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Abstract  In recent years, deep learning based object detection technologies have achieved significant
advancements and have been widely utilized in various fields. However, there remains a lack of deep
learning detection methods specifically designed for space targets. Compared to object detection in

natural image, space target detection encounters unique challenges; One primary challenge arises
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from the extreme shooting distances involved, which results in space targets appearing as mere
faint spots in space images, comprising only a few pixels and lacking distinct shape and color
features. Additionally, the complex space environment and device-related factors contribute to
various types of noise within the images, such as bright backgrounds caused by stray light and hot
pixel noise arising from camera issues. Moreover, some regions in space contain a large number of
stars, the densely packed stars within the field of view frequently lead to the partial overlapping
of light spots in space images, further complicating the detection task. These difficulties undeniably
exacerbate the challenges of space target detection. In response to these challenges, this paper
introduces an anchor-free detection method for small space objects, grounded in enhanced information
representation. The proposed method employs a specifically designed end-to-end convolutional
neural network (CNN) model, capable of concurrently detecting small space targets and precisely
locating their centroids. To tackle the issues of weak object signals and background noise interference,
we have developed a cross-space-channel attention module and a squeeze-excitation multi-scale
feature fusion module. These components are designed to enhance the model’s ability to focus on
the pertinent information within noisy images, thereby significantly improving its capability to
detect targets in the challenging noise-laden backgrounds. Building upon this, to further address
the problem of overlapping light spots, we incorporate a density map-based loss function. This
approach enables the model to more effectively learn the overall spatial distribution and quantity
information of the targets within an image. As a result, the model accurately discerns the number
of individual targets within overlapping clusters, facilitating more precise differentiation and
identification of each distinct target. To comprehensively validate the effectiveness of the proposed
method, we simulated space images containing point targets and streak targets with various noisy
backgrounds. These images were meticulously annotated with detailed information regarding the
centroid locations, bounding boxes, and pixel coordinates of the targets. Experimental validations
were conducted using both the simulated dataset and the publicly available real image sequences
dataset SpotGEQ. In testing conducted on the simulated image data, our method achieved a F1
score of 95. 34% and a sub-pixel level average centroid localization accuracy of 0. 4478, Additionally,
we performed further tests to examine the impact of varying noise levels on centroid localization
accuracy, as well as an analysis of processing efficiency under different hardware conditions to
provide a comprehensive assessment of the method’s capabilities. Furthermore, within the publicly
available SpotGEO dataset, after integrating a sequential post processing method., our method
yielded an F1 score of 93.08%. Experimental results demonstrate the superior performance of
our approach in accurately detecting and precisely localizing these small but crucial space objects.
Keywords dim and small space target detection; centroid localization; attention mechanism;

feature fusion; quantity information
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Background

Space target detection technology identifies these targets
from space images and accurately outputs their centroid
positions, thereby supporting subsequent computations of
their locations in the space. However, due to the extensive
imaging distances, the complexity of the space environment.
and the limitations of device components, space targets are often
point or streak forms in images, losing essential information.
such as their original appearance and color. Furthermore, the
images often include background stray light and various other
noise forms, which can severely degrade the quality of the
images. Undoubtedly, these factors substantially increase the
difficulty of space target detection.

Existing traditional space target detection methods
exhibit limitations such as missing dim and small targets, high
computational complexity, and reliance on human expertise.
Moreover, these methods determine centroid coordinates by
applying an additional centroid localization algorithm to the
extracted target area. The accuracy of the centroid coordinates
are decided by both the accuracy of the extraction region and
the centroid localization algorithm. These methods are disad-
vantageous for dim targets. Additionally, most traditional
approaches rely on binary segmentation to extract the target
area. When a target is partially obscured by a star, such
methods tend to segment the target and the star into a single
cohesive mass, which significantly impacts subsequent
centroid localization. Recently, a few methods that utilize
deep learning for space target detection have emerged,

employing existing general object detection models. However,

it is evident that space targets exhibit significant differences
compared to typical natural objects, and the direct adaptation
of existing models still presents opportunities for improvement
in space target detection.

In this paper, we propose a dim and small space target
detection method based on enhanced information representation,
employing a convolutional neural network to simultaneously
perform detection and centroid localization. thereby eliminating
the need for additional centroid localization algorithms. We
design a cross-space-channel attention module and a squeeze-
excitation multi-scale feature fusion module to jointly enhance
the model’s focus on crucial information. We also incorporate a
loss based on density maps to make the model more directly
learn the overall spatial distribution and quantity of targets.
Additionally, we generate the space image dataset, which
includes different target shapes and noisy backgrounds. The
experimental results on the synthetic image dataset and the
real image dataset SpotGEO demonstrate the effectiveness of
our method.
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