MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2023,32(7):95-104 [doi: 10.15888/j.cnki.csa.009178] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

M [[1 K 3 [E& BV R E XA 460
BEF i, SALHE, Mg, KT

(RIERHER 2 tHENIRFE 5 HE AR 2, K 030024)

WEEH: BEsF %, E-mail: 1775957392@qq.com
AR TR RAES T, SRR BB R I R AR, BB B E bR S5kt /N RUFE R A (R 0 2k
IR AR, A0 R R, 32— P T Mask-GAN A1 YOLOV3 F/INRE R ARG T 7 i 5% 2 BT Kb B o
VBT IRARBER. Bt T — AT HRAR Mask #5502, Jo i (5 3 7 ] {8 43 00 a3y B # B+ #0 H A, JF
312 T 2 44D B I SR IF AR AT A7 SR 2 Mask, 388 4 DL/ 40 81 5 A7 T 52 5% B RIARIIE Azt 0
ILG; HUKKIEE GAN B, 45 & F 3 K Ak Mask 58 BB BT SR AR 5. 552 45 44 A T i Fry S50 s \ 50k 1 YOLOW3
BURDHEAT /N R TR, 31 NTE 2 WL, H 2 C-EfficientNet 75 3 T3 (R E R 22, 158 I 28 (14T 32 B A
FU6E H AR RTEREE; [R5 R 4 /N IR E R4 1 —Fh 32 T JZ Rk BB (1 77 2 SA, 1k 4 B - b ) FH 43 1%
%%éﬂﬁﬁ&?ﬁgE‘J%%)%#%?Eﬁﬁiﬂﬂ/J\RFE%%.?%Eﬁ*ﬁ%@%, f£ SDSS (Sloan digital sky survey) K 3CE#E 4R EXt
N RO AR RN L AR RS U S350 FE TR 21 T 81.16% A1 77.89%, AH LU T 24 B 48 S Sy AG I AR B 47, 5 — 5 W SEBR v
i =98 .

K HEIR): ROCEME; N REERAR; TR A o Bt 24, B brkar il

SRR B sF B, SN i 6, 4 5 5 T 1) R SC B /N RUBE R A Aar il 1 B0 2R 45 5 FH,2023,32(7):95—-104. http://www.c-s-a.org.cn/1003-
3254/9178.html

Small-scale Astronomical Object Detection for Astronomical Images

YUAN Shou-Jin, CAI Jiang-Hui, YANG Hai-Feng, ZHENG Ai-Yu \
(College of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China)

%

Abstract: In the Sloan digital sky survey (SDSS), the current object detection algorithm is inefficient in the detection of
small-scale astronomical objects due to interference from large and"“r.)right astronomical objects. To address this issue, a
small-scale astronomical object detection method based oniMask-GAN and improved YOLOV3 is proposed. The method
is executed in two steps. The first step, is to mask the interfering astronomical objects. A Mask construction algorithm for
interfering astronomical objects is designed, which extracts the interfering objects by adaptive threshold segmentation and
connectivity domain analysis, and the Mask is constructed by the method of fusing the features of band regions to avoid
halo residue and exclu(iing adjacent objects to avoid segmentation errors. Then, a GAN model is built, which is combined
with the Mask of interfering astronomical objects to complete the interference masking task. The second step is to input
the processed data into the improved YOLOv3 model for small-scale astronomical object detection. C-EfficientNet with
an attention mechanism is built as the backbone network of the improved YOLOV3 to strengthen the feature extraction
capability and increase the network’s attention to objects. Meanwhile, four effective feature layers are extended, and the
method SAt is proposed to increase the weight of shallow feature maps so that the network can better use high-resolution

shallow features with more details to detect small-scale astronomical objects. Experiments and analysis show that the
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average accuracy of the method in detecting small-scale stars and galaxies on the SDSS astronomical dataset reaches

81.16% and 77.89%, respectively, The proposed detection method is better than the classic one and is of certain practical

application significance.

Key words: astronomical image; small-scale astronomical object; masking interference; generative adversarial network

(GAN); object detection
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TIWUI IR TR RS AL EIBCE J7 3 SAt, AR 2% % BRI Bm RAK, fEBCER) YOLOV3 B 8Y | mAP
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