 2% 1 B RIS 7 KAT 5T

% 2.1 GZ2 RFEM (Willett et al., 2013)
Table 2.1 The GZ2 decision tree

Task Question Responses Next
01  Is the galaxy simply smooth smooth 07
and rounded, with no sign of  features or disk 02

a disk? star or artifact end

02 Could this be a disk viewed yes 09
edge-on? no 03

03 Is there a sign of a bar yes 04
feature through the centre no 04

of the galaxy?

04 Is there any sign of a yes 10
spiral arm pattern? no 05

05 How prominent is the no bulge 06
central bulge, compared just noticeable 06

with the rest of the galaxy? obvious 06
dominant 06

06 Is there anything odd? yes 08
no end

07 How rounded is it? completely round 06
in between 06

cigar-shaped 06

08 Is the odd feature a ring, ring end
or is the galaxy disturbed lens or arc end

or irregular? disturbed end

irregular end

other end

merger end

dust lane end

09 Does the galaxy have a rounded 06
bulge at its centre? If boxy 06

so, what shape? no bulge 06

10 How tightly wound do the tight 11
spiral arms appear? medium 11

loose 11

11 How many spiral arms 1 05
are there? 2 05

3 05

4 05

more than four 05

can’t tell 05

e GZ2 PP 11 AMESA 37 MR, K 2.1KREWillett et al. (2013) I 2.
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Is the galaxy simply smooth and rounded,
with no sign of a disk?

Could this be a disk viewed edge-on?

Is there a sign of a bar feature through
Does the galaxy have a bulge at its centre? the centre of the galaxy?

If so, what shape?

How rounded is it?

—— . . . .

Is there any 51gn of a spiral
arm pattern?

ag

How ughily wound do the spiral arms appear? 4—

Is the odd feature a ring, or is the @ 6
galaxy disturbed or irregular?

How many spiraﬁ arms are there? How prominent is the central bulge,

compared to the rest of the galaxy?

Kl 2.2 GZ2 YLIEH (Willett et al., 2013)

Rl

Figure 2.2 The Galaxy Zoo 2 decision tree

e B 2.2k A Willett et al. (2013) K 1. Hoa M aEE —KE REFHMSBIR . R 2. 06 R E b & —MES M

NN

MEEFREE R, latmg 20 AXFE—KERE 2K, REIHHEER
TR, RRTERIE. &), WORELERURH 2 &, WA 2 3 oAt
freatures/disk = 0.430,  fedge—onno = 0.7155  fopiratyes > 0.6190  BIE A% B )38
WA RST I, T PAORIE IR T AR . = BRI A AT O
fH.

B RENEITE AR IR EAR TR (GZD) AR (GZ2). 2B =4 (Galaxy
Zoo: Hubble) (Willett et al., 2016) F155 VYA E R8Pl (Galaxy Zoo: CAN-
DELS) (Simmons et al., 2016). 7R RFM BB INguR ik, E2MER
TSGR T AR R, RIS P2 7 b R R R v o B 2 AR R R a4

11
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* 2.2 GZ2 THFEABE (Willett et al., 2013)

Table 2.2 Thresholds for determining well-sampled galaxies in GZ2

Task Previous task Vote fraction

01

02 01 0.430
03 01,02 0.715
04 01,02 0.715
05 01,02 0.715
06

07 01 0.469
08 06 0.420
09 01,02 0.602
10 01,02,04 0.619
11 01,02,04 0.619

HE: t([l%iiﬁlﬁi/%%%, )FUJLIZ\ZIITIEETJW%E 3 /l\%,ﬁ:: ffeatu7~es/(lisk 2 0.430, fedgefon,no 2 0.715, fspiral,yes 2 0.619,

F 2.2k [ Willett et al. (2013) HI£ 3.

2.5 ARE/NG

HMPRRGHH TERWESEERE, HWERUIHMXE REEH#IT K. {
e HAFAEE N ENE, XFE—2 R, AFEANTRES HAFE 2 RER, Al
FREARRE R R BB RAGMN L, Bk 7 H2RRGEHA
A, B T BRI A A2 € B AU AT, BSEPR EREN 2R IDEE
AT ER AR, ARMEAREA SRR i o AR R ARG S B R A
SAERRIAL SRR GMEL, W FAR ATLUE Bl E R RIS, JFefE
—ERRE bR R RS A AR, EAMRIE T B K0T, THEAL
B ER A UMEEES G, Vi BRICAFKATEE FI, e 2R
IR TIRIIN o AR B FEl RSN 7 ARk T e 2 0 IR AR T i, AR
RAB AU R ARG K EIMAR L, 2 KR RIS H 8 1% SR 1R
B TR bR, 7725 bR BRI = o e R R &, W
ST IR LS TR B RIS 7 FAR R B B AR A

m

l

12
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® 38 FEGTRMERLE

AREEIRHE T LB LML (Convolutional Neural Network, CNN) AR
RHIREE S A BRI RIEMBF O TSR, NN T LML (Artificial
Neural Network, ANN) BiXJER, BRI E ML EIRIEH, RN 5 frait
) CNN &5#, RHB Bk S 5E M5, W36 LeNets (Cun et al., 1989).
AlexNet (Krizhevsky et al., 2012) VGG (Simonyan et al., 2014). Google Inception
(Szegedy et al., 2015; Toffe et al., 2015; Szegedy et al., 2016, 2017) F1 ResNet (He
et al., 2016a,b; Zagoruyko et al., 2016).

3.1 RESTREHREZMEEN
311 BRSNS

NTAHZE M 2% (Artificial Neural Network, ANN) s HHEAG & M1 1 18] 5 50
TCH )2 FEAT B M 4, HZHZART DUSTHU A=) 22 Ginh 1 St S B A Hh
(52 H [ B (Kohonen, 1988; J& & 4E, 2016).

— /AR N ERTRA N4 (Multi-layer Feedforward Neural Network)
A EWE 3R, M NRANE . BREZE Mg E. Hd, layer 1 3 layer
N-1 NBEE, I ERmANEMGHE, 238 N E, 8 N ERimmamss. &
B xg AMIEIAN, oy NMZEERIERILH, « .

WIE oy NHE N BN, Wy AREFER, by AfmEE, WE N E
f A AT BLRIR O

zny = f(Wnzn_1+ by) (3.1)
A, f ONBUEREL (Activation Function) |, & W ABGE BRECH Sigmoid BRI
(f(z) = (1+e*)", tanh. BIEZMH70 ReLU (f(z) = max(x,0)) (Nair et al.,
2010) ELU (Clevert et al., 2015), PReLu (He et al., 2015) 1 RReLU (Xu et al.,
2015) &, BMEUEREE 3257w,

PR 5 23R A2 AR T4 R At B AN Wi 38 258 BT I 2 A =L
FE Wy MRE N E by, HAFMHEIH oy RATReb T E S oo R
WREN e(zy,t), HIEME AR FRKRREO e(ay,t) /Do SEHBLEETREAE
(Gradient descent) BT E A

13
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output
h

N

QO OO0 wenles

Xn-—1
layer N — 1 (hidden)
CO OO0 iy
XnN—2

3
X1

QO O O Q) o e

X0

input

B 3.1 N JZ A miph 2 p 25 7w &

Figure 3.1 Schematic representation of a feed-forward neural network with N layers

de(xy,t)

de(xy,t)
o 3.3

KA, n NFIZFE (learning rate), n e (0,1), ZEAFRWHIHFIERDK, HARK
WS G ALAF IR ER R R 7R, KNSR 18, AN SR B &AL . X
TR, Bk o EE A @k (Cross Entropy)s AT [=]H A @, 457
F R ECEH ONE R 2% (Squared Error).

a2, MBENZRZ 204 W 2% 2 AR R AE ), DR g 8 2 A A B R
(Gradient Vanishment). i$fU& (Overfitting)« S HHE LA 55 17 4

B BE SRR BR BETH 2%, 72 ReLu WU BRI ECH L R, #0228 X 245 1) 05 Bk 4L
B A Sigmoid PREL, PR Z B Z I, Sigmoid PR K [RIfE
T bh EE BN, 2t 2 Z RG22 f5 o S IR I S RN, BT AR R
{EL7E AR 38 B R 10 () LZ B SRR AR5 /o IXMIEOLR, AR I 2R 508 1 S ik 5
Freha e IR 2R 28, EEEAZIIIZGRIER . BrLIE 2006 4 LLAT,
SR N FH R AR 2 R 2 T R ANk 2 MRS . BEEE 2006 4F, Hinton 48 A 4R
HIZZAE BTN (pre-training) 775 RYIIAM A W28 AL E, Bl 25
ZNZ R IR 252 ML (Restricted Boltzmann Machine, RBM) 15 ZIAH N F X 2%

14
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= sigmoid
=—=thanh

4 L

w— ol U

= goftplus

3.2 B pR Kt 2k B

Figure 3.2 Activation function curve

28, WRERZA RBM HE&, HUIZRAS 2R M 28 280/ E v B AR M 2% v e 2=
, WEd AT, ZEME M RN ARTFE T o X TIZR MG 1)
T AE— AR LA T BB P REUR) R, 2408 22 R AR W 2% I 2 0 Rt 23 1)
FYEENIHERE ST . B E ReLu B0E REUI I, B FE TR0 A 1
SEEMR (Nair et al., 2010; Glorot et al., 2011). ReLu & —/NMEH & 5 IRt
B f(2) = maz(x,0), EFLAHBUF LIS, Z2RRMERRIE, BIEA
A RIESE /N, FrCLlAEHR &S H T INZRIREM AL . ReLu BRI IETHIfF R
TEBEE RO R, AR R BB R OGRS A L

Ao U0 I A L g 2 >0 AT R DL ) R, R AR AR 0 A A AR AE U R L
AWEK, (HRENNASE B TR, XUz AR AT, AR H R
127 TR RRIE, AR /). TEMEMZ Tt , 25 HILM %S5
GHIRICEZ, SisBREUEIR. dWEMIRTT%EZ —A Dropout (Hinton
et al., 2012; Srivastava et al., 2014). Dropout & —FhIENMLTTVE, TEUIZRE, ¥
P2 3 — I B T S DR 1 — p BEVLEST (RE R 0, p E—H
0.5. My, FrAEHE IR o X R VAR A B2 GG K E R I RENLREA, 15
KEEARE ., WODRHERE DB & BBk & K7 %eH L2 1N
1 B 5E (Data Augmentation) (Krizhevsky et al., 2012) FItL1IEN{E (Batch
Normalization, BN) (Toffe et al., 2015) %

A2 W 25 ZHHE DL R AT 22 4 1 53— KO Lo A 28 A2 — e

15



BT WG A ST E RS0 R

)R, A5 FH BEATLES BE R B89 (Stochastic Gradient Descent, SGD) 15 3 (1 fgif &
At AR, TR RMRIAE, mHAIRS I REAR, RESINEA
REZES ELK. AWTFURE], M2 il ey 21 Jm B s e i mT LK BIAR 4 ) 7
RACR, BREREMRMENNE S SRS E . BEANGN, ZEIRKE,
—MAEATURI EEROK — 28, W DL B s, — B e E, 1PN TR,
] DU 22 0 2% LU BOAR E HLIA B — AN R RO . ILROBR E T FESE R SGD.
Adagrad. Adam (Kingma et al., 2014). Adadelta (Zeiler, 2012) %%

3.1.2 RESTRHEMLE

LRI Z N2 (Convolutional Neural Network, CNN) J&—7#F F k4 A
A RS G A E G, it [A] 3 2 25 O TA) b A7 AR SR AR T B — ZE P A%
G (4G EME AEMZ (LeCun et al., 1989; Goodfellow et al.,
2016), CNN 7] LLE A H @1%9@@?‘“@%%1/57ﬁﬁ)\ H A I A R AE, 5
fRGNER 7 S FEM L, AT ZDRAR ISR IO 2 R AN AR 0 T, e 1 RAR
FRETRE, R EAX4E0. . ﬁﬁ%%ﬂm&%}?i, A ERRIZ AT .

S e ettt (1)
I:[ - R h = Xﬂ,+ 1
W L1 o
| Xn )
X,
layfar n—1 layer n layer n +1
nput convolutions pooling

3.3 BRE ML E R = E

Figure 3.3 Schematic of a convolutional layer followed by a pooling layer

B A M — RO SRR W EN TR

£ E (Convolutional Layer) fEGHE, E—ZMFFIEIST (Feature
Map) $iNJG, BN ERRE LS EMER, SR —E P KAERERST K L
AT “WBh7, B IRERRIE R, BRRIER PR IR &t is 5,
REAS R E R —A Feature Map, XFERMEFIER AT RE S 12 B UANRRE
WO SR R NP AT IR —FAFE, Ak DEPREER S kMR
ML, BRI T & M. (R 0 BN K NMERE X, Hop,

16
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k=LK AR RS . st X, 1=1..L,
ABLRIR N

X0 = F(RE WD 5 x®) 4 p0) (3.4)

Ko, fONBOERE, EEEH ReLU,  Fom dEERURIE, Mk Wi %5
o BB, by ARHERSE | ORET. B 3.3/ %R ERRRLE.

ML E (Pooling Layer) At pf #5045 F 38— 07 B AH &R % H 1R AR RRE RAR
B ZAL B R . B, SRk R %L (max pooling) 25 HAHAR A X 45,
W RAE, PR B 5w & I RRIE o At itk R B an~F 33t AL B 2L (average
pooling) . [ 3.34#7r Ribib 241k

2% #Z (Fully Connected Layer) 44218 % & 5 — ML Z 805
MEZ G, SEEEIGNEOEMN B omiEs, xR ads
R4 ARk

LI M E JRE8%EH: (Local connection)s BUEIEZE (Weight Sharing)
AN KAE (Down-Sampling) = KAF . JoEBERZRMBUES L = RS HE, il
GRS RERRTI B, P TG . T HAUESL =8 CNN B8 EA X152
FI A, TR REEE— B RRAR T NS, B BAT X BT AR (2 A,
S VBB Z AL RE

H AT R 2 P 28 C 2 BN T RN U i i 5%, KR E A
LeNet5(Cun et al., 1989; LeCun et al., 1998). AlexNet (Krizhevsky et al., 2012).
VGG (Simonyan et al., 2014). Inception (Szegedy et al., 2015; Toffe et al., 2015;
Szegedy et al., 2016, 2017)~ ResNet (He et al., 2016a,b) Al DenseNet (Huang et al.,
2016) .

3.2 LeNeth

LeNet5 I CNN 24 Yann LeCun T 1997 £E#H, i R L M %
Z—, BUE TG A M2 )3, FE EHES) TIREE S AU MK (Cun
et al., 1989; LeCun et al., 1998). LeNetb F—IRIEH T Z EREKIIGLE R, K
X FEHFHATARIT K. LeCun NN, BURIRHIE > e K EME b, wraes)
SRR U > 8BS HOR R RN 2 A B ESRBUEURFE. BT
B EARRIS AN, QERASAXEAE AR —E, A BG4
FAERAF RN RRAE R A BIX SeAH 5GP . LeNetb WA 3.4f77w
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C3:f. maps 16@10x10

INPUT gﬂ :2f§a12u8re maps S4: f. maps 16@5x5
32x32 @28x S2: f. maps C5: layer OUTPUT
s@14x14 120 F&: layer

| | Full conrlnection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

]l 3.4 LeNet-5 #5752 B (Cun et al., 1989)

Figure 3.4 Schematic representation of LeNet-5

LeNet5 1) F B4 5 A

BANERZAHE 3 M B A ARZAEBOE B2

5 FH 5 A SR 22 R RF AL 5
NRFEE AL E

S A (Sigmoid) BN IEY] (tanh) HIHELYERGE R

ZEMEMLE (MLP) NG 15> 25388

B RZMGER, BT REIRE.

3.3  AlexNet

2012 4, Hiton 224 Alex Krizhevsky $2Hi T IR BRI E 2558 AlexNet,
fEIREE 2 SIS T RPE R (Krizhevsky et al., 2012), B SLIR G RIFHE M
FAETH N AR G ia AL, AlexNet A 6000 TS EA 65 TIANHETG,
5 MEME, Hd 3 MERERERE TR KNELE, &EIEH 3 MEEEE.
AlexNet BRI 35078

AlexNet )3 ZHF SH

o f8F ReLu MUE KA, MBI Sigmoid U R HUAE P 25 B0 I (KA FE IR
I

o f#H Dropout MMl EF &t it, PLEE A ;
o fHAHEBH AU, DLE G-It AL RO AL R

18
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o #&£H LRN (Local Response Normalization) /2, XfRE#ZE oG s) 6]
ks )1 1 R 8 W ) VA 5N K R /1 E S i S NP s o 111 B W (7oA )
T, HnR TR AR

o fEH] CUDA In#ErheezgillZx, AM GPU st KIIHTIHRRES, AEK
BB,

o fEH T HEENE, WIEEET. ACFRIESE, Piibdmg.

w 128 2048 2048 dense
13

ol 1T s dense| [densd [ |
i e 1000
\il 128 Max | L
2205 i Max 8 Max pooling 2% 2048
of 4 pooling pooling
3 48
3.5 AlexNet M 2545H) (Krizhevsky et al., 2012)
Figure 3.5 AlexNet architecture
34 VGG

VGG 7& B4R A BN B 2H (Visual Geometry Group) Fl Google Deep-
Mind 2014 “F3& H VR BG4 4514 (Simonyan et al., 2014). VGG F#
BT 7 BRI I 2% IR S 5 VR e 2 TR ) DG 2R, A AR T B, x4 FHAH ]
KK 3 x 3 KI/NUBEFZA 2 x 2 R KR, TR T &4 K VGG-16 H
VGG-19. VGG KL AR SR, #0821 HoAh By Bl Rz At dE R 47 . VGG
AL 3657 .

EIR VGG IS AL AlexNet 1R 2, (H2 i A /& Z 400 AR B
AT AW, 3 B DR D B /N IR A AR AZ R B R 1 I 2 iy >R R B =R TR WA R, A
LA AN AR 0 B 28 JE AR F5 1) 4 SRR RE, o — IREA BB IR 2 I 245,
HRIAEAMK B2 .
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| convaass M
B
Prediction
="

Kl 3.6 VGG Zif
Figure 3.6 VGG architecture

3.5 Google Inception

Inception H Google A # T 2014 - H kHEth, 7£ ILSVRC 2014 EbFEH LLEL
KMAIRIGTE L (Szegedy et al., 2015). Inception V1 [ I EHF SUEEFE G THH
BEMSHENFR, 19 7IEEEFR 5. nception V1 #2H ] Inception
Module A VA EHER:, AR B BRI 2544, 47 22 JRIR, 15 AL IRF a5,
500 iz HiE, N AlexNet (] 1/12, HImET AlexNet FI#ERIZ . Inception
V1 il 3.7/~ . Inception MK BIERKL 4 INhA: Inception V1« V2, V3 Fll
V4 (Szegedy et al., 2015; Ioffe et al., 2015; Szegedy et al., 2016, 2017).

K] 3.7 Inception V1 &5#4 (Szegedy et al., 2015)

Figure 3.7 Inception V1 architecture

Inception V1 FY 3 24 SH

o EEREJAEERE, EAFEMAE B BRI RS 1 x 1, 6k
ST RESE, JFHER TG

o F5OTE T Inception Module, #&5 T ZEHIFIHE, i 1x 1. 3x 3 M
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5 x 5 BIZIFFATHSA, T AMSHIREMTERE, JRIAERR, Biibkidl
£ . Inception Module 25 #) B W& 3.8;

o T Multi-Scale. Multi-Crop 5418458 /77735

o INHNAEBLAYIET A (Auxiliary Classifiers), 1ERAENS .

Filter
concatenation

P A ——

—_—

]

.-/---

_—

1x1 convolutions

N

3x3 convolutions

5x5 convolutions

1x1 convolutions

[}

3

1x1 convolutions

1x1 convolutions

[

3x3 max pooling

e

—

Previous layer

3.8 Inception Module &5t (Szegedy et al., 2015)

Figure 3.8 Inception Module architecture

Inception V2 22 7 VGG, FIMA 3 x 3 BRRRE T 5 x 5 KB, [FI
PEH T EAMACENL BN, KORINIE 7 IZRiERE, RIRSE SIS SUs (17 K
B, GREEFT ML R, RG] O —A mini-batch BERE 3T AR 1
& (Normalization) ALEE, g FruEfb 2] N(0,1) oA

Inception V3 4 42 ZIREGRMMELEER, HERILMBLEH, i
T Factorization in Small Convolutions AR, i — KRS —4EEFR A&
ENNERTIE—YEBRL, Wik 3 x 3 BEIR K 1 x 3 BEUWZ 3 x 1 B, [F
IARAL T Inception Module BIZ549, 1 1 35 x 35, 17 x 17 1 8 x 8 =FA[H]
g

Inception V4 Fl& 1 Inception It B BS54, Ak 22 W 25 [ 5k 72 2 S) 5
e, AT, KRR T M HIPERE.

3.6 ResNet

REEFRZZ M %% (Residual Network, ResNet) (He et al., 2016a,b) H 3Kt 5t
B BT B SE NS i, B AR Z # 0 (Residual Unit), EIZk 152 EIE
UL 2%, ££ ILSVRC 2015 FEFRHSRAG [ 28 . P72 W 4% Je 1o ) S AR e
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2o/, AT LA BRI N R 28 I 25, AEAETY R HERR R A3 BIR K FETT . ResNet 52
BRI S 2T g rh — A AR U SR8, IR B SRR T ARER A 2R X 2% (R 11
ResNet LAHAERAIVERE et iz M T EE& 22K BGEEN. BGEM. K
B HIEAESS

4 3.9 ResNet 5% 2 #.50 (He et al., 2016a) & 3.10 PiJZ & =)= ResNet 5% % .t (He
Figure 3.9 Residual learning: a et al., 2016a)

building block Figure 3.10 A deeper residual function F

ResNet % OAE T oz I, HAEARBE Ny Rirssnim NG BB
B R E AT e A R B0 2 51 R U HERE AR S BT AR Rk B AT,
PRI IR B R BT R A . BRI BM A MR ©, BRI
H(z), WREELTMAN o L2358 EENIEER, B0 Hirp2
F(z) = H(z) —xo 1 3.1007R, #idt—MZEMZ KK ZE 7> 80 (Residual
Unit), ResNet A2 2] — 8RR H(x), M52 5% >3 5 AT A 22 7
H(z) —z, EFRZE. F(z)+o AJLLEL R M A BRER M, 1550
JER VB SR, R MR R IE R “short connection”. 1X L8R %%
PR ZElE B2 R, BEEPAT 2SI (Identity Mapping). 57 H.07] LUE

T = [+ Fz, Wh)). (3.5)
Hrby a xg 4WINE L DR ERITCHM AN L, f ORBORREL — N
ReLU, ReLU = max{0,x}. F RERZERE, W NERZ.

3114 34 EIFRZEM 2% ResNet-34. AT DUE t, BRZE M 4% 5 Rk
(R AR 22 I 28 B R IR X IIAE T, BRZE PR 2 55 BRI A i N B 2 J5
HE, 35 KSR PLERE %7, EME PR shorteut BX skip
connections. 4t KGR Z B ER ZEE BEE L, B sbSFaEFR AR,
RS P . B 22 AERERI AR B Bl 1 IX AN, I B NS B SRIE S
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P, RIE SRR, BA RGN FE S fa 2= 0 R — &R )
fai A 5% >3 HARATHERE o

-\NNNNN '“‘-ﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁﬁ'"‘ﬁ
\\\\\\**—'***ﬁlﬂNNNNNNNNNNN mmmmmmm
,\_-======\zazaz=a‘z‘z‘z‘z‘z‘z‘z‘z‘z‘z‘z‘"“a‘a‘a‘ﬁa‘

kil gk il gl gtk gk liak lnk Ik k- iah g gt il g ik

MMMMMM mmnmm .., '!'!'!'l'!'ﬂ'ﬂg'ﬂ
mmmmmmmmmmmmmmmmmm = 1A 3] |3 [R] 3

K] 3.11 ResNet-34 547 & &

Figure 3.11 Schematic representation of ResNet-34

£ ResNet i1, B RAIRERTC: WRRZES S RIuM =2 %E 5]
BT (XHEA “bottleneck ), W 3.1087~. WERZEZ S BoohEEMWAH
[ HEETE R 3 x 3 B M=BEREY BT T 1x 1 B8, HFHRELE
Hi) 3 x 3 BRI EEME T 1 x 1 B, A M yEEA4ENER.

B J5 TS AR HE ResNet V2(He et al., 2016b), & BLRTHA 545 5 7]
PAE#AE T, JITLA skip connection HIAEZIHEIEREL (41 ReLu) ¥ 4 55mt
%f Identity Mappings (y = z). [Fl, &—Z# ¥4 I Batch Normalization. #f
AR ZE BT A G N Sk Hz AUPETE 9. BT IR 22 BT vl BAE SUN

L1 = I + F(Q?l, VVl) (36)

1M H. ResNet V2 1, RH FliE (“pre-activation™), BJH “BN-ReLU-Conv”
WA T4 “Conv-BN-ReLU” . H AT ZE M2 L2 K RE TR Z WA, W1 ResNet-
50/101/152/200, FEERPEH] T 1001 B, HTRZEMNZEE His, 8% R HLRE
2 THI IR AREAIE 52 DD S5 R R (Zagoruyko et al., 2016).

3.7 ANE/ING

I#EXF LeNet5. AlexNet. VGG. Inception F1 ResNet T CNN F=HY [ 43
B, JATTAT LAE B EA AL & B AR 1 e B RGE ), IR
FEfR Ve, REA R R ORI ST . ResNet 2 H BTG B4 N 45,
BB RE R WD . KRE R ZE RIS I A 7 2 R 45 =5 & RRE 4 )
B AT BOHE SRR RIS S5k, A LS 2SR, 190k 2%
BiFE, (A — e B A TR b S, DAk B2 W 2% PERE YT H
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5 4 % ResNet-26 4% 85 B 5 5280 45 R0 i

55 4 F ResNet-26 MEEIFRITSEINER DT

FE L — TR 41 T IR BEE R I 2R, A B K A TR P Bk 72 I 4% 1) ik
fii b, vt 7T IO IR R ZE M 28 S5 K ResNet-26, JFREAT B2 RILA 732K
WA UE, [FIRSCHL 5 MRAT BRI S 2 XL, T SeigiR.

4.1 MBEEIRTT
AAE ResNet V2 fFEAE I, 23 SGHRZE TG, DM Z 5, 180w 2%
L, RIS E R RE R ARG RS, $EH T — P ebodt R B 2 X 25 A5 8
TR ARSI SRR R anR 4 1818 410778
R 4.1 CSOIE TR T 2 R 4 S

Table 4.1 Architecture of our model for Galaxy in this study

Group name | Output size Depth
Conv 1 64 x 64 6 % 6,64
Max-pooling 32 x 32 2 x 2, stride 2
[ 1x1,64xk |
Conv 2 16 x 16 3x3,64xk| XN
1x 1,256 x k
1% 1,128 x k]
Conv 3 8x8 3x3,128x k| XN
1% 1,512 %k
-_1 x 1,256 x k_-
Conv 4 4x4 3x3,256xk | XN
1x1,1024 x k
=1 x 1,512 x k=
Conv 5 4x4 3x3,512x k| XN
1x1,2048 x k
Avg-pooling 1x1 ;l x 4,5 —d, sof_tma.r

e FESHCARESRTT. E AMER T, N A RERER e, ASCRH k=2, N =2, WMER 26 RIRZEMLE.
TRFEFINATIE conv2, conv3, convd MG —)Z, BHKN 2 BB,

F—NEBRZERYC T Dieleman BRI AL, A —MEX KR ERZ, RSF
N6 x6, BEHA 64, BKA 1, BRE—A2x2, BKA 2 MEKIBILE.
BANMZEZ TGN 4 DMERH: Conv2, Conv3, Convd fl Convs, HHHAH
FUHBEE N AMRZERIT, in, BFAH Conv2 HHIE 1 MERZERITAN: 1x 1,
WM 64 x k BB (b AINSERT), 3x 3, WIEHCN 64 x k BB, 1x1,
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THIEHCHN 256 x k FIER, iSRG Conv2 B N NMAZEHIC. T RF
WHATAEBIRY Conv2, Conv3, Convd M) —=, BUEK AN 2 MER. &5
—ERFMALE, KRN 4 x4, WALERHEIE N 1 x 1 x 4096, H&E1ERHT—
A5 ANME TR EERZE softmaz.

[ 66 conv. 64, pool2_|

1X1 conv, 64 Xk

3X3 conv, 64Xk

A/
1X1 cony, 256 Xk

1X1conv, 64Xk T .

H

3><3cor*1v,64><k ]I'

1

1X1 conv, 256Xk, /2 e’

o -
1X1 con*v, 128 Xk

3 X3 conv, 128 Xk

1X1 conv, 512 Xk J
1X1 conv,-l-ig-;(l; ~~~~~~~~~~ \‘\—\_\_’
3X3 conv, 128 Xk 14 BiN
]
1X1conv, 512Xk, /2 .’ ! Re*LU
1X1 conv, 256 Xk 1X1, mxk
3 v
3X3 conv, 256 Xk BJ\I
1X1 conv, 1024 Xk Re*LU
1><1c0nv,256-;<-I< ------------- ) 3X3, m Xk
1 *
3X3 COT]) 256Xk :* droEOUt
1]
1X1 conv, 10%4_1_>_<_15_,Q _________ BN
1X1 conv, 512 Xk Re:LU
3><3c0n£/,512><k 1X1,nXk
1X1 conv, 2048 Xk Ve
1X1 conv, 512 Xk addltlon
3X3 conv, 512Xk
¥ X141
1X1 conv, 2048 Xk

Ave pool, fc 5
K 4.2 B =B HoT

Figure 4.2 Full pre-activation residual unit

4.1 BIORE TR JRE Bk 22 WY 4 45 1

Figure 4.1 Our network architecture .
in our study

for Galaxy in this study

W om, n NEEECE, kK ONIIERET. ASCRH 1 x 1,
Wk ONNBENT, BREREROR IR, K 418K 3 x 3, 1 x 1 BRLLEFRMERTEGE “BN-ReLu-Conv ”

MO 22 T 4.2, iR 3 ANERRE, N 1x 1, 3x3, 1x1
L. 1x 1 BRTEH &L R4ERTH4E, BABEMKSEOMNEN SR, 3x3 &
ML AkK T VGG A8, ] DA R )28, SR EEAFHITERE (Simonyan
et al., 2014). A 2 DEREREER R, 6 3 MERZEREER—BROVRET 2
PMERURIBBELRR 4 £, TGS “pre-activation” J5 3, B “BN-ReLU-Conv

26



5 4 % ResNet-26 4% 85 B 5 5280 45 R0 i

7 FFHAERE DT 3x 3 B EIMA dropout(Srivastava et al., 2014), YRS
A G . st sk 2 Boonl P SCN

Tiy1 = Ty + WgU(WQO’(WlO'(.Q?l))) (41)

Horb, oy, w 200095 L RRIEIAAG o BE LI WAL ARG B #L Re LU,
Wy, Wo, Wi 333K 3 NEX, dropout #E Wy #EZ 5, W& (bias)
TN T AT 5 1

bR 7 e — BB EE softmax LA, P BIERUZEREH ReLU 1
NBEE R B I AR BB BN X% (Cross Entropy), K HBh&E#
FE N5, Nesterov momentum {4 0.9, batch K/NA 128, HIUh%E I RN E
H0.1, SRJEHE 30k A FRE 10 £, B 30k RIEARE 2 HAN 0.01, 60k I FEH
0.001, 72k IEARRHE1EIZR. BEIEIE (weight decay) A 0.0001, Dropout £
BEN 0.8, MBYILEAEME R He et al. (2015) [FISRHS . 7E15 F BT o6 20
R AT, Sl ANt

FERCUE AR ZE M SRR, Bt TR BT, b TG I EEL e T
P2 (158 5 GEIERH D, [FIBRfAlE T Dieleman BRFIIR A, PR ZHCH
2N +2 =

42 HUEERIFEN

KICK AR R GZ2YRBE R BE f oy e brit. Ho, sLiefdEE R Aok A
Galaxy Zoo-The Galaxy Challenge 2, X2 /& RNVIEIE Kaggle V-5 L2/ LE
7%, The Galaxy Challenge FIIZiE2EF LA TR A T SDSS DR7 3 61578
s ARSI R RGB B v, BRI RST RN 424 x 424 x 3 8% SDSS
S B R RIIELFE 5 NGB (uy go vy 1A 2), — BT 3 MR (u. g
) GRAERNE RGB B REE. G KB FR%A 1 x 37 FE, KA T
GZ2 HREERFE BB IE R,

R IRBOL T, K GZ2 F1#FEA (well-sampled galaxies) FE X
(Willett et al., 2013), @13 2.2/~ . RS BE AR 00 2 78 2 R EEEH , RIXS
Fl—ikERE R, WLUHE 20 ABLEXF S, RETHTHERITHRES L R

thttps:/ /www.galaxyzoo.org/

https://www.kaggle.com/c/galaxy-zoo-the-galaxy-challenge
3http://www.sdss.org/
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SRR S B I Willett et al. (2013) BIRZIE, FuvhHUE i 2 — & I RME, il
DI JE T A B R KA. sk KR R e A &, fEK 2.2, ©
BKIRZ L TO1 HH) “features or disk” CHRFEEFE FRD, #HEA T02 [FIZF “no
edge-on 7 CHEMIA)), RJGHEAN T03, TLRFIZAE “yes ” i “no 7, #HEAN T04,
[F1% “spiral, yes " GRHEE), &GN T10, FEIZHEEMAEE, RIF T10 5t
A LA I TR A A 2RI R RN R R . XA RN N TR 2.29 9 Task10, Ff
PLACHTH Task KA TO1. T02 A1 T04, LK B HIRI{E 254 0.430. 0.715
A1 0.619,

R 4.2 TAFFEAILHL (Willett et al., 2013)

Table 4.2 Clean samples selection in Galaxy Zoo 2

[ JEL AR IR S BRI Niample
Completely round TO01 Ssmootn = 0.469
[RTE 2 7 8434
smooth T07 fcompletely round = 0.50
In between ‘ T01 Sfsmootn = 0.469
1 rhA A &R 8069
smooth T07 fzn between = 0.50
Cigar-shaped . T01 fsmootn > 0.469
2 ERIEINED 578
smooth TO07 feigar—shaped = 0.50

T01 ffeatu'res/disk > 0.430

3 Edge-on ) 2 & 3903
T02 fﬁdgefon,yes 2 0.602
T01 ffen.tures/disk’ > 0.430

4 Spiral FERER  T02  fugge—onno > 0715 7806

T04 fspi'ral,yes > 0.619

EE: T01-T11 yy GZ2 EPE':] 11 /l\ﬁj\#é,ﬂ:%’ fsmnot,h %#%Eﬁ}%{':qzi'%i%ﬂqim%’ fcom,pletely round>™ ftn between >
feigar—shapea ZIBIRETIH R AR MARE, 25 RK . TR SR, freatures/aisk FRAHFHE/ AR

BB, fedge—on,yes ~ fedge—on,mo 3 AFRMENERAAMEERIIE, fopirat,yes LRIERERIIIE, Noample
NN T AR 8O

WA TR REA T B EIE DG, Gl 5 KRE R, GFERATEE R (completely
round smooth galaxy, 582 [H V¥ £ 5D H[E £ £ (in between smooth galaxy,
N TRERNFEERMERRFBEERZED « FHIRAE R (cigar-shaped
smooth galaxy, FHIRFIEER) « MM E R (edge-on galaxy) i 2 R
(spiral galaxy) . HIT 2RIV 2 THFEEA R BEE BN GE T 0757 (Willett
et al., 2013), N VG E] @ MR FEAATREENGS K, frEER (37
TR, RIEE RS ARE R B BE LR HEE 45, A 0.8 F2] 1 0.5, H
fib A BB FRAESI AR T TR A I BRIV (Willett et al., 2013). % 4.224
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5 AN AR IO TR AR O U -

K 4.3 GZ2 FRENLHEC 2 RE

Figure 4.3 Example galaxy images from the dataset
i ERE S PABIEE PRI, TR DN ERKA, WERITN, GZ2 MRENHINHEE R (completely round

smooth galaxy). AR (in between smooth galaxy). FHiifkE R (cigar-shaped smooth galaxy). I/ & (edge-on

galaxy) FIEiHE R (spiral galaxy), PAKARIKBEFIF N 04 1. 24 3 F 4,

Galaxy Samples Count

8000 training set
testing set
7000

6000

w
o
=}
=

Number of Galaxy

T T T
2 3 4
Galaxy class

o4
-

K 4.4 YIgRBEAIASE 2 R B ARG

Figure 4.4 Galaxy Samples Counts

BT, BRAIRETIRREARSE 28790 ik E RE T, HFREEE R, FA
BR. TRER. M ERAERER 5 BE R IR N 0, 1, 2, 3 M
4, EBUEHRE RZME R =508 8434, 8069, 578, 3903, 7806 K. 4.3
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R 4.3 WREMMRE 2R ARG

Table 4.3 Number of galaxy images in each morphological class in each set

FEERO | hEER 1 | SHRER2 | MNER 3 | RIRER 4
Ny | B Ny | | N i bk Ny | | N5 | A
IZREE | 7591 | 29% | 7262 | 28% | 520 | 2% | 3513 | 14% | 7025 | 27% | 25911
MAREE | 843 | 29% | 807 | 28% | 58 2% 390 | 14% | 781 | 27% | 2879
HARAE | 8434 | 29% | 8069 | 28% | 578 | 2% | 3903 | 14% | 7806 | 27% | 28790

Sa

MR AR AR SR BN ) 5 KB REE, B 1TRE—TERFKN, N EF
T, KA ER. FHER. TRER. M ERMRRER.

W 28790 KT EFFEARTZ 9: 1 LB IR AR S, RIYIZREE R
25911 ik A, MRS 2879 kB A . WZGHEH TSR, milli4EH T
AR (K2 AL BE F1, BN 2KPEfE. 8 43R 4.47) 5l Fom I 28 FnR 48 rh 4
—REREFHE, HPNZGEMNRE S R RS H R F S

4.3 FAETALIE

MEHUE BN ZRER  HASE B 2R I P i #hAT 23 T A 24 )i 07 AV B2 ) I 2R A0
M o VN ZREEFIIN AR 1 s Al B AR SR AN A 1)

R HRAE ] 4.5 Fos. BT MEEA LTS8 IGER A
BEAWR, CAAR] 3 55K, N TEESEING, 08 ERE 1 R b 277,
REGRINZEERE . ISP 2 — D o [ BT Ab . o a] By 2 — A
A S, #OANZRRSTEEE) (Training Scale Jittering) (Simonyan et al., 2014).
KRB BB 2 S YO B REAME, AR B R B 38T 2 A [F R
b B R A gk B AE AN [ R R AR 2o 4B BT BAS R RT o 3RBTAMY
AT DA B FEAERIAE T, 3BT LAV BR — Sema 7S an ik ik . i T8RS LT
B RO T e, DURAaE 7T RERRETH 5, BTk R R,
B —AMEREME S = [170,240], XA ATTERIE R REHGE BB T, ¥
B R B RSERR R T R 92— 5500, NRELRHE, BIGEFHEAE T
KFEAR 80 x 80 x 3 85K, LUAR|FEYEM T TH R FIRMBCR . H=00, By
AEFE, BAERENLEET . BENLERE . K-FEIR NG AR AR . Horh, BEALEEY, #
B R BENLER BT 2 64 x 64 x 3, MACFE SRR AP I SR8 I A FEAS O i 2 &R T b
ZEHIEOLT, SRR H S R 2R 256 %5 FEALEY:, X E v BEVLER: 0°,
90°, 180°, 270°, HITEREIF HATREAZN, e mRERE R KRS
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oA, HEE AR KRR FRA 4 15 AR IA SRR RE A ARLE, Bl
EAH KRR 2 15 JeAmAs, SRESCRRAE . X WA, s,
e —2, EEAAE, EEPHSGERZEBAMREIHENE, FREAL
Kb 2 ARSI A B U AR R SR PRSI B R K/INA 64 % 64 % 3.

sg‘b
—»
64X 64X3 64X64X3

S=[170,240)(220X 220X 3)  80%80%3

424 X424 X3 Q={180,200,220,240} 64X64X3
Brightness
Crop Downscale Crop Rotanon Flip Contrast ‘Whitening
64X64X3 Saturation

Hue

4.5 WIZREE AL BRI B

Figure 4.5 Preprocessing procedure

e R R B IR P R B B — AN S = [170, 240] GIRE, Q = {180,200, 220, 240}). filtn, K HiERE
# (GalaxyID: 237308) H5uhi#BIH] 220 x 220 x 3 B, A5 T RS 80 x 80 x 3 8%, BHLEKEIH 64 x 64 x 3, B
BUEHE 0°, 90°, 180°, 270°, KPR, Je¥mid, EHA AN, BEEATRTHA 64 x 64 x 3, fENMEHTHN .

MR AL AP PRAR G R . S5 —20, i3, B BBy 3 4 A
KA Q = {180,200, 220,240}, /J\jjijﬂﬂiﬁﬁ'ﬁﬂijj (Testing Scale Jittering) .
D, PORAHR R, FINAAE T B A R RFE R 80 x 80 x 3 R & . ,
)BT AL, W5 A 8T R 64 x 64 x 3. B, EE AL, %E%EUM
25 (PN -

4.4 LIGEERR ST
4.4.1 SCIOTFANTERR

TENLAR2E A, R R R MER R (Accuracy ). fEfi% (Precision)
H A% (Recall) F1 18 {B¥EHFE (Confusion Matrix, CM)+ ROC HiZ (receiver
operating characteristic) Al AUC (Area under curve) S5iFMFaFrdtAT HAEREVE
o

EBE(Accuracy): WY = {yi,u2, vy b Y = {00+ 0 0
Yin i SN @ DFEARR ESERRZEFITIARSS, n NS RIFEASRE . #ERZT]
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n—1
- 1
Accuracy(Y,Y) = - E Wy = yi)- (4.2)
=0

¥EHHE (Precision) , BEZ (Recall) 5 F1 {8 (Ceri et al., 2013): %7€ 1
12K (True Positive, TP): WMINIE, SEhroyllE; fBIESE (False Positive, FP):
TAIE, SEbRNA; BAZE (True Negative, TND: FLlll A4, SEFRANM; B
1125 (False Negative, FN): TN, SEPriyiE. =] L XOA:

TP

P = TPLFP (4.3)
TP

= . 4.4

R TP+ FN (44)
2PR

F1 = . 4.5
P+ R (4:5)

A ERE (Confusion Matrix, CM) : CM;;(i,5 = 1,2, , Nsamptes) I LA
5 SN ELSERREE NI @« FPE T 25 2550 5 EE .

ROC izt 5 AUC: ROC £k (receiver operating characteristic) s&H2UL
AR EINE, AR R EIES (TP) 5{RIESE (FP) Z AWM HE KX FR. AUC
N ROC M MR, AUC HMEBSEIE T 1, RoxnRPEReskir.

4.42 TBSENEEFE

FE DS B FE B 22 I 25, % 2 50 B R BT fie 24 73 2R I RE ) O B
AL — o AR BN EREEBZ KA NEET kb BHRER T N
M1 Dropout K/NEEEZSHOT R — R SL5 LU E Hos A . AARSER IS N
B0 AR 2 Bk B AN A BUE BT AN 2, K I 2615 21 S B A2 I AR 1Y)
4 ANMRRRE B3 Al 10 7, BUREAS IR I e 0 45 SR 2047 70 R PR RE I L
Byt

(1) F—DEREGRLRN GV K &R

NTREFE -NEBREBRZ RN ENEER KSR, kit T 3 ME
FURZR/N: 33y 6x6 1 7x 70 3x3HRBRIET VGG TR H K/ NYERX
HEEE, 6 x 6 /2 Dieleman B HIZE —DMERERERL, 7x 7 25 ResNet
HR SRS, HANSERFEAAL . LI R NER 440K,
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R 4.4 HZEPRIST SR K &

Table 4.4 The relationship between networks performance and kernel size of Conv 1

Conv 1 HBHUZ  #EFIER (%)

3x3 92.1181
6 x 6 95.2083
X7 93.7153

MEFLLEH, M5 EERZER 6 < 6 I, BAMHER SRR, B,
BB E R 6 % 6.

(2) MFEEF k AERHRZERITTE N 5MZMERER KR

NTREMFEREF & FHERER T N SRR, Bt T 4 4H
S k=1,N=1. k=1,N=2, k=2 N=1R k=2 N =2, HiZHKE
AR, S LE RNk 450K,

#£ 4.5 T k MR Z Rl N 5N <R

Table 4.5 The relationship between networks performance and k& and N

k,N EE R (%)
k=1,N=1 14 93.4028
k=1,N=2 26 94.7569
k=2, N=1 14 93.0556
k=2,N=2 26 95.2083

MEFR USR], M k=2 N =21, MW RMERRRE.

(3) Dropout K/NGMZEERERI R 5

N T2 Dropout KNS RIZEPERERI S A&, Dropout HUBCE AR MAZEH T
K 3 x 3 B JE, FRBT b G . HAL SRS AR, it g Ransk 4.657

3
7
o

MEHFET LI E], 4 Dropout M 0.8 I, WIS 5 MR R 5 e

W IR — R, HEBGE— EERIZMRT A 6 x 6, MEHET kA
2, TR ZERITHCH 2 LI Dropout A4 0.8 43 B AR R HLAT AR X 5 AR 1 4325
PERE. BT EAMBILT 26 2 (B 25 MEREM 1 ANEERZ), KizbiR
FRA ResNet-26. ResNet-26 2511 2600 /324, 7EMHRE Ny 220, UIZRiEiRix
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# 4.6 Dropout K/NEMZEMERERI X R

Table 4.6 The relationship between networks performance and dropout

Dropout #EHEZE (%)

0.5 92.8819
0.7 94.2917
0.8 95.2083

Ol A2k WIS BRI 45

(4) B REGRBE MR R

tbAh, S TR R RGBS R 5, ASCK R R RGB BIgH
WK R, SR )58 ResNet-26 %t RGB EUG ORI G T LU S0, S
e RinKA 7T x. MWETRTCLE 1, 1R 2K FE EHUE R B AE MR BE N 240
I B B dr 6 R, (H B s HE R R AN 93.4722%, T THI 7] RGBS AR 7 % e v
WIS H] 95.2083%, £ F1. AUC FHARFEA#ER F, RGB EEGIMEEAISE Rt
PR T IR FE R IR 5 5 . Bk 45 AR 2 5% RGB ERIT 3 A3 (038 3 (i %)
BB KRR AR, BSOS F 2 R RGB BEE NN

* 4.7 B & RGB BUR 5 K ERIGHIMRE smdEifiZ, F1EM AUC E
Table 4.7 Test accuracy, F1 and AUC of ResNet-26 based on RGB and gray images

MAREE (Q) WEME (%) F1{ AUCHH

AL 240 93.4722 0.9342  0.9786
RGB K% 220 95.2083 0.9515 0.9823

(5) ResNet-26 73455

B 4.6 9N GREEATIA SR (451 2% e O A 26 1 o o, R EARRINZRER,
AR . IR EREAR 50 sk — ik, MHAEERRIEAR 200 itk —
R, B (batch) K/ 128 IWEIHATLAE HIIZREEAE 35k I T AR USSR, loss
HAERFAE 0.05 idr, MRS 35k A BB, FoRTFHHNEHEILR.
4. TN GREEFII AR HE AR 2 AR A T 2 1], AR B HE R R B 28 AE 94%-96% 2
7% . RHMRRIETRR, BOVICRIERZ A batch KNRHERZ, A
s RAR - HER 2, (B SRR — 30

®A8g i TIMALE P —RE RIEHR, HBFMFLE. REER. P
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% 4 5 ResNet-26 MZEZ BT 5 LIE R0

BE R, TARE R A2 R E RIX 5 RE RO RITFERME, Al
ZA F1AES N 0.9512, 0.9521 F10.9515. H, FIEE RIE &SR HZ
A 0.9611, JiEgim 2 KBS RIEFIA FER 0.9782 1 F1 {5 0.9515.

Loss/Loss//loss

0.300

0.250

=N ‘MWM

0.100
0.0500

0.00

0.000 5.000k 10.00k 15.00k 20.00k 25.00k 30.00k 35.00k 40.00k 45.00k
4.6 IR T EE 457 2% R K it 2 18
Figure 4.6 Training loss curve and testing loss curve for our network

e BEARRIGSE, EORERNRE. NGE LN 50 Kid®E—K, MREREN 200 XKidFE—K, &R 45k B IEI

Accuracy/Accuracy//accuracy

100
98.0 I\ )

96.0

= WN“"W

90.0

88.0

0.000 5.000k 10.00k 15.00k 20.00k 25.00k 30.00k 35.00k 40.00k 45.00k

B 4.7 YIGREEAN I A v i 2 i 2 &

Figure 4.7 Training accuracy curve and testing accuracy curve for our network

e BOARRINGE, EOARMRE. L LRE 50 Kidx—k, IHREEHEN 200 Jadg—, &R 45k B {F 1L
Yo

R AONMARERIRIEFERE . R, FINESARE, 1T AR NG
el LER], A 815 ikEAEE RE ), 762 sk a2 RE A, 34 s5kEHIRE R
KA, 368 skl 2 KRR, 763 ikiein 2 R BIEM 2, B ar DL
5 N RAE R KA R A BIEE R, 96.6785%; HIHER, 94.4238%;

35



T IRE BRI A I 2% 1 B RIS 7 KAT 5T

* 4.8 MAREMFEFZE, HAR%E, F1E

Table 4.8 Precision, Recall and F1 of our model for each class on testing set

Fo KEEE HREE FL{E
0 0.9611 0.9634 0.9622
1 09561 0.9431  0.9495
2 0.7234  0.5862 0.6476
3
4

0.9412  0.9485 0.9448
0.9573 0.9782 0.9677

S 09512 0.9521  0.9515
H: 04 1. 20 3 4 A RIFRREEER. PHER. SHRER. MAERAGRER. BrlriRRTssR.

EHRE R, 58.6207%; AR &R, 94.3590% FIEH 2 R, 97.6953%.; H 29 7k
R R RE AP R R, 12 REMIRE /A MR E R, 018 5K
M) 2 R s SaRE R 2l o, FEERE RSP ERET
EHIR, FAXWANEREETFEER, Ho#HEAEEX 0 Hn
KA RN ) 2 R WEBCHESN, 22 SR WD A A B RIETEIR
S AR BT

& 4.9 MR PR E R FE

Table 4.9 Confusion matrix of our model for each class on testing set

0 1 2 3 4
815 21 O 0 10
29 762 O 0 17
0 4 34 18 2
0 3 12 368 5
4
2

7 1 5 763
3.4 DHFAERER. REER. THRER. MR R R,

0
1
2
3
4
%o 0.

e FUNEIARRE, AT TR . 0. 1.

Bl 4.8 8 MHASER ROC Hh4k. HIEFRBEERT 1, RIEFBELT 0, &
o~ IR T AR A, ot R 2kt in /2 b AARER S Bty . WETEH, 4
—RHRIAFRRT, FHd w2 KINSE &L, H AUC fER 0.9939, Fiiik
B RTINS 2L, H AUC {4 0.9481, BRI AUC A 0.9813, iR
ResNet-26 157 1844 T 4 R AR 47 .

M ETH 6 MEFRATUE 2, BRERTZE R hRE R M E RFER 2

36



5 4 % ResNet-26 4% 85 B 5 5280 45 R0 i

10 ,er—r—p—-r—rr TS5 5SS S S 5SS EEEEE B4
r’" = 7
//,
{ s
| 7’
,/
0.8 4 7’
,/
//
2 PR
& e
o 0.6 R
= 7’
‘G 7
& i
'
5 0.4 1 //’
F PR —— Class 0 (AUC = 0.9936)
ol —— Class 1 (AUC = 0.9826)
024 e Class 2 (AUC = 0.9481
: //’ —— Class 3 (AUC = 0.9939)
PR Class 4 (AUC = 0.9917)
//’ = = Average ROC curve (AUC = 0.9823)
0.0 ; ; .
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

4.8 M EE E 5 ANE R ROC #hZk

Figure 4.8 ROC curve of our model for 5 classes galaxies on testing set

E: Mg eAR R AR,

RKE KRGS R BRI, F1AEHARAE 0.94 BLE; HABREEE R, ML
Mg R R AUC (EAGEIT 0.99. BRI ighn 2 &R I RIERe R, Ho
RUERARIER] T 97.6953%; X TAIRE R RIERERIL— L NZREEH 1
TR AR B R BRI D i o S RE B — R

4.4.3 AEMBIEELISRMRERIEL

A/NT5 34T Dieleman #8Y | AlexNet. VGG Inception ResNet-50 1 ResNet-
26 1173 21 REX EE SRS . Dieleman B RAN B AT 4R I I ZR L% 4 #2K H Dieleman
et al. (2015); AlexNet B EYIAHAAYIZRE LA K H Krizhevsky et al. (2012);
VGG KK VGG-16, BUEYIMEAAYIZRH %438 B Simonyan et al. (2014);
Inception fff FH i) /2 Inception V3 WA (42 ) , FHAABESHMINZE L
.Szegedy et al. (2016);ResNet-50 FIF E TR ZRE K H He et al. (2016a,b).
FEMIFE) GPU JR5s#% b, A8 AR A I 2R ee ATt g, A RS2 B A 2R
Rt AL FLAEM AUC {H. 6 MEALR L SCIG L R INR 4. 10/ 4.115T
Ao Fert, 3R 410 AN AR Z2 RS _E RGP dEm R, BIERE— MR
JE IR 10 G s BN ERAS s as R, RRBRFIME, Xk
A] DA AR A (R RS R AR e . 3R 411004 R AR Bl R b 1 i = A
W, KithE, HABER, FL{EM AUCE, BIFERE— IR Bt 10 &, BX
BAMAARE FIS R R AR, AR IR 410 4 R B m L,
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H# 4107 LU E], ResNet-26 B = HIHER R 94.6875%. Dieleman 1
AT ITNERE R RGBS NS5, K1 93.8800% MER%H. R
AlexNet. VGG. Inception fl ResNet #& %A ImageNet a4 M i1 11&
ZMzg, (LR R FARERIL IR A2 A6 EE ), Inception A1 ResNet
PIHERR R AL T 94%.

£ 4.10 ASFEIEAY BI04 e R

Table 4.10 Test accuracy of different methods at multiple testing scales

F Ay . lg])#)?ﬁ HERR (%)
&k (S) M (Q)
170,240] | 180,200,220,240 93.8800
AlexNet(Krizhevsky et al., 2012) | [170,240] | 180,200,220,240 | 91.8230
VGG(Simonyan et al., 2014) 170,240] | 180,200,220,240 93.1336

]

|

[
[
[
Inception(Szegedy et al., 2016) | [170,240] | 180,200,220,240 | 94.2014
[
[

Dieleman(Dieleman et al., 2015)

ResNet-50(He et al., 2016b) 170,240| | 180,200,220,240 94.0972

ResNet-26 170,240] | 180,200,220,240 | 94.6875
e A RBA R MR ST 10 WHURCAE, A5 FoRFEE. mrchn iR 4

R 411 AR, K, HRlE, F1EM AUC {H
Table 4.11 Test accuracy, precision, Recall, F1 and AUC of different methods

F Y MK (Q) HEFAR (%) FEEAE  HRBIER  Fl{H AUCHH
Dieleman(Dieleman et al., 2015) 180 94.6528 0.9455 0.9465 0.9456  0.9793
AlexNet(Krizhevsky et al., 2012) 200 92.2569 0.9207 0.9226 0.9215  0.9809

VGG(Simonyan et al., 2014) 220 93.6458 0.9348 0.9365 0.9353  0.9846
Inception(Szegedy et al., 2016) 220 94.5139 0.9447 0.9451 0.9448 0.9852
ResNet-50(He et al., 2016b) 220 94.6875 0.9458  0.9469 0.9461  0.9823
ResNet-26 220 95.2083 0.9512 0.9521 0.9515 0.9823

e GRET R MINKREEAT 10 RHECRE, msehn R mr a5 2R .

MK 411TLE H, ResNet-26 7RI E N 220 B HUAS T 55t e 1 HE A 26
95.2083%, HmOKHIREHZ 0.9512, BRAREIE 0.9521, K F1{H 0.9515 MK
AUC 1A 0.9823. Dieleman fARIZENR L 180 I HUAF I e iy 5 R, o ey R 56
N 94.6528%. Inception V3 fEMIR N 220 A EUGH T4 H, FIRKE 7 &
=t AUC 1H 0.9852.

M2, #id5 Dieleman . AlexNet. VGG. Inception Fl ResNet-50 HYJ
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% 4 T ResNet-26 W28 45 1) Wit 5 5286 45 ¥

XFLEsEEG, ResNet-26 B 78K 40 d845 R .
444 SCIGINES

NS ResNet-26 F8Y & [F) R BRI (I 25 F000E, BEE — & GPU JIR%548,
MR %5 45 BCE N 2 B NVIDIA Tesla K80 GPU, CentOS Linux 7 #:/E &4t, CUDA
N 8.044 fiA, CUDNN iy 5.1 A, & Python, Pandas, scikit-learn(Pedregosa
et al., 2012), scikit-image(Van et al., 2014), TensorFlow(Abadi et al., 2016) %15
S APL. ACA RIS LAfEhttps: //github. com/Adaydl/ kT #i.

45 ARNEING

TEIR R ZE M 28 () BE A b, H ROPR ZE ST T ou#, TN T Dropout, ¥
//'\TW%EI"J??(F; bﬂﬁ?lﬂl?@E@ﬁﬁ, e B ARRBASHR S, ot T — R
JERRZEM 45, W 2R B BER AN MR T AR E R
A Dropout ﬁ’]‘%ﬁ%iﬁﬁ"ﬁﬁﬁﬂlﬁﬁi‘?%, Wi T RILHIMEART Ry 26 2,
FRZ N ResNet-26; fEEHE GBI FUALBETT IR, RA GZ2 tRFEM BIFRHE, M GZ2
TR E AR R N ZREAIREE, #E4T TEET . NORAE. iEHE . K
SR Ot IR AR A A SR TRAL BEA R, RSO s ZAE TR SN I i A\ B8R
AT BAE ResNet-26 114328 1ERE, #EFE Dieleman. AlexNet. VGG-16- Incept10n
V3 M ResNet-50 #EAIBEAT LB SLSs,  Sedrid 2R H Il ZR 8 A lﬁ%—ﬁo
REY, ResNet-26 UG T REALHI I EVERE, WG 1 i 1020 RAERR R
1) F1AH5 .
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5 B ERKBRMESE R

$5 8 EXRBGRRISERDIH

BTREAANERILE RO | — i, ERRHREE 2 K
M2 B R RA G IXAMES . Wik — D23 AP 4 X 28 BT > B R AL /&
H 2 VLR B3R A ey fie it + SE A st BE A 2 R B A 5, BRIRE S AR
MWtk AR t-SNE BEESOR, TR AR 22 00 25 25 > 3 1 =y 4k 2 &
RAL, A5 2] — L5 HrE R S5t

51 T D7PEHABERA (t-SNE)

m4ESARE AT AL R BRI TR —, AT RIVR Z s E R [ ddt.
T RS AR AR 2 B = A s, PRIy T AT s e, A2 R 4E
FEARBEEH (Van der Maaten, 2007; Van Der Maaten et al., 2009). FF4ER AT
VERRAERR, WERD i (PCA) M2 4k REAA#: (Classical Scaling)
&, MEHERYERR4ERIR, WSFERRRERLS (TIsomap). R#&MERA (LLE). i
R AR ERT (Laplacian Eigenmaps). H#ald2s (Auto-Encoder) 1 T 434
BEHLITATERA (t-SNE) £,

T 43 AaBEALUT ATk A\ (t-Distributed Stochastic Neighbor Embedding, t-SNE)
Fe— PR FE4E 71 (Maaten et al., 2008; Van Der Maaten, 2014), PAH B AR
B B JRy AR R DA S A s A SR R AE RO AL 2, FEHILAR 5% 2 Al 2 A . t-SNE
M N T 4ERE B PTRRAL BRSP4 & — R =4k E], DAE R ]
)77 LI

BREIEE X B8 N AR X = {21, 20, - ,an}, BFEARN D 4E10 5.
t-SNE 1 HAs R HILE Y = {y1,y2, - yn}e BH y; € REIFT 2, € RP.
WM, d=2 H D> d.

B, THRAMMER pjie pj FRBIE R 2 Mz BAHEIE, 2 2 0 2 4R
W,y (EBRK . HoE SON

exp(—||z; — ;|1 /207)
> s €xp(= i — w2/ 207)
Hodr o &2 LB 25 o, NIME R S B A bR v 2

Pjli = (5.1)
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e, SRR R IR G A piys AEHORARE SR AR -

_ DPjli +pij
Pij = ToN (5.2)
N, AR, EHEERRESMR ¢ oA (BHEN D 5 Xk
/ﬁ\ﬁj\ﬁ qij 1

W S Ty — )
g 2= 1A e Ay EsIME A Q AT P I#) Kullback-Leibler #(E (KL
BB R18, BU +-SNE [IHEWEE C A

C=KLPIQ) =YY pilog 2— (5.4)
P I Q B KL U fl R FRARE A R A
oC
=420~ a) s — ) (1 = wsl1) (5.5)

J

Van Der Maaten (2014) #£F MNIST(LeCun, 1998) 1 SVHN(Netzer et al.,
2011) Bida e, gk CNN B, IR )5 i Jm — R 4382 (B 1t 2) SElUE Ay
I AERAL, T t-SNE 48, ATRAL s 4E 8508l , BRI TP aRAS T — L5 f B A S 15t
FE 53 HT - Rauber et al. (2017) HT 3 MER M E F 70 A HERIE S (MNIST,
SVHN #I CIFAR-10) R4uhiillZs 7 2 JZH1#s (Multilayer Perceptrons, MLPs)
A CNN BB, M fa— RIS E MBI E (Activation), SR/ t-SNE
B 25 4k fa], DAHOR B D7 AR DA B R s 4838400, 58] 7 —miME &
Blo REETARF R B R LE YR TR IT, R A2 R 45 b2z 2] 21
YR RRIEN A T ERILE RN EES T, HRE RSP R BN B =
X, B IR A R AR P B AR B

52 EREUGEUEERT t-SNE AR O

ARICMINGREEHBENLIEEE 1000 5KE RE v, B4 200 5k, HSiIZT
£, FN training-1000. 8 FH FIFER) 755 NI P BENLIE RS 1000 5k A, 41
B T4, FROA testing-1000.

o EE R AR R R AT t-SNE FE4E, BIE K 424 x 424 x 3 (539328)
YRR IE R 2 48, 85w 510 7R . B B s g (7 AR AR LI 261,
MG ARFE—RERE A WK 5.1a ATLUE H, training-1000 F4H 2 R
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Z B X7y BEAR 72, WAL TC &, BN RAZ R — kS, A RIS . 4 5.1D testing-
1000 TEREERAE 5.1a L. Z AT LB ESREE R, REDVEA I EEE R,
HIbRRefE 2o R, XA BB W e 2 AR A S AR B R A e s e i
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(b) testing-1000 JEAAFEA L 5F
K 5.1 JEUAREAR TR

Figure 5.1 Visualizations of raw samples

e B AR SRR, A, WA, e, BEMGROMHIRREZER (0. FHER (D, THRE
F (2, MHER (3 FIRER (D, FMIEARE-KERE .

53 ERWSHFIERRT t-SNE AIMER o1

XFF Dieleman #8, MG —MAEEEE (B THIHE) MG AT &
2048 HEmAERAL: KT AlexNet, MWEJG—MEEEZE (BRTHHE) HEUEGE
R 4096 4Em4ERAE; T VGG, MEE—MaEEEE B THHE #h
HUBOEE TR 4096 4 4ERAE; % T Inception, 4% MG — NS E )G
AL E ST L R 18432, 2048 4R 4ERAE; 4T ResNet-50, 43 HIM
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g — NG E M i 5P Z BSOS E T A 8192 2048 4= 4EZRAE; Xt
T ResNet-26, ME G P2 Z M BOSGEE T 4096 48 4ERAE. 28 )5 7 7
fEH t-SNE F&4E, mffifh, 6 MRBIEER 50 5.2, B 5.3. B 5.4, K 5.5,

5.6/ 5.7/«
... .-.:f& Pred\ctlon 4 . .

GalaxylID: 116964.

Class: 1

A WN RO

G lax y\D 306515 Prediction: 1

P ediction: 2 Qﬁ 7
GalaxylD: 109226
Class: 4

Prediction: 1

GalaxyID: 110109
Class: 4
Prediction: 0

(a) 2T training-1000 ) Dieleman #8 f J5 —E 4

AR R WU
W e O
oy .
0 o » [ 4 2
*30fe .."" ° ° 3
. 4
.~...."=.?..&. -
.
o L) A gl;ss:yle: 981072, 997901
Prediction: 1
~m.’ Q’ 'o.’,t
GalaxylD: 914775 \. vey o 38v
Class: 2 ‘”‘ fod’, wo gy v
Pr dd n: 1 0“ “'

o
.. alaxylD: 924830
Class: 3
‘Q‘\ Prediction: 1
W‘. YR R, A '-
AN

(b) 2T testing-1000 /] Dieleman A f5— =4
R WL

K] 5.2 Dieleman #M i7 J5 — 2 A& 8 2 WaEE /T AL

Figure 5.2 Visualizations of activations of the last fully connected layer of Dieleman

T BB AR BRG], A, W, HEt, BEMas ) RERIEER (0. PEER (D, TivRE
F (. MAER 3 MERER (1), M AREKRERE ), =MIBRRHETE,

Kl 5.2°4 Dieleman M5 — B &ERE E RIS E T R Bt
AR, AR ARER KB RE , ZMAIBERRE K. WEH
AT PLEH, training-1000 A1 testing-1000 it &M%k 5, H—PNERK
MX 2 EAR T EENEE. ELeCun et al. (2015) TS, HEIREFIRMEBOK
TR ARG+ KR AR . B 5.2aM1&] 5.2b87R, Dieleman #8 f
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JG— BB T RS B — B A RAE, T DM S 28 R B N 4y
B, RNHEIE R INEE . R DN ERERIE AN, HIEZENNE R
BSEEAT, AFIZEHINRE RS ESHOT K. X2l THESE R R E A BA R
N TEZER, XAMATEBUS B TR, B, ARSI R R N AESS
AR, 2 rBOTk. B 5.20i0 0] DUA IR, BITE R R RE R, FIHARE R
ML, FEEEIR . X2HTEERE R EREET —NERRE: FEER.

IR, AT B AR &) 5.2aM, WEIE (U () B 22D F I £k s ()
s, CRTIRIRER, WS TIRIRE R, (HRMHIEROES, X
WIEATRI S5 KA L. SR s, XA EEE AAE SIS T (GalaxyID) 24 119573,
AR R 2 RARARAL. B A B AL RS 306515 BT IR E R AR
5N 116964 I AIE R, WAEM EHIMUMRE. 5—NMEAEKR (JRE
) MERZE RS, ERTIRRER, HHEIETRHEER. 2878, X
NS O 110109 HIBER A &R, HLRFEEE R, Wi, TR
HiRm. Bl 5.2bH, —SEHE A, w4050 981072 1 997901 15 AR A R bk
Wigs 7R R, AT 924830 KM B RS 7 EE R, MEZE,
RIIX LS B R A B FA R R RARAR, B EAIAS R M S5 B bR A A R

Kl 5.3 AlexNet A & f5 — = AR 2 WUEE T AL . & — A RERAE S
A, ARSI RITR . T HAE ARG B XS E € R AL bR, Bigity, Jie
R R SRR T, BEERERKATT .

Kl 5.48 VGG M5 — 2 2 EEE BTG E T AL . B 5.4aR1E] 5.4b
AVEH, BREZIE DB 7EER, F— DR EEAIRD AN . Bl 5.4a
(17 2 AN F R R AE AR IR 2 G 9 sk (R 2 R A EE B R, 16 Tk Tl
WRERWH AP NER. RIREZ MR, FARKEER. FHERMSHKRE
RKHETFEER, EAIZIRA R R R X EAT. AT LUREREEAT T2 4
oI, AT DURRRE AT AR B2 AR 1Y, R AP 43 2 TR

&l 5.574 Inception V3 i Jg — ME E MR G — BV Xl = 05 (E T AL .
ATDAE H, M E— /NSRS S (B 15 2 B Wb fn gk 82 3iiik (3 x 3)
JE RIS RBORZEAZ

&l 5.679 ResNet-50 fixJa — MR E MG — =~ B B BOEE AT AL .
testing-1000 i fa— EZ PG Z I ) FREERE R, i E R
TR R Z AN/ B ol LA b B i,

Kl 5.78 ResNet-26 5 — 2 Pt ZE0EE AL . B 5.7a% Bff 4 A
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Figure 5.3 Visualizations of activations of the last fully connected layer of AlexNet

e B SR SRR SR, A, WAL g, WEMgGEASHNIRREEZER (0. FHER (D, TiRE
£ (2, AER () MIERER (O, BMIERRER KERER, =fMLFRESX.

2L B RE S (GalaxyID: 102977, 107539, 122674, 106544), EATE TRIEE &K,
WP IML T HERE R, B2 TMIEHBIESSE AERRINIERE RS, BT
2, RREPEZKEMEFEER (GalaxylD: 102977, 107539, 106544) 1R
JiEim R R BB, 55k N 122674 (B HS 2 e 2 R, Jgr
WAL R &R BIHEH 54 4 ikigik 2 R (GalaxyID: 114957, 119150, 119573,
109366) HILAEMI A 2 R A S AIRE RIEIIE, B2 ERI, 28K
e 2 &, BRI G N R RS ARE &R .

R AT UKL 2 skRs R E RE R, RS0 109266 F1 914775,
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(b) 2T testing-1000 ) VGG fxJa—Z & Z M
i)

)
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Figure 5.4 Visualizations of activations of the last fully connected layer of VGG
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£ (2, AR R () MIEHER (4, MMERRER KERER, =MERRESE.

109266 fE training-1000 T4 AL eI E R, EE 5.2afE 5.7arh 2 #
WanhiiER. WEZERI, E=—KIEFHBRINIERE R TR
‘B. 914775 1E testing-1000 TEH#FRIC N T HIRE R, £ 5.2bF 4 Dieleman
RS 2 TR R, B 5. 70 Bl OEE R ZE S 45 T IRTE B R Iz
JERI, ER—KIER NIRRT, BRRETE AR RIEE NI E, RN
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MELE 6 AN E PRI LLE 1, T4 R R0 0 SRR E T
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Figure 5.5 Visualizations of activations of the last convolutional layer and last average-
pooling layer based on Inception V3
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Kl 5.6 ResNet-50 g — /MR R G — 2 730 E oS 1 v ik
Figure 5.6 Visualizations of activations of the last convolutional layer and last average-

pooling layer based on ResNet-50
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Figure 5.7 Visualizations of activations of the last average pooling layer of ResNet-26
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