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K, RAETRERMAE ML, 4B E M3
EEE, EERR 2 B Galaxy Zoolt) ] & G ik
F199% LA I ) 1 1 1. GMC (Galaxy Morpho-
logical Classification)-net™ 2% fi #4615 37 7 2 %
B NG E R IRREER, 1545 & AR
T B BRI )9 — 1k (Batch Normalization, BN)Z
FOP ALY, BAKF153 3 (F1-Score) ik £94.38%.
ZRETE NI T XceptionfE 4R, 8 i 10 45 5 L0 BRi
B, MR N, SRR EHE. REAER
HEAT 4335, B3 17 90.26% K A 2 7). PR 2 ) T
EA IR 1 = B RS B IBOM 43 2R Ab 3L ) 5 2k
12, M HA R AR, SCHRFFESR AL TR AT
SR EL T V. IR ] AR T B E A E AR
M S P T 0 40 22 WL ST TR SR 2R B X SDSS (Sloan
Digital Sky Survey) &4 5 #E o 4fs S 4T 1 5K
3 M, AT 58 BN SDSSE 4 £ Hh il ¥ & FEE 1Rl
AT 256 B sp B4R T —F - TYOLOVT (You
Only Look Once version 7)AM 77 7%, IO E
JIBEHR, i2 F B T HERS L 5 H b5 28 SCIE A
T3, ARG R ST s g 8 T AR A R
FE H AR

Zr EATDLE Y, R S DR O B R B R AL
R EE T HP, ResNet MG AMMUTEE RIES
Iy RE BT B 46 AR, T ELR G A R R 2 > A
UL, ResNet v 5 5 A 2% A BN, B RE
00 4 S50 i AR R R AE [ &, 0 B A AR T
&, AL e RS B R, X S R
HR A HEAE . ST H Ao e &2 R e £ =
RIR B AL, AR SO FE 53 BT R esNet A5 A0 Jig it
AR HCER A R BCR, A R R/ G B
H 22 D2 R SR (L7155 %

2 BIERIERTUALTE
2.1 BUEENA

ASLEER AT Galaxy Zoo DECaLS (Dark En-
ergy Camera Legacy Survey)Z#54E1, %5548
W 2 R EIME 2 R Cerro Tololo3E ¥ K 3C & )
Blanco 4 m®# iz 45 I ¥ GE & AHHL(Dark Energy
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Camera, DECam )41 #% {11, DECaLSEI 4 frik
BRIk £123.6, B B IR T SDSSEUE BIrd BER B
22.2, MW AEDECaLSE 4 2 FE %, DE-
CaLSEGE S PR P EEWE NIRRT, iR
T HE TR A 1) 2 SR T A REAE, L0 B 3 T D e T
TR ES %15 LA S v 4 . iX B3R THE S DECaLS K 1%
TE Jie B 0 (R 3 45 05 T B SDSS MG B A B K1
LA ZEAR AR SR T 314000 2 R EUE AL
W, AR SCim ik ik 15 2R AR I R R EE, IF
DLE B H s A bR S AT SE IR I AT

2.2 HEWLIE

DECaLSE % a1 S 101 K 2 RES
HIB AR SEEG AR P8 Galaxy Zoo% 5 46 1 1%
P, 75 34 0] B0 L 0 0k i 3R AT 5258, R 1A T A&
TEFFEAR BRI, TO1. T02. T04NGalaxy
Zoo¥ A B2 AR DGR ) JBUR 5, f N iZ [v) R BT Xof 2 )
PR, Y, fedge-on, no AR N AL R
BAR ML BRI R E DB freature/disk e
NI N 1Z R B OR A R SRR 45 4 4%
B, Fpiral, yes TN TN AZ R R EUSIE BE TN
B RBEB IR EL A SRR TR A, YR
DAY 1) R 11 25 AR 4% 55 4 i DA s o 5 5 oy B AT
A [ R ARG 2

®1 FEREREBGRTEHEAREIRAN

Table 1 Rules for selecting a clean sample of

spiral galaxy images

Galaxy type  Task Vote fraction Neample
TOl  freature/aisk = 0.430

Spiral galaxy — T02  fudge-on, no = 0.715 10999
T04  fepiral, yes = 0.619

A HEE 3 R D 75 3 £ 0 R AR 109995k, Xt
i 3G L A T e S 2R L TR e R 2 6K,
14273 3 A X R R e 1) 2 &R R, S5k
NZ TANTEBE R R R, RN TIEAERF
e B A R R K2R R T AR IR =
Rl i 2 A B Bon ] e SRR B, e
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Table 2 Number and examples of each classification of spiral galaxy images

Sample image Type info

Sample image

Type info

No. of spiral arms: 1
Total account: 252

Percentage: 2%

No. of spiral arms: 2
Total account: 6800

Percentage: 61%

No. of spiral arms: 3
Total account: 1013

Percentage: 9%

No. of spiral arms: 4
Total account: 237

Percentage: 2%

No. of spiral arms: > 4
Total account: 281

Percentage: 2%

No. of spiral arms: Uncountable
Total account: 2426

Percentage: 22%

®
o

Percentage (%)
N w »H w o ~
o o o o o o

[
[S)

[=]

1 2 3 4
Number of Spiral Arms

i 2 R PR

>4 Uncountable

1

Fig.1 Percentage of spiral galaxy images by number of

spiral arms

AR e i3 B2 2 PR (R e e AN AR, IR X
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HAERCR. b T R RS S, X2
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x 224K /INEAT ISR, 209 SR 4R MR AL BE AT
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3 ResNet7kZEMEIRE

& 4t (1) 4 L 22 N 4% (Convolutional Neural
Network, CNN) & —#f F T4 2E R BIER 7
RN BTSSP I 28 80 SR, B
W 2% EHOE N, A% GE IR = CNNAFAE G K BT 2 BR
B BERRIEBL G, AL ZRA 45 SE N IR Xk, D9t ok I 2
7] 1, ResNetGI N T 5% 7227 ] M &, id {3 A 5%
7 Jt(Residual Blocks) 3 #4 82 55 I8 J2 I 1 ) 4 (L1
Bk 22 B A Ik R % 4% (Skip Connections) o ¥ ##
LMLk B I, AR ST BB R R,
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TR TRR BETE R B ) R R TR ZE BRI N N,
HZR A F (), WIEZE R

H(z) = F(z) +z, (1)
WAL O F ()52 Bk 22 B 5T, a0 Bk 0K OE #2, ReLU
(Rectified Linear Unit) A% H 0SB %L ResNet
B YUR 2 B E 3R,

‘.
Random vertical flip
IIIIIII

Random rotation .
Resize

”~

v S

Center random crop

Random resize Random horizontal flip

IIIHiiII
Color jitter

B2 GRS

Fig.2 Image augmentation process

F(x)

F(x)+x

3 ResNetikZEMHUREE

Fig.3 Schematic diagram of ResNet residual block

W ZE R A0 E A LA 1E A A
(Identity Mapping) LA K2 5% 22 WSt (Residual Map-
ping), AP E3AN B E I — RS,
b5 2 i B T A AR AR L) I B 22 AN, X AR
THE S 7RI 2508 )2 W 2 ) SE D25 5, 9F Hgdz 1
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1o FEE 9 2 1 Tl R [N T FH T R B R R 8
[P R AR A [ 8, ] S AR K S HE Bl 1 R B R 2
R, IXFhBETE SOV 8 R TR R TR I 4%
i: ResNet50. ResNet101. ResNet152%%. ResNet
FE 5 /0 1 2 000 A A 5 TR 1 IO 25 25 K A L AE 1
FH AT 55 R I € 78 BRR BT S5 B
THEFE R RtERE. 3P H T AT A RN
2 I HIResNet 7Y 45 1,

#£3Hconvl. conv2x. conv3 x. convd x.
convh x5 il F 7~ ¥ AiResNet ¥ 2% (154 & 1 1
P xRS EHE S h bk = S n &,
B tlconv3 158 7~ 5534 & A2 2H B 5514 Bk 22
strideZ& 78 & AR B 20 K max poolFR s & FK
F B KA AL, average poolR 7 4 #71 K H P ¥ 1E
M Ak; 1000d fe7x & A 10004 15 a5 4 E 4 2
SoftMax A K F 1S B 2, FLOPsRI/RIF mlia

=)

H.

4 SLWHERKRTHE

ARSI I BT N2.50 GHz Intel (R) Core (T-
M) i9-12900H CPU, 32GW 17 I Windows & 4t, 1fi
FINVIDIA GeForce RTX 3080 Ti Laptop GPUj
ITIs 8, FEARRB S EATE A 7 Python 3.8, I
8§ FHPandas. Torch. Scikit-learn%§ /%, Il Zx it &
KN B 32, 18 Adam At Ak 2% A58 SR 45 2% B
¥, LL0.0001 2% 3] R4 1500 EARHEAT SL 06, 5K
WA R R WF.

A EIRE ResNetREHRFILER 5547

SEIG B 4 % ResNet 18, ResNet26. ResNet32.
ResNet34. ResNet50F1ResNet 10145 Y 3 47 A [A] [
22T R AT, o A i DAALAS 2 21 38 FH 1)
A5 1 % (Precision).  # [H] % (Recall). F177 #(F1-
Score). i (Accuracy) N E BV IR IR, LK
gE RN R AT R, I 0 U AN [R] X 2% 2 50 22 21 30
R, AT LU IR A 2 W 2 2 208 % OR B, oA
AT WX 2% 2 0 D . 2% )2 B0E A I ResNet 32
FlResNet34 U3 FI ARG 4T, JEHZResNet32
TERIAE AN abr EARIAS 1 s i R, & TildE br
HEEE T80%, PRl AH 7t ik #E ResNet32 4 il 2k
AT E BT,

4.1
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Table 3 Structure of ResNet network with different depths
Layer Output
) 18-layer 26-layer 32-layer 34-layer 50-layer 101-layer
name Size
convl 112x112 7X7, 64, stride 2
3% 3 max pool, stride 2
[1x1 64-| [1x1 64|
conv2_x 56 x56 [3 X3 64-| [3 X3 64-| [3 x3 64-| "3 X3 64-|
X2 X X3 X3 3x3 64 | X3 3x3 64 | X3
[3 X3 64J [3 X3 64J [3 x 3 64J LB X3 64J
_1 x1 256 _1 x 1 256_
- 1 - 1 - 1 - 1 [1x1 128—| [1x1  128]
3x3 128 3x3 128 3x3 128 3x3 128
conv3_x 28x28 X2 x3 x4 x4 |3x3 128| x4 3x3 128| x4
3x3 128 3Ix3 128 3x3 128 3x3 128
- - o - o - - - _1><1 512 _1><1 512_
- 1 - 1 - 1 - 1 [1x1 256 | [1><1 256 |
3x3 256 3x3 256 3x3 256 3x3 256
convd x 14x14 X2 x3 X5 X6 [3x3 256 | X6 [3x3 256 | xX23
3x3 256 3x3 256 3x3 256 3x3 256
L - o - o - - - _1 x1 1024_ 1x1 1024_
- 1 - 1 - 1 - 1 [1x1 512 1x1 512
3x3 512 3x3 512 3x3 512 3x3 512
convb x  TxT X2 X3 X3 X3 [3x3 512 | %x3 [3x3 512 | %3
3x3 512 3x3 512 3x3 512 3x3 512
o - L - o - - - _1 x1 2048_ 1x1 2048
1x1 average pool, 1000d fc, SoftMax
FLOPs 1.8x10° 2.7x10° 3.2x10° 3.6x10° 3.8x10° 7.6x10°

x4 TEIEHResNetEEIXEE M EIRANAERITEL
Table 4 Comparison of different ResNet models

with different number of layers

Model Precision Recall F1-Score Accuracy
ResNet18 0.80 0.79 0.80 0.803
ResNet26 0.82 0.80 0.80 0.795
ResNet32 0.83 0.81 0.82 0.807
ResNet34 0.82 0.80 0.81 0.803
ResNet50 0.79 0.80 0.79 0.800
ResNet101 0.78 0.79 0.79 0.792

4.2 ResNet325HREF JRAMELE

Y HI R I 2 N R B AR 22, itk — 2P )
HrResNet 325 HAthAH ¢ W 28 B (A 55, sttt —
¥ 5RSDFNet18. SEResNet34. StochasticDepth_
ResNet34. EfficientNet 2 ViT5 FAth H 0L IR B 2%
SRR AT T S0 P oA, X SE A Ay AR T
AN ) DX 285 5 ) S 2 P R R BB, FESE BRI K T

18-5

HIResNet324H [A] L8R/ 2T &0 R AAREL
FFABBRAIN S EE, BRI S50 45 R AR5 .

MRSTTLLE H, fERE % b, S BRI 22 7
AK, HRELEF R, Fl1-Scorefl & A& #E i %
RSNet18. SEResNet34. StochasticDepth_ResNet
34, DenseNet., ViTZ5 R R AR, A A ResNet32
MEfficientNet 5 £ 0] 8 180%. 7] LLFA H g v
AT R B U B e IR A DR R R 1) 5 R
J5 R FE B NI $2E 15, ResNet3248 8 HA 8 47 1145
A

4.3 ResNet323 N EIHEEHERIRH 2

JH It BRI 2 a6} b, AT PAE HiResNet
320F e I B AR I e R B AR U B A H
ResNet 3272 15 % AN 6] f7 e 1 45 5= 405 H A5 A3 [ (137
SRR, RS 2 SR AR R G AN . Uk,
AT BE— 25 7 HrResNet 325 A 7] fig B £ & 19 11 5
L. 265 H T ResNet 3245 7 75 X 5 L5t A [A]
it R 0 1Y) 43 SRR RO DL R & e T PR 5

T IRN
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REZERIR K, PLZEE T F 1R A [ Z 1) F1-Score
N, e B2 F1-ScorefH B 1, 1A 30.9, i
NAMIF1-Score X 0.32. #— b & F KM REfaba Al
EIGEEAT N GR, sTUUHEEH, KGEHREZ
B8R ORGP B R AR R
7. 1X Ut A ResNet 32456 8 52 Il 2 S v UG S & ) 52
Mo 350K, 28 BT (P U B R, A 20 S 35 v
FRINEES Ve

4.4 1RG5 2E REGRFHEX TS K2 IRA 80BN
RorHh

M E—F iR, 2k B EREX ResNet

SN ORI, G H A2 e B B A e B 4

BB, M E R TR R ZRROR. SR,

I T N T DA T R UL AR v P b 78 U R
MR FRERAES. Bk, fe5 @ +h 78 o4y
TR PRI 7 VR R v e i 5 R RROR, R AR —
IR . Yk, AR B SR IUE 4t B AR EURRAE,
5 53 B 3K SEARFAE T i R R PR R
14t 2 2 R AR TR B

1 4t B8RS AIE T8 60 55 R 00 0L 2 Uk
AL AN 3L T B & BAR O BE 0 A B S8 AR AE. AT
o Lk BT 1T SRR AR, FAR S SCRL AR
BT E MR R, Hoh 5 N1-75 B R AL 8
i Petrofit "SR A AL HEAT HRHL; 8-12'5 RHAIE B H2 Y
HDECaLSH 3%; 13-175 % ik HiPython Morpho-
logical Operations (PYMORPH)M 8 4 i+ 5, 1X
BERFIE A AL A2 28 BRI 58 v (10 H LARFALE.

4.4.1

x5 BRRAMNEEHENESIRMGERIL

Table 5 Comparison of the results on the number of spiral arms by ordinary models

Model Precision Recall F1-Score Accuracy
ResNet32 0.83 0.81 0.82 0.807
RSDFNet1812 0.80 0.76 0.78 0.761
SEResNet341°] 0.80 0.77 0.78 0.765
StochasticDepth_ResNet34!*4 0.79 0.71 0.75 0.708
DenseNet /7] 0.79 0.79 0.78 0.791
EfficientNet!*f! 0.79 0.80 0.79 0.792
viTl? 0.81 0.66 0.72 0.662

%% 6 ResNet32t2 B N EHEBE W ERIRA EREDHT

Table 6 Analysis of the ResNet32 model in various amount of spiral arms

Number of spiral arms  Precision Recall F1-Score Number of test sets Total
1 0.37 0.58 0.45 51 252

2 0.91 0.88 0.90 1358 6800

3 0.49 0.67 0.57 203 1013

4 0.21 0.62 0.32 47 237

>4 0.48 0.63 0.55 56 281
Uncountable 0.79 0.69 0.74 485 2426
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Table 7 Traditional features of galaxy images and their extraction methods
No. Feature name Feature meaning Extraction method
1 Petrosian radius The Petrosian radius is the radius where the Petrosian profile Petrofit
is equal to a special Petrosian index
2 Theta Rotation angle in radians, counterclockwise from the positive Petrofit
z-axis (0)
3 Ellipticity Ellipticity of the profile Petrofit
4 Elongation Describe the elliptical distribution of Sérsic profiles Petrofit
5 Total flux The total flux (projected luminosity L) contained within a Petrofit
Sérsic profile over a projected area A(r) = mr?
6 Half-light radius The radius contains half of the Petrosian total flux Petrofit
7 C20/80 Ratio of the radius containing 20% of the light of a galaxy to Petrofit
80% of the light of a galaxy
8 elpetro_absmag.r Absolute magnitude from elliptical Petrosian fluxes in DECaLS catalogues
rest-frame in SDSS r-band
9 sersic_nmgy._r “Galactic-extinction corrected AB flux” in SDSS r-band DECaLS catalogues
10 petro_th50 Azimuthally-averaged SDSS-style 50% light radius (r-band) DECaLS catalogues
11 petro_th90 Azimuthally-averaged SDSS-style 90% light radius (r-band) DECaLS catalogues
12 petro_theta Azimuthally-averaged SDSS-style Petrosian radius (r-band) DECaLS catalogues
13 Concentration index  the ratio of the radius of the galaxy which contains 80 percent PYMORPH
(C) of the total light (rs0) to the radius of the galaxy which
contains 20 percent of the total light (r20)
14 Asymmetry (A) The difference between the galaxy image and the image after PYMORPH
the image has been rotated 180°
15 Clumpiness (S) A quantitative measure of clumpy regions in the galaxy PYMORPH
16 Gini coefficient Quantifying the unevenness of a galaxy’s luminosity PYMORPH
distribution
17 Second-order Second-order moment of the brightest pixels (M20) PYMORPH
moment of the Quantifying the internal structure and morphological
brightest pixels characteristics of a galaxy by calculating the second-order
(M20) moment of the brightest pixels in an image
4.4.2 HiEResNet32/14% 4t 2 2 FGRHE I i i RS RBUAL G MG R AR A IR AN 7] fe B i

BIRCR, Sei

HeE IR
O U6 I A% 2 P A R A xR R ) Bl
22 OB AR G AR IZ A NN B Res-
Net32#5 8 v 275 AN [ 20 & 0 Jie 18 405 13 0l 1) 2%

TR R 2 AR ZE RO EE A B TR e
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BRCERRARCR, X AT RERE ROV IX AL gL A2 &R
PR AR AE BT AR IRk 3 02 2% 18 2 R DL
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Al —AA4 b, X e E SR BN LSk
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Table 8 Best composition of features for recognition of spiral arms

Number of

spiral arms

Traditional features

1 Half-light radius, Petrosian radius, C20/80, Theta, Ellipticity, Elongation

2 Half-light radius, Petrosian radius, C20/80, Theta, Ellipticity, Elongation, elpetro_absmag_r

3 Half-light radius, Petrosian radius, C20/80, Theta, Ellipticity, Elongation, elpetro_absmag_r,

petro_th50, petro_th90, petro_theta, Total flux, C, A, S, Gini coefficient, M20

4 Half-light radius, Petrosian radius, C20/80, Theta, Ellipticity, Elongation, elpetro_absmag_r,
petro_th50, petro_th90, petro_theta, Total flux, C, A, S, Gini coefficient

>4 Half-light radius, Petrosian radius, C20/80, Theta, Ellipticity, Elongation, elpetro_absmag_r

Uncountable Half-light radius, Petrosian radius

®9 HEMEREREGEEREE IRABRI

Table 9 Effect analysis of traditional galaxy image features for recognition of spiral arms

Precision Recall F1-Score
Number of ResNet32+ ResNet32+ ResNet32+
spiral arms g Net32  Traditional  ResNet32  Traditional ~ ResNet32  Traditional
features features features

1 0.37 0.57 0.58 0.29 0.45 0.38

2 0.91 0.87 0.88 0.88 0.90 0.87

3 0.49 0.68 0.67 0.35 0.57 0.46

4 0.21 0.67 0.62 0.31 0.32 0.42

>4 0.48 0.65 0.63 0.34 0.55 0.45

Uncountable 0.79 0.69 0.69 0.74 0.74 0.71
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Analysis of the Recognition Effect on the Number of Spiral
Arms in Spiral Galaxy Images Using ResNet

DONG Shu-yu  ZHANG Jin-qu
(School of Computer Science, South China Normal University, Guangzhou 510631)

ABsstracTt The spiral arm information contained in spiral galaxy images, especially the number of
spiral arms, is of great value for studying the structural evolution and dynamics of galaxies. Against the
backdrop of explosive growth in galaxy observation data, how to quickly identify the number of spiral
arms has become an important issue in the study of spiral galaxies. The research is based on the Galaxy
Zoo DECaLS (Dark Energy Camera Legacy Survey) dataset and studies the ResNet (Residual Networks)
model’s method of identifying the number of spiral arms from spiral galaxy images. The experimental
results show that the accuracy of the ResNet32 model is 83%, which is the best compared to network
models such as ViT (Vision Transformer), EfficientNet, and DenseNet. In terms of recognition of different
numbers of spiral arms, there is a strong relationship between recognition accuracy and the number of
training samples. There are 6800 images with 2 spiral arms, with an F1-Score value of 0.9, while there are
only 237 images with 4 spiral arms, with the lowest F1-Score value. The experiment further analyzed the
recognition effect of fused traditional galaxy image features and found that the role of fused traditional
galaxy image features in improving the recognition of spiral arms is limited.

Key words galaxies: spiral galaxy, techniques: image processing, methods: data analysis, methods:
classification
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