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Abstract: Faint astronomical target detection is fundamental to space resource exploration, development,
and utilization, providing essential information for celestial object tracking, asteroid mining, and deep-
space mission planning. Detecting such targets remains challenging due to minimal pixel coverage, low
signal-to-noise ratios (SNR) , and sparse intrinsic features, which contribute to high false-negative rates
and limited performance in existing approaches. To address these limitations, a Hierarchical Attention
Dense Nested Network (HADN-Net) is proposed, a deep-learning framework specifically designed to en-
hance detection accuracy for faint targets in astronomical imagery. HADN-Net incorporates two novel mod-
ules to tackle the principal challenges of faint target detection. The Multi-branch Ghost-Dilated Attention
Module (Mul-GDAM) adopts a multi-receptive-field feature extraction strategy that combines dilated con-
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volutions with ghost modules to expand contextual modeling while preserving computational efficiency.
This module effectively captures local neighborhood features, suppresses complex background noise, and
strengthens the discriminative representation of faint targets. The Hierarchical Feature Aggregation Mod-
ule (HIFAM) employs cross spatial-channel attention mechanisms to dynamically fuse multi-scale fea-
tures. By adaptively weighting feature maps across resolutions, HiFAM preserves faint-target information
and mitigates the scale-variation problem common in astronomical observations. Extensive experiments on
real ground-based optical images demonstrate that HADN-Net achieves state-of-the-art performance,
yielding a recall of 94.648% , precision of 95.518%, and an Fl-score of 95.081%, and outperforming
five leading methods. In particular, recall is improved by 2. 855% relative to the second-best method, con-
firming the effectiveness of the proposed approach for faint celestial target detection. This work introduces
a scalable solution applicable to space debris monitoring, exoplanet discovery, and near-Earth object
(NEO) tracking.

Key words: computer vision; ground-based optical astronomical images; faint astronomy; target detec-

tion; neural networks
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Tab.1 Comparison results with advanced methods( % )

Method /21 R F1 F,
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HADN-Net  95.518 94.648 95.081 4.282
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Tab.2 Research on ablation of image preprocessing
methods (%)
Method 24 R F1 F
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95.518 94.648 95.081 4.282

Normalization

Standardization

Sigma-clipping
Hierarchy

4.5.2 Mt

FE— M H AR AT DU AT 55, X 28 2 100 1) T 18
TRIZ M K 38 % )2 M R B Ar & 218 X
REAE SR T EE X G 55 AR R 2o R 1 I 2% 25 4
23 3 BUIR)Z 4015 5 5 7E 1% 1 5 78 v 38 W 5 el B
FO O E B A A B 0y g 85 H bR O A
Fl o SR E5 B a0 3% 3 FTon , Bl 4 I 45 TR 3 )2
B E 5 )R, A ]S G B R O 3 B Y R A (L4 T
2.195%) B YR EN S Z 1 6 29 R5, i Ti&
R BB AR, B R BT R (A
1578 B R, 32 W 45 AR 7E R IR JE (42 T
1.218% ) Ml 2 & (P& A 1. 163 %) BI85 b 3%
W AR EREEMFIZMNE ., &4
R P B Y B A 1 L TA R 5 )2 I 2 SR FE AR
T F 55 08 AR B 0] 3k BI85 1 - L B 6% i KRR
JEE i 5 T (AR W R

x3 NEERHHBEMHAR
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Layer-6  94.368  93.583  93.974  5.586
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Tab.4 Research on ablation of sampling strategy (%)
Method P R F1 F,
Nearest neighbor sampling 96.623 93.174 94. 867 3. 257
Bilinear interpolation sampling 96. 871 93.168 94.983 3.009
Conv+DConv 95.518 94. 648 95. 081 4.282
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Fig.9 Visualization results of heat maps of different network component characteristic
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Fig. 10 Changes in network recall rate under different designs
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