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Abstract: Planetary surfaces, shaped by billions of years of geologic evolution, display numerous impact craters whose
distribution of size, density, and spatial arrangement reveals the celestial body's history. Identifying these craters is
essential for planetary science and is currently mainly achieved with deep learning-driven detection algorithms.
However, because impact crater characteristics are substantially affected by the geologic environment, surface
materials, and atmospheric conditions, the performance of deep learning models can be inconsistent between celestial
bodies. In this paper, we first examine how the surface characteristics of the Moon, Mars, and Earth, along with the
differences in their impact crater features, affect model performance. Then, we compare crater detection across celestial
bodies by analyzing enhanced convolutional neural networks and U-shaped Convolutional Neural Network-based
models to highlight how geology, data, and model design affect accuracy and generalization. Finally, we address
current deep learning challenges, suggest directions for model improvement, such as multimodal data fusion and cross-
planet learning and list available impact crater databases. This review can provide necessary technical support for deep
space exploration and planetary science, as well as new ideas and directions for future research on automatic detection

of impact craters on celestial body surfaces and on planetary geology.
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Impact craters are among the most prevalent geologi-
cal features in the solar system, formed sporadically on
long timescales by asteroid impacts on the surfaces of plan-
ets or moons and by collisions with other celestial bodies.
The formation of impact craters not only constitutes a
prominent geomorphological feature on the surface of
many planets but also profoundly influences the process
of planetary formation and evolutionl!]. Whether on the
Moon, Mars, or other terrestrial bodies, the impact craters
on their surfaces record the results of celestial interac-
tions, and the morphological features, formation mecha-
nisms, and distribution patterns of impact craters provide
valuable insights for studying planetary geological evolu-
tion, atmospheric history, and celestial collisions[2l. Addi-
tionally, they are crucial for understanding the origin and
evolution of planets in the solar system, planning deep
space exploration missions, and investigating potential con-
ditions for the origin of lifel}]. Therefore, the study of
impact crater detection holds an essential place in the

field of planetary science.

Established impact crater detection methods are
divided into manual labeling methods and automated algo-
rithms relying on the geometric features of impact craters.
Manual labeling is the earliest detection method, in which
researchers manually mark the boundaries of impact
craters in images and calculate relevant parameters such
as diameter and depth by observing remote sensing
images or digital elevation models (DEMs)® of plane-
tary surfaces. Most of the early impact crater databases
for objects such as the Moon and Mars were constructed
manuallyl>¢] and although this method has been success-
ful in initial research, there are often notable differences
in the labeling results from different researchers because
of the extraordinarily time-consuming and subjective
nature of the manual labeling process!’-#], with discrepan-
cies reaching as high as 40%[®-101, Automated methods
have gradually been introduced to address these prob-
lems and improve research efficiency. Traditional auto-
mated methods are typically on the basis of the morphologi-
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cal features of impact craters, such as annular boundaries
and depressed topography, which are recognized using
image processing techniques such as edge detection and
morphological operations!!!:12],  Additionally, techniques
combining DEMs and optical imagery can improve detec-
tion accuracy by analyzing terrain undulation and slope fea-
turesl!3:14]. However, these methods have high require-
ments regarding the shape of impact craters and have
room for improvement when dealing with complex back-
grounds, such as Martian dust-covered areas and in identify-
ing small impact craters, which are easily affected by
light variations and noise. As a result, they are not effec-
tive in dealing with overlapping craters or eroded impact
craters!!3]. Overall, traditional methods have limitations in
terms of efficiency, accuracy, and adaptability, which
make it challenging to handle the large volumes of high-res-
olution data generated by current planetary exploration mis-
sions and to adapt to the notable geological differences
across different celestial surfaces!’-19], Because deep learn-
ing methods offer a high degree of automation and adapt-
ability to diverse environments, they can effectively over-
come the limitations faced by earlier methods in impact
crater detection. Consequently, deep learning has gradu-
ally become an essential tool in impact crater detection.

In recent years, researchers have developed many
impact crater detection algorithms (CDAs) on the basis of
deep learning techniques, which have proven effective at
solving many problems associated with more traditional
methods for identifying impact craters on planetary sur-
faces. Compared with manual labeling methods and auto-
mated methods on the basis of the geometric features of
impact craters, deep learning possesses powerful feature
extraction and nonlinear modeling capabilities, which
enable the automatic detectionof impact craters from com-
plex and diverse data, markedly improving the efficiency
and accuracy of detection 7], For example, deep learn-
ing models on the basis of system architecture such as con-
volutional neural networks (CNNs) can automatically cap-
ture the boundaries, shape features, and background environ-
ment of impact craters, accurately identifying craters of dif-
ferent scales and morphologies through multi-layer fea-
ture extraction(!8:19], Additionally, deep learning models
can flexibly adapt to different data sources (e.g., optical
images, DEMs, and multispectral data) and geological con-
ditions on a variety of celestial surfaces, effectively address-
ing the adaptability issues of previous methods in cross-
celestial studies(!6-20]. Thanks to their efficient end-to-end
learning capability, the training and inference speed of
deep learning techniques on large-scale datasets is consider-
ably faster than that of older algorithms, enabling quick pro-
cessing of a large number of high-resolution images gener-
ated by planetary exploration missions(®2!]. Furthermore,
through the use of data augmentation, multimodal data
fusion, and transfer learning, deep learning further
extends the application scenarios and adaptability of
impact crater detection, making it more robust in dealing
with complex backgrounds, secondary crater detection,
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and multi-object comparison studies!!®:22l. Consequently,
deep learning plays a central role in automating and improv-
ing the accuracy of impact crater detection and provides
more efficient technical solutions with broader applica-
tion scenarios for planetary science research.

CDAs demonstrate excellent efficiency and accuracy
in data processing on a single celestial body. They pro-
vide technical support and new research perspectives for
the study of impact craters on different celestial bodies,
owing to their automation and ability to adapt to diverse
environments. Studying impact craters on a variety of celes-
tial bodies is of foremost importance in planetary science,
because the geological environment, gravitational field,
and atmospheric conditions of each body strongly affect
the formation mechanism, feature preservation, and distribu-
tion patterns of impact craters. These differences offer valu-
able insights into the formation, evolution, and interac-
tion of planetsl’). For example, the Moon, whose impact
craters remain clear and intact for long periods because of
the lack of atmospheric and geological activity, is ideal
for studying impact dynamics and secondary crater distribu-
tionl23-241. By contrast, the thin atmosphere and active
wind and sand erosion on Mars lead to the erosion or mask-
ing of crater edges and its complex sediment cover and geo-
morphological changes make the morphological characteris-
tics of impact craters and the distribution patterns of sec-
ondary craters appear more diversel2:3, On Earth, the
preservation of impact craters is severely limited by geologi-
cal processes such as plate tectonics, erosion, and deposi-
tion, with only a few larger impact craters remaining recog-
nizablel26-27], Saturn's moon Titan has few surface impact
craters, mainly owing to its active geological and cli-
matic features, such as liquid methane rivers, lakes, and
wind-formed landforms, which can mask or erode impact
craters. Titan's thick atmosphere also reduces the impact
of many small meteors, decreasing the number of craters.
Many other objects with complex surface features and
unique atmospheric environments can provide new perspec-
tives for studying the formation and evolution of impact
craters[28],

Through cross-body comparative studies, researchers
can uncover universal patterns in geological processes
while identifying phenomena unique to different celestial
bodies, thus advancing CDA automation. For example,
Herd et al.[?3] and Xiao et al.[?] demonstrated the notable
environmental effects of surface deposition and gravity on
crater morphology by comparing Martian and lunar
impact craters!?>29-30, However, challenges remain in
cross-body comparative studies, including differences in
the resolution and quality of remote sensing data, the com-
plexity of crater morphology and the diversity of geologi-
cal environments and formation mechanisms(!®31]l. In
recent years, the introduction of deep learning techniques
has provided powerful tools for the automated detection
and analysis of impact craters on various celestial bodies,
enhancing detection efficiency and supporting the develop-
ment of cross-celestial comparative studies(32-331,



The study of impact craters on different celestial bod-
ies is essential to planetary science, not only for understand-
ing the geological evolution and surface chronology of plan-
ets but also for providing technical support and a scien-
tific foundation for future deep space exploration mis-
sions. This field of research will lead to new discoveries
and insights into geological history, material cycles, and
celestial interactions, offering more opportunities to under-
stand the evolutionary processes of the solar system(34.35],

In this paper, we explore the application and perfor-
mance of deep learning techniques in impact crater detec-
tion on the surfaces of different celestial bodies and evalu-
ates the adaptability and detection capabilities of deep learn-
ing models in multi-planet environments by analyzing
impact crater detection studies on typical celestial bodies
such as the Moon, Mars, and Mercury. Specifically, we
compare the performance of various models across differ-
ent celestial bodies and analyze the key factors affecting
the generalization ability of the models. At the same time,
we summarize the technical challenges in detection tasks
across different celestial bodies and propose potential direc-
tions for improvement. Reviewing and summarizing exist-
ing research, we aim to provide technical support and theo-
retical references for future deep space exploration mis-
sions and planetary geology studies.

The characteristics of impact craters on planets and
moons can be influenced by various geological and physi-
cal factors, including the surface geological environment,
atmospheric conditions, gravitational field strength, and
the history of geological activity. Owing to marked differ-
ences in the geological conditions and physical properties
of different celestial bodies, the preservation state, morpho-
logical features, and distribution patterns of impact craters
also vary. This diversity can provide valuable informa-
tion for studying the formation and evolution of plane-
tary surfaces, but it also presents a challenge to the develop-
ment of more accurate crater detection techniques.

In this study, we have examined the Moon, Mars,
Earth, Mercury, Enceladus, and Titan, all of which have
impact craters with unique characteristics. The Moon pos-
sesses one of the largest distributions of well-preserved
impact craters in the solar system. Because of its lack of
atmosphere and limited geological activity, its impact
crater morphology has remained largely intact, with well-
defined and regular boundaries, typically round or oval. A
typical example of an impact crater on the Moon is the
Copernicus Crater, located on the near side of the Moon
with a diameter of approximately 93 km, known for its
well-defined ejecta system. Additionally, the lunar sur-

face is extensively covered with secondary craters, originat-
ing from the secondary impacts of ejecta from large pri-
mary craters. The impact craters on the Moon record
the history of effects from the early formation of the solar
system to the present, making it an ideal subject for
studying impact dynamics and planetary surface chro-
nologyt8-23],

Impact craters on Mars show complex and diverse mor-
phological features influenced by its thin atmosphere and
active wind and sand processes. The surface of Mars is cov-
ered with sandy sediments and ice and the edges of some
impact craters are indistinct or obscured, with their interi-
ors often covered by depositsl?!l. In addition, the Martian
atmosphere can form secondary craters, but the distribu-
tion pattern of these craters is influenced by geological con-
ditions and depositional processes. These characteristics
of Martian impact craters provide essential insights into
depositional environments and the distribution of sec-
ondary cratersl’]. A representative impact crater on Mars
is Gale Crater, located near the equator, with a diameter
of approximately 154 km. At its center is Mount Sharp, ris-
ing approximately 5.5 km in height. The NASA Curios-
ity rover landed there in 2012 and continues to explore.

The number of impact craters on Earth is small and
they are poorly preserved because of the heavy atmo-
sphere and intense geologic activity. Plate movement, ero-
sion, and deposition have destroyed most impact craters
on the Earth's surface and only a few of the larger impact
craters are recognizable, such as the Barringer Crater and
Lake Manicouagan. The residual morphology of Earth's
impact craters is primarily complex, irregularly shaped,
and often covered by sediments!26-27],

Mercury has no atmosphere, weak surface geology,
and a dense and well-preserved distribution of impact
craters. Its weak gravitational field facilitates the forma-
tion of multi-ring craters and secondary craters, with the
Caloris Basin being a typical example. Mercury's impact
craters have clear morphology with regular boundaries
and are primarily circular or elliptical, suitable for study-
ing secondary craters, impact mechanisms, and genera-
tion laws(30:361,

The polar regions of Enceladus and Titan are character-
ized by geologic activity and liquid hydrocarbon lakes,
respectively, rather than by impact craters. The surface of
Enceladus is covered by a thick crust of ice and its
impact craters are sparse, but some of them show notewor-
thy ice-filled and frozen structures inside. Substantial geo-
logic activity on Enceladus's surface, such as possible cryo-
volcanism, has resulted in some impact craters having
degraded or unrecognizable morphologies. In addition, Ence-
ladus may have a deep subsurface ocean, suggested by
the presence of distinctive “tiger stripe” fissures in the
south polar region, which are the source of jet plumes. Its
impact crater distribution could provide clues for explor-
ing subsurface ice and liquid water(28],

Titan has a thick atmosphere, surface rivers com-
posed of liquid hydrocarbons (primarily methane and
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ethane), and its impact craters are sparse and diverse.
Hydrocarbon deposits and erosion cover most impact
craters and only a sparse distribution of impact craters
remains in localized areas. The NASA Cassini probe has
observed Titan's north polar region in detail, finding it to
be characterized by large hydrocarbon lakes and seas.
Impact crater studies on Titan have provided essential
data for understanding methane cycling and deposition pro-

cesses(28].

Remote sensing images of typical impact craters on
each planet are shown in Fig. 1. In addition, Table 1 sum-
marizes a comparison of the impact crater characteristics
for each celestial body, including the atmospheric environ-
ment, geological activity, surface impact crater morphol-
ogy, distribution of secondary craters, and the names of rep-
resentative impact craters on each planet.

Fig. 1. Comparison of typical impact craters on various planets. (A) Moon: Copernicus Crater!. (B) Mars: Gale Crater in August
20122, (C) Earth: Barringer Crater (Arizona, USA)3. (D) Mercury: Caloris Basin*. (E) Enceladus: polar tiger stripes (close-up view)’. (F)

Titan: north polar “Land of Lakes” (bird's eye view)°.

The geological environment of planets and satellites
has a profound influence on the formation, evolution, and
preservation of impact craters. Geological age, geological
structure, and atmospheric conditions are the central fac-
tors determining the morphology and distribution of
impact craters, and these variables have diverse manifesta-
tions on different celestial bodies. The following is an in-
depth discussion on how these three geological differ-
ences have shaped the characteristics of impact craters on
other celestial bodies.

Regarding geological age, the history of geological
activity on different celestial bodies has influenced the dis-
tribution pattern and preservation state of impact craters.
Because of their low geologic activity, the Moon and Mer-
cury have a dense distribution of well-preserved impact
craters on their surfaces, which record an impact history
from the early formation of the solar system to current
times. The impact craters present on these objects range
from small craters with diameters of only a few meters to
large impact basins with diameters of more than 2500 km,
providing a rich database for planetary chronology stud-
iesl7:301, In contrast, impact craters on Mars are predomi-
nantly found in ancient upland areas with shorter period
depositional environments, reflecting the effects of recent
geologic activity. The covering effect of Martian regolith
affects the distribution pattern of secondary craters, giv-
ing them complex spatial distribution characteristics in
localized areasi3¢l. Most impact craters on Earth have
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been affected by dynamic processes such as plate tecton-
ics, erosion, and deposition, and only a few large com-
plex craters have been preserved2627]. In addition,
dynamic processes on the surfaces of Enceladus and Titan
have also affected the preservation of impact craters. Ence-
ladus's ice-shell motion masks some impact craters, while
Titan's sedimentary cover reduces the number of identifi-
able small craters, resulting in a sparse distribution(28],

In terms of geological structure, the structural composi-
tion and nature of the surfaces of celestial bodies have a
strong influence on the morphology and state of preserva-
tion of impact craters. The surfaces of the Moon and Mer-
cury are composed of stable rock, such as basalt, with

1. NASA Lunar Reconnaissance Orbiter (LRO) Gallery, Lunar
and Planetary Institute.

2. NASA Mars Science Laboratory (MSL) Gallery, NASA/JPL-
Caltech/ESA/DLR/FU Berlin/MSSS.

3. NASA Earth Observatory, USGS National Map Data Down-
load and Visualization Services.

4. NASA MESSENGER Mission Gallery, NASA/Johns Hop-
kins University Applied Physics Laboratory/Carnegie Institution
of Washington.

5. NASA Cassini Mission Gallery, NASA/JPL/Space Science
Institute.

6. NASA Cassini Mission Gallery, NASA/JPL-Caltech/SSI/
JHUAPL/Univ. of Arizona.



Table 1. List of celestial bodies and their impact crater characteristics

Celestial Atmospheric Geological Impact crater Secondary crater Representative
body environment activity morphology distribution impact crater
Moon(8:23] None Weak Clear, regular Dense distribution Copernicus Crater
[7.21] ] Active wind and sand Deposits cover fuzzy Complex
LG Ul deposition boundaries distribution alle Gt
Earth[2¢] Thick Active plate tectonics Often eroded or buried Rare Barringer Crater
[23,29] Clear, regular, many o . .
Mercury! None Weak large craters Dense distribution Caloris Basin
Enceladus37 None Significant geological Ice-filled, complex Rare Shahryar Crater
activity (ice) structure
Titan(281 Thick Active deposition and Diverse, sediment- Rare North polar lakes
erosion covered

well-defined and morphologically intact impact crater
boundaries, making them ideal for studying impact dynam-
ics. The surface of Mars has a relatively complex composi-
tion of materials, including ice, regolith, and volcanic
rock, and its heterogeneity makes its impact craters show
diverse morphological characteristics. Enceladus's impact
craters are mostly filled with icy material and show a
unique frozen structure, a characteristic that reflects the
role of icy crust layers in shaping the morphology of
impact craters. Titan's impact craters are mainly eroded
and covered by hydrocarbon lake and river sediments and
their morphology is complex and varied, which further
increases the difficulty in identifying impact craters.

The presence or absence of an atmosphere is an essen-
tial factor influencing the formation and distribution of
impact craters. The lack of atmospheric layers on the
Moon and Mercury has allowed their impact craters to
maintain their original morphology for a long time, with
clear and regular boundaries. The thin atmosphere of
Mars enables the formation of some small impact craters,
but surface deposition and wind erosion have a strong
impact on the morphology of impact craters, making their
edges poorly defined and their morphology irregular.
Titan's thick atmosphere markedly reduces the probabil-
ity of small impact crater formation; atmospheric deposi-
tion and erosion have resulted in a complex and varied
impact crater distribution pattern, with some areas of the
craters almost wholly obscured.

A combination of geological and environmental condi-
tions on different celestial bodies influences the shape,
size distribution, and sediment characteristics of their
impact craters. Craters on the Moon and Mercury have reg-
ular shapes and clear boundaries, mostly circular or ellipti-
cal. In contrast, impact craters on Mars have indistinct or
asymmetric edges due to sedimentation and wind erosion.
The morphology of Enceladus's impact craters has been
shaped by deposition of ice and shows unique frozen struc-
tures, while Titan's impact craters show morphological
diversity due to sedimentary cover. Generally, crater charac-
teristics reflect the geology and environment of the differ-
ent celestial bodies.

Impact craters on the Moon and Mercury have a
wide range of sizes and small secondary craters are
densely and strongly distributed. Martian impact craters

cover a wider range of scales, but the sedimentary cover
makes it more challenging to recognize small and sec-
ondary craters, which are densely distributed only in cer-
tain regions. Titan's impact craters are fewer in number,
dominated by large craters, with smaller craters substan-
tially obscured by sedimentation and erosion and their distri-
bution pattern shows a higher spatial sparsity.

Sediment characteristics further exacerbate the diffi-
culty of impact crater classification and detection. Mar-
tian regolith deposits often form stacked structures at the
base and edges of impact craters, which clearly interferes
with CDAs. Liquid methane deposits on the surface of
Titan mask the boundaries of impact craters, potentially
making detection a challenge. These depositional features
not only reflect the geological dynamics of the object's sur-
face but also place higher demands on automated detec-
tion techniques.

Analysis of the geological properties of the Moon,
Mars, Earth, Mercury, Enceladus, and Titan shows that
the geological age, geological structure, and atmospheric
conditions of different celestial bodies have a defining influ-
ence on the morphology and distribution of impact
craters. This variety of impact crater morphology and distri-
bution in different celestial bodies provides a rich scien-
tific basis for the study of planetary impact craters and at
the same time poses a new challenge to automated detec-
tion technology.

Deep learning, a branch of machine learning on the
basis of artificial neural networks, automatically learns
and extracts features from data using multi-layer net-
works. These models build hierarchical data representa-
tions, from simple to complex, mimicking the structure of
biological neural systems.

In impact crater detection, common deep learning mod-
els include CNNs, U-Net, and Faster Region-based CNNss
(Faster R-CNN). CNNs automatically extract hierarchical
features through multi-layer convolution and pooling, mak-
ing them effective for analyzing crater edges and struc-
tures. However, because of their simple structure, they
struggle with complex backgrounds or overlapping
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craters, reducing detection accuracy. U-Net, known for
image segmentation, captures multi-scale features and
excels at extracting fine crater boundaries. However, it
may not perform well with very small or large craters
and can unduly smooth or miss boundaries in overlap-
ping or eroded cases. Here, “unduly smooth” refers to the
model's tendency to produce segmentation masks with soft-
ened crater edges—rather than sharp, well-defined con-
tours—due to factors such as interpolation or loss of fine
details during prediction, particularly when distinguishing
overlapping or eroded craters is challenging. The Faster
R-CNN, a target detection model, is well suited for detect-
ing craters of various sizes by combining region proposal
networks and convolutional layers. However, the preset
anchor size impacts results and fine-tuning may be
needed for craters at varying scales. Additionally, Faster
R-CNN may face false and missed detections when han-
dling dense or overlapping targets. In summary, each of
these deep learning models has its own advantages in
impact crater detection, and through flexible model selec-
tion and combination, the accuracy and efficiency of detec-
tion can be effectively improved to promote the research
and development of automatic impact crater detection.

Commonly used evaluation metrics in CDAs include
precision, recall, Fi-score (the harmonic mean of preci-
sion and recall), accuracy, mean average precision (mAP),
and intersection-over-union (IoU). These metrics apply to
different datasets, unbalanced samples, and detection scenar-
ios and can comprehensively evaluate the performance of
the model.

Precision is the proportion of predicted impact craters
that are correctly identified. This metric is used to assess
the accuracy of the positive samples predicted by the
model and is particularly applicable to the assessment of
scenarios that reduce false detections. The precision (P)
can be calculated as

TP

P=——,
TP+ FP

@)
where true positive (7P) is the number of actual impact
crater samples and false positive (FP) is the number of
non-crater samples misidentified as impact craters.

Recall (R) is the proportion of all actual crater sam-
ples correctly detected by the model. It is used to assess
the detection rate of the model and is a good measure
of its performance in terms of completeness. This can be
calculated as

TP

R=———, 2
TP+FN @

where false negative (FN) denotes the number of impact
craters not detected by the model. A high recall rate
ensures that more impact craters are recognized, which is
useful in scenarios more sensitive to missed detections.

The F;-score is the harmonic mean of precision and
recall, used to find a balance between precision and
recall, especially for impact crater detection with unbal-
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anced positive and negative samples. This can be deter-
mined as

PR

Fi=2 ,
P+R

3)

A higher F;-score indicates that the model is better bal-
anced regarding detection accuracy and recall.

Accuracy (A) is the ratio of the number of samples
with all correct predictions to the total number of sam-
ples. In impact crater detection, Accuracy is used to
assess the overall performance of the model on the entire
dataset, but the metric may be less representative when
the samples are unbalanced. This can be determined as

B TP+TN
T TP+FP+FN+TN’

“)

where true negative (7N) is the number of samples cor-
rectly identified as non-impact craters.

The mAP is the mean accuracy across all detection cat-
egories and is particularly suitable for multi-target detec-
tion tasks. mAP values indicate the average detection capa-
bility of the model at different IoU thresholds and are
often analyzed by generating Precision-Recall (PR)
curves. Higher mAP values indicate a more substantial over-
all performance of the model for multi-scale impact crater
detection.

IoU calculates the intersection and concurrency ratio
of the predicted frame to the proper frame to assess the
model's accuracy in predicting the bounding box. It can
be determined as

IoU=—2=". Q)

Here, A and B represent two bounding boxes, which can
be either predicted by the model or manually labeled as
ground truth. We employ the IoU value with a threshold
setting (e.g., 0.5 or 0.75) to evaluate the degree of over-
lap between predicted and actual results. It is widely
applied in target detection scenarios, especially in impact
crater detection, where accurate labeling is required.

The above evaluation indices provide a detailed way
of evaluating the impact crater detection model using
multi-dimensional measurements of its performance. This
enables the model to be optimized under different condi-
tions, such as unbalanced samples, low false-detection
rate, and high recall rate, to improve its accuracy and
robustness.

In impact crater detection, the limitations of tradi-
tional methods are increasingly highlighted in practical
applications. Such methods rely on manually designated fea-
tures, such as edges, shapes, and textures, which require
extensive expertise in the specific field and are difficult to
generalize to different datasets(!”). When dealing with com-
plex impact crater features, these methods face many chal-



lenges, such as limited ability to cope with illumination
variations, wide ranges of spatial scales, overlapping
impact craters, and degradation phenomenal?]. In addi-
tion, traditional methods could improve in detecting
impact craters with indistinct boundaries or severe ero-
sion, while resolution limitations hinder the detection of
small impact craters(!3],

Traditional methods are more sensitive to noise,
especially when there is more noise in high-resolution
images, causing the detection accuracy to decrease substan-
tially38391. In addition, manual feature extraction and selec-
tion processes are inconvenient and susceptible to subjec-
tive influence, which can be inefficient and may lead to
insufficient features or overfitting. When confronted with
large-scale datasets, traditional methods have a greater
time requirement, lower capacity for automation, and lack
of transparency in the results, which further limits their
practical applications[340],

By contrast, deep learning methods show clear advan-
tages in feature extraction, robustness, multi-scale adapta-
tion, and automated processing. Deep learning models
strongly reduce the reliance on manually determined fea-
tures and improve the generalization ability of the mod-
els by automatically learning hierarchical featuresl!7l- In
addition, these models can efficiently cope with complex
conditions such as illumination variations, noise, and low
resolution, while being able to adapt to changes in the
size of impact craters through a multi-scale feature extrac-
tion framework[2%]. Deep learning can also address the prob-
lem of scarcity of labeled data by applying pretrained mod-
els to impact crater detection on different celestial bodies
using transfer learning techniques(4!1.

In terms of efficiency, the deep learning model relies
on Graphics Processing Unit (GPU) acceleration and an
end-to-end detection framework to achieve efficient process-
ing and real-time detection of large-scale data, whereas
the traditional approach performs poorly with large data vol-
umesl*2], In summary, the advantages of deep learning in
the task of impact crater detection are undeniable, espe-
cially in terms of automation, robustness, and multi-scale
adaptation. However, deep learning also faces challenges,
such as data labeling dependency, high computational
resource requirements, and further optimization of model
structure. Training strategies are needed to meet the needs
of a broader range of applications.

In impact crater detection, common deep learning mod-
els include CNNs and U-Net, which have been applied
and improved in various studies to enhance accuracy, gener-
alization, and efficiency. CNNs are widely used for
impact crater detection because of their ability to extract
features from image data and Cohen et al.l'3l demon-
strated their effectiveness in this task. A CNN extracts
local features through convolutional operations, preserv-
ing spatial relationships. Its basic structure includes a convo-
lutional layer, a pooling layer, and a fully connected

layer. The convolutional layer creates feature maps by slid-
ing a convolution kernel over the image, while the pool-
ing layer reduces the feature map size to lower computa-
tional complexity. The fully connected layer combines the
extracted features for classification or regression tasks. Non-
linear activation functions, such as a Rectified Linear Unit
(ReLU), are used to enhance the expressive power of the
model. By stacking convolutional, pooling, and activation
layers, CNNs build hierarchical representations of image
features, from low-level edges to high-level semantic fea-
tures, enabling effective image classification and target
detection.

In the case of the 16-layer Visual Geometry Group
(VGG-16), it is a classic representative model of CNNS,
which is very influential in the development history of
deep learning and is often used as a baseline model for
tasks such as image classification, feature extraction, and
transfer learning. The input is a 224 x 224 image in RGB
color. The network consists of several stacked convolu-
tional layers, each with a 3 x 3 kernel, followed by ReLU
activation functions. The feature maps are downsampled
by max pooling to extract higher-level features. Three
fully connected layers at the end produce the final classifi-
cation output through a Softmax layer (the specific struc-
ture is shown in Fig. 2).

The convolutional and pooling layers in the structure
are stacked in multiple layers to construct a hierarchical rep-
resentation of the image features, layer by layer, from
low-level edges to high-level semantic features. This
makes VGG-16 perform well in tasks such as image classi-
fication and target detection. The design of the VGG-16
structure, which uses multiple smaller convolutional ker-
nels instead of larger ones, helps to reduce the number of
parameters and enhances the model's expressive ability.

U-Net is a family of semantic segmentation models,
widely used for pixel-level classification of high-resolu-
tion images, including impact crater detection. It features
a U-shaped symmetric structure with an encoding path
(downsampling) and a decoding path (upsampling). As
shown in Fig. 3, the encoder (left half) consists of multi-
ple convolutional and pooling layers that reduce spatial res-
olution and increase feature channels, extracting deep
image features. During encoding, the feature map resolu-
tion is halved, and each pooling layer increases feature
dimensionality.

The decoder (right half) recovers spatial resolution
through upsampling. Each upsampling step “jump-con-
nects” the corresponding encoder feature map to the
decoder, using a “copy and crop” operation that preserves
high-resolution shallow features, helping to restore segmen-
tation details. Finally, a 1 X 1 convolutional layer gener-
ates the segmentation map, matching the input resolution.

The key advantage of U-Net lies in its use of jump-con-
nections to combine encoder and decoder features, allow-
ing effective multi-level feature utilization. This structure
is ideal for fine segmentation tasks, such as medical
image segmentation and is also well suited for impact
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Fig. 2. Structure of a CNN, represented here by the VGG-16 model. The data cube dimensions at each processing step, from the
input (224 x 224 x 3) to the final output (1 x 1 x 1000)[43], are indicated.
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crater segmentation.

In impact crater detection, the application of deep learn-
ing models has made notable progress and has been continu-
ously improved to meet the needs of different detection
tasks. Established deep learning models, such as CNN
and U-Net, have demonstrated excellent performance in fea-
ture extraction, localization, and segmentation tasks for
impact crater detection. Wang et al.[*3! reported that the
detection rate of the CNN-based improved model exceeds
97% for images of complex terrain and Hong et al. [40]
determined that the recall rate of the U-Net-based
improved model can reach 90.17%.

In recent years, transformer-based models have
shown great potential because of their advantages in pro-
cessing sequence data, enabling more accurate detection
of impact craters. Guo et al.l*’l introduced the Trans-
former structure and constructed the Crater Detection Trans-
former (Crater-DETR) model through dense supervision
and multi-scale fusion techniques, which achieved an accu-
racy of 88.13%, and enhanced the detection of small
impact craters. Zhang et al.[*8] constructed the Lunar Com-
plex Crater Retrieval Network (LC2R-Net) model by intro-
ducing the Swin Transformer and using a deep feature
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fusion strategy. The image retrieval accuracy of this
method reached 83.75%, achieving remarkable results in
the image retrieval of complex impact craters on the Moon.

Self-supervised learning (SSL) is another technique
which is gradually emerging in the field of planetary sci-
ence, where labeled data are scarce. Using SSL, models
are able to self-learn using unlabeled data, which reduces
the dependence on labeled data and improves the generaliza-
tion ability on unknown data. Tejas et al.[*91 applied SSL
to automatic classification of unlabeled Martian topo-
graphic images and improved the accuracy of identifying
topographic features and the efficiency of scientific classifi-
cation through a self-supervised deep clustering algorithm.
This achieved an overall accuracy of 83.6% and a
retrieval accuracy of 100% in some cases.

Xiang et al.0b% used SSL to improve the processing
of Mars images under the influence of dust storms, which
improved the clarity and color fidelity of the images,
enabling the model to achieve an average gradient and
edge intensity metrics of 7.94 and 55.47, respectively,
which effectively improved the quality of the images.

In the future, with the increasing amount of high-resolu-
tion data available for the surface of celestial bodies such



as the Moon and Mars and the continuous advancement
of deep learning techniques, improved models on the
basis of basic methods will provide a solid foundation for
more accurate and efficient automatic impact crater detec-
tion. In turn, this will promote further research and develop-
ment in planetary science.

Deep learning applications are mainly classified into
three categories: semantic segmentation, image classifica-
tion, and object detection. Table 2 provides a detailed com-
parison and analysis of these three tasks, including the
datasets used for pretraining the models, their respective
strengths and weaknesses, and their applications in impact
crater detection. The aim is to help new researchers under-
stand the differences between deep learning applications

for different tasks so that they can develop deep learning-
based CDAs more purposefully.

In summary, deep learning has become a core techni-
cal tool for impact crater detection with its powerful auto-
matic feature extraction capability, robustness, and high effi-
ciency. However, the geological environments, surface prop-
erties, and diversity of data sources of different celestial
bodies lead to differences in the performance of deep learn-
ing models on these bodies. To further explore these differ-
ences and the causes behind the study, an in-depth analy-
sis of the application of impact crater detection to celes-
tial bodies such as the Moon, Mars, and Mercury is
needed. This will help to reveal the applicability and limita-
tions of the models on different planets and provide impor-
tant references for future model optimization and cross-
body transfer learning.

Table 2. Comparative analysis of deep learning applications on different tasks

Task type Semantic segmentation Image classification Object detection
. . . . Object detection lies between semantic
Semantic segmentation focuses on Image classification only outputs a . . . .
. . . .. T segmentation and image classification.
. pixel-level classification, assigning  category label indicating whether or .
Differences R . . . . . It outputs category labels and location
each pixel in the image to a specific not the image contains an impact . . . .
. information (typically bounding
object or background. crater. boxes) for the objects
PASCAL VOC and MS COCO (Lin COCO (Ali-Dib et al.[32l; Zhang
et al.’11; Ali-Dib et al.[32; Zhang et et al., [521), ImageNet (Yang et al.[53])
) ) - [16] ’ ) )
DI al[2) LVIS, SA-1B (Giannakis ~ VIST, CIFAR-10 (Delatte etal.t®)  \1g 000 (AliDib et al. B21), KITTI,
et al.[22]) Open Images (Zou et al.[>41)
. . . Object detection methods in impact
Image classification methods in impact .
. . . NPT crater detection have the advantage of
Semantic segmentation offers pixel-  crater detectiondistinguish whether a oy
P L . providing both crater category and
level precision in impact crater crater exists in the image. They are location information. seneratin
detection, clearly delineating crater mainly applied in more straightforward boundine boxes for e’acgh detect egd
Advantages  boundaries and interior regions. Its  crater detection tasks. Their advantage e X
A . . - . - crater. With the development of object
advantage lies in capturing detailed is that the model structure is relatively . . :
. S . . . detection algorithms like YOLO and
spatial shapes and distribution of simple, with lower computational Faster R-CNN. obiect detection
each crater. costs, enabling fast classification of » 00
laree-scale images models balance high accuracy and
& £8. faster processing speed.
Object detection models have
Semantic segmentation models are Image classification only provides BEOATEINEE llmltatlons n detectllng
. . Lo . . small or overlapping craters, especially
resource-intensive and require high-  overall category information for the " . .
. : . ; . in complex terrains and environments
. quality annotated data during image, lacking descriptions of crater X T
Disadvantages . LN . : . with substantial lighting changes.
training. Challenges remain in locations, sizes, and shapes. It is T e ——
detecting small craters or those with unsuitable for tasks that require precise lar e-sca%le’ ann}:) tatlzz d da}t/ase(gs
unclear boundaries. location and description. e . . >
especially those with precise bounding
box information.
. . Image classification methods are
Segmentation models are widely . S .
. . suitable for preliminary screening of . . L
used in detecting impact craters on high-resolution remote sensing images Widely used in real-time planetary
Applications different celestial bodies, & & 1Mages, exploration, surface navigation, and

geomorphological studies, and
geological age inference.

such as quickly identifying potential
impact crater regions on planetary
surface images.

terrain monitoring tasks.

With the wide application of deep learning in plane-
tary science, various deep learning-based models have

been widely used for automatic impact crater detection on
a variety of celestial bodies such as the Moon, Mars, and
Mercury. However, the performance of the same model
on different celestial bodies varies considerably owing to
the differences in geological environments, surface mate-
rial properties, and data resolution. In this section, we com-
bine the research results of Blanco-Rojas et al.37], Silburt
et al.[23], Chen et al.[3%], Jia et al.[5¢], and DeLatte et
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al.ll®], We analyze in detail the performance of the CNN-
improved-based model and the model on the basis of the
U-Net variant on the detection performance on different
celestial bodies such as the Moon, Mars, Mercury, and
Enceladus. We also assess their generalization ability and
their influencing factors for different performance of vari-
ous models under complex geomorphological conditions.

To compare the performance of CNN-based improved
models in recognizing impact craters on different celes-
tial bodies, we select three celestial bodies, namely the
Moon, Mercury, and Enceladus. The Moon's atmosphere-
free surface and its clear and widely distributed morphol-
ogy of impact craters made it an ideal object for study-
ing impact dynamics and secondary crater distribution. Sil-
burt et al.[3] improved the extraction of spatial and seman-
tic features on the basis of an improved CNN method
using lunar DEM data in conjunction with a multilevel
jump-connect module. The model achieved 92% recall
using the test data, and could detect many craters with
smaller diameters (15% below the minimum for the origi-
nal dataset). In addition, the model discriminated well
between nested and overlapping crater distributions. How-
ever, the complex topographic structure of the lunar sur-
face, especially overlapping regions of impact craters, still
caused some interference in the boundary detection of
some craters. The study further optimized the detection
accuracy by normalizing the image data with cropping,
downsampling, and contrast enhancement, also introduc-
ing jump-connections to capture multi-scale features.

Mercury's low-gravity environment results in a denser
distribution of secondary craters, and its impact crater mor-
phology is similar to that of the Moon to a certain extent.
Silburt et al.[23] tested the migration learning performance
of a CNN model trained on lunar data by using its migra-
tion learning performance on Mercury data. Although the
generalization performance of the model on Mercury is
slightly lower than that of the Moon, the detection of sub-
stantial impact crater boundaries remains more stable. The
high-density distribution and complex morphology of Mer-
cury's secondary craters markedly increase the detection dif-
ficulty for the model, and it is especially weak in detect-
ing small craters. In addition, because of the difference
between Mercury and the Moon in terms of distribution
characteristics, the model's accuracy is degraded during
the model migration process. The study proposes to
improve performance by combining multi-planet data for
cross-domain migration training and adapting the multi-
scale feature detection module for Mercury's low-gravity
environment.

The surface of Enceladus is covered by an icy crust
with complex geological activities, such as ice-shell flow
and crack formation, resulting in sparse impact craters
with indistinct boundaries. Blanco-Rojas et al.37lpro-
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posed a CNN-based multi-level feature extraction model,
which utilizes the high-contrast properties of Enceladus's
icy surface and substantially improves detection effi-
ciency and accuracy through deep learning. The model
achieved approximately 85% detection accuracy on high-res-
olution image data of Enceladus and especially excelled
in the detection of small craters (less than 10 km in diame-
ter). However, because of the geologic activity of the
dynamic ice crust and sediment masking, some of the sec-
ondary pits have high boundary ambiguity, which affects
the detection. The study employs data enhancement tech-
niques to optimize high-contrast imagery while incorporat-
ing a template matching algorithm to improve boundary seg-
mentation accuracy and address these challenges.

The performance of CNN-based models on the
Moon, Mercury, and Enceladus reveals the differences in
the properties of impact crater detection on different celes-
tial bodies and their impact on the models (summarized in
Table 3). By adapting to the geological and data proper-
ties of other celestial bodies, the models achieve high detec-
tion efficiency while at the same time exposing the deficien-
cies in the cross-domain generalization capability of the
CNN-based deep learning models. These studies provide
important directions for future crater detection improve-
ments on other celestial bodies.

To compare the performance of U-Net variant-based
models for recognizing impact craters on different celes-
tial bodies, we look at Mars and the Moon. Impact craters
on Mars are of great importance in studying geological evo-
lution and depositional environments, especially in
regions where regolith deposition is more active. The stud-
ies of Chen et al.[%] and DeLatte et al.ll®] explored the
application of the U-Net improved model for Martian
impact crater detection. The Martian Crater U-Net (MC-
UNet) model proposed by Chen et all33]. achieves effi-
cient detection of impact craters of 2 to 32 km in diame-
ter by increasing the network depth and embedding an atten-
tion mechanism to focus on the semantic segmentation
task in infrared images from the Thermal Emission Imag-
ing System (THEMIS). By contrast, DeLatte et al.l!0]
designed a lightweight network on the basis of Crater U-
Net, which can better adapt to the fast processing of
large-scale image data. Regarding detection performance,
MC-UNet achieved an F;-score of 0.8355 on the test set,
demonstrating superior precision and recall, being particu-
larly reliable in the detection of medium-sized (diameter
> 5 km) impact craters. However, the model's detection per-
formance deteriorates in areas with a large amount of
regolith deposition. Crater U-Net achieves 65%—76% match-
ing accuracy in pixel-level tests, and although it detects
quickly, it needs further optimization for detection in
areas with dense secondary craters.

The lunar surface, with no atmosphere, clear morphol-
ogy, and dense distribution of impact craters, is an ideal
celestial body for studying impact dynamics. Jia et al. [5¢]



Table 3. Summary of the performance of improved CNN-based model impact crater detection on the Moon, Mercury, and

Enceladus

Celestial body Data characteristics . Model Detection Main challenges Specific preprocessing

improvements performance requirements
- No atmosphere, Skip connection to \ Nested crater complexity, DEM data augmentation,
Moon clear crater capture multi-scale  Recall rate 92%  boundary interference from Lo
: boundary optimization
morphology features overlapping craters
o Data distribution
Low gravity, dense Sl Lower accurac differences, complex Cross-domain learnin,
Mercury[?3] gravity, testing, lunar Y ’ P &

secondary craters .
Ty transfer learning

Multilevel feature
extraction

Ice shell coverage,

B7]
Enceladus high contrast

than the Moon

Accuracy is
around 85%

secondary crater
morphology
Dynamic changes in the ice
shell and blurry boundaries
of secondary craters

feature optimization

High contrast
optimization and
template matching

proposed Need-Attention-Aware U-Net (NAU-Net) on the
basis of the U-Net++ architecture, incorporating nested
dense connectivity and an attention mechanism to substan-
tially improve the ability of the model to detect overlap-
ping craters and complex boundary regions. In detection
performance, NAU-Net achieves a recall of 0.791 and an
accuracy of 0.856 on monthly DEMs, which is superior to
the traditional U-Net model. In particular, NAU-Net
shows strong adaptability in the tasks of secondary crater
detection with a diameter of less than 1 km and segmenta-
tion of regions with fuzzy boundaries. To improve the
detection accuracy, the study adopts high-precision calibra-
tion of DEM data for standardization and combines the tem-
plate matching algorithm for post-processing to optimize
the boundary positioning and size correction further.

The above analysis demonstrates the performance dif-
ference of the U-Net variant-based models in Mars and
Moon impact crater detection. Table 4 visualizes the advan-
tages and disadvantages of the models as well as the appli-
cable scenarios. These studies provide technical support
for impact crater detection of different celestial bodies
and point out the optimization direction for future cross-
domain applications.

The performance of impact crater detection models
on celestial bodies such as the Moon, Mars, Mercury, and
Enceladus is influenced by a combination of celestial
body properties, data preprocessing requirements, and
model architecture design. The properties of the celestial
bodies themselves determine the preservation status and

morphological characteristics of impact craters. For exam-
ple, with no atmosphere and weak geological activity, the
Moon has clear and long-term stable impact crater bound-
aries, providing ideal detection conditions for the model.
At the same time, Mars shows wind-sand depositional
effects and sedimentary cover that make the edges of
many craters indistinct, rendering detection more difficult.
Mercury, with its lower gravity, leads to a dense distribu-
tion and complex morphology of secondary craters, which
puts higher demands on the generalization ability of the
model. Enceladus's ice-shell-covered environment, how-
ever, creates unique detection challenges owing to the
dynamics of the ice mass and the high-contrast surface
properties.

In addition, there are notable differences in the data
preprocessing needs of different celestial bodies. For exam-
ple, lunar impact crater detection relies mainly on DEM
data, which have higher resolution and are not affected by
ambient light. In contrast, Mars detection missions usu-
ally rely on multispectral infrared images (e.g., THEMIS
data), which require spectral separation and contrast
enhancement to fit the modeling needs. For Mercury, the
data distribution is similar to that of the Moon, but the sec-
ondary crater detection of its small craters is more diffi-
cult because of the different gravity environments. How-
ever, Enceladus requires specific contrast enhancement
and template matching algorithms on the basis of its high-
contrast characteristics to cope with indistinct boundaries
on icy surfaces.

The architectural design of a model inevitably
impacts performance. The introduction of an attention mech-

Table 4. Summary of the performance of U-Net variant-based model impact crater detectionon Mars and the Moon

Ceblgsgal Model Data type F;-score Recall Accuracy Advantages Challenges
Accurate detection of medium-
THEMIS sized impact craters, precise Performance
MarsP]  MC-UNet  infrared 0.8355 0.791 0.850 boundary detection for large  degradation in sand and
images craters interference from dust deposition areas
overlapping craters
Crat THEMIS Fast detection of secondary ~ Need for more detection
Marsl16] Uriler infrared 0.650—0.760 — — craters, lightweight network accuracy in secondary
NG images suitable for big data processing crater-dense areas
Strong detection capability for High data resolution and
Moonl5¢l  NAU-Net DEM data - 0.791 0.856  overlapping craters and blurred  relatively high model

boundary areas complexity
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anism enhances the model's ability to focus on critical
regions (e.g., crater edges and interior details), while a mul-
tiscale feature extraction module strongly affects the han-
dling of sedimentary cover and complex crater morphol-
ogy. These techniques have yielded promising results in
impact crater detection on Mars and the Moon and have
shown some adaptability in detection missions on Ence-
ladus and Mercury. Table 5 provides a comparative sum-
mary of the key factors affecting model performance.

Here, we quantitatively compare the performance of
different deep learning models for impact crater detection
on the surface of the Moon, Mars, and other celestial bod-
ies. These models include traditional CNN, U-Net vari-
ants, and Faster R-CNN, which are applied to different
datasets such as Lunar Reconnaissance Orbiter Camera
(LROC), Thermal Emission Imaging System (THEMIS),
and High Resolution Imaging Science Experiment
(HiRISE). Differences in the morphology, size, and distribu-
tion of impact craters, as well as planetary surface environ-
ments, affect the performance of the models, so we evalu-
ate the performance of different models on these datasets.

Table 6 shows the performance of different deep learn-
ing models in the task of impact crater detection on the sur-
face of the Moon, Mars, and other celestial bodies. The
table lists the precision, recall, and F;-scores of each
model on different datasets and provides the correspond-
ing dataset source and resolution information to clearly
show the differences in the performance of each model on
different planetary datasets and better evaluate the effective-
ness of each method.

In the process of developing automatic detection of
impact craters on planetary surfaces, researchers have
faced many challenges, especially in terms of data
scarcity, model generalization ability, algorithm effi-

ciency, complexity of impact crater features, and data acqui-
sition and processing. Here, we introduce the specific prob-
lems one by one and discuss possible solutions.

Impact crater detection on planetary surfaces is a typi-
cal data-intensive task, but the existing impact crater
datasets are clearly insufficient in terms of quantity and
diversity. Currently, impact crater datasets are mainly
derived from satellite missions, such as the LRO and
Kaguya, which collect a large number of images of
impact craters, particularly of large and apparent craters.
However, most of the labeled data in these datasets are lim-
ited to large impact craters that are relatively clear, while
labeled data are scarce for smaller, blurred, or shadowed
impact crater images. Consequently, the question of how
to construct effective deep-learning models in the pres-
ence of data scarcity is a major challenge in current
research.

There are many solutions given in recently published
scientific literature. For example, Giannakis et al.?2] pro-
posed the use of the Segment Anything Model (SAM) to
solve the problem of data scarcity, which enhances the
model's learning ability on a small amount of labeled data
through a weakly supervised learning strategy. This
approach improves the detection accuracy of small impact
craters on the surface of celestial bodies by pretraining
with large-scale unlabeled data.

To further address the challenge of insufficient data,
Yang and Cail’] employed a migration learning technique
to enhance the robustness of the impact crater detection
model. Migration learning is able to migrate models
already trained on other celestial bodies to another celes-
tial body for impact crater detection, effectively alleviat-
ing the dilemma of scarce training data. The data enhance-
ment method, however, improves the generalization abil-
ity of the model by synthesizing more variant samples
through operations such as rotating, scaling, and clipping.

To overcome the challenges posed by data scarcity
and advance the field of impact crater detection, it is cru-
cial to use publicly available and standardized impact
crater datasets for model benchmarking. Such datasets cur-
rently used for impact crater detection, including LROC,
HiRISE, and THEMIS are shown in Table 7, and pro-

Table 5. Comparative summary of key factors affecting model performance

Celestial body Planetary characteristics Data type Preprocessing requirements Model requirements
Clear boundaries, no Resolution adjustment
Moon(?3] atmosphere, no sediment DEM data J ’ Multi-scale feature extraction
cover contrast enhancement
— Fuzzy boundaries, active sand, THEMIS infrared . Mqltlspectral separation, Attention mechanism to
arsl!6, and dust deposition data illumination correction, noise  enhance the capture of fuzzy
P reduction ; areas
Dense secondary craters and A model transfer on the basis Generalization abilit
Mercuryl39] Y DEM data of Moon data supplements Y

clear boundaries

Icy shell coverage, high
contrast, dynamic boundary
changes

High-resolution

EnceladusB7] .
imagery data

- optimization
secondary crater training.

Dynamic adaptation to icy
shell, feature extraction
optimization

High contrast optimization and
template matching
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Table 6. Quantitative comparison of the performance of different models in impact crater detection across the surfaces of

various celestial bodies

Source Celestial Model Dataset Resoh_ltion/ Precision/  Recall/  F;-score/
body (m/pixel) (%) (%) (%)
Lunar Topographic
Xiong et al.’7] Moon Knowledge Attention U-Net DEM (D > 5 km) 59 56.00 89.00 68.00
(LTKAU-net)
Zhong Faster R-CNN + Super-
ot al 5% Moon ResolutlonI\II\Ie;[work (SR- DEM (D > 1 km) 59 76.00 81.20 78.50
’ et
Mot Moon N 3450, DEM 18 8367 7122 80.61
You Only Look Once version ..
Nanetal ! Moon 8-Lunar Crater Network ~ D/S1%® OMIOPhOI0 g 600406 8770 8430 8590
(YOLOVS-LCNET) ap (DIOWID) el
Center-based Object LRO Wide Angle
Zhang et al.[52] Moon Detection Network Camera (WAC) 100 78.27 73.66 75.96
(CenterNet) ortho-image
Yang et al.[6'] Moon CenterNet DEM 59 80.10 68.40 73.70
(Kaguya and LRO) ’ ’ ’
. Faster R-CNN + Region of ~ Kaguya TC morning
Liu et al.l41] Moon Interest Align (Rol Align) (D> 200 m) 10 90.19 96.33 93.34
A high-resolution
7 54 . digital orthophoto
ou et al.>4] Moon Faster R-CNN + Rol_Align . 1.5 69.00 90.00 78.04
image of the CE-5
landing site
Random Sampling and Local
Feature Aggregation DEM
Ye et al [ Mars Network (RandlaNet) with ~ (ESA Mars Express) >0 9170 87.50 89.50
multi-scale sampling
YOLOV9 + Atrous Spatial
Pyramid Pooling (ASPP)
+Deformable Convolutional Detection of
Yu et al.[63] Mars Network (DCN)+ Cross Automatic Crater 25 85.42 80.85 82.72
Stage Partial Efficient Layer Dataset (DACD)
Aggregation Network
(CSPELAN)
Leel64] Mars CNN Digital (ngrﬁr)l Model 200 89.00 43.00 59.00
Pedrosa Morphplogical Image
ot al[65] Mars Processing (MIP) + Fast THEMIS 100 92.23 92.81 92.52
’ Fourier transform (FFT)
. . High Resolution
Jin et al.[60] Mars Adzp(;l\ée B(:pstmg Stereo Camera 12.5 85.00 85.20 85.10
(Adaboosting) (HRSC)
Emmanuel slhuitie Rad'a T
ot 2l [67] Earth Random Forest Topography Mission 30 74.10 83.30 78.57
: (SRTM) DEM
Deep Convolutional Neural Cassini Imaging
Blanco-Rojas Enceladus Network for Semantic Image Science Subsystem 100 83.00 - -

et al.37]

Segmentation, Version 3 Plus

(DeepLabV3+) (ISS)

vide rich impact crater image data on different celestial bod-
ies to help model training and evaluation.

When creating publicly available, annotated datasets of
impact craters, they should include craters identified manu-
ally by experts as well as craters identified using CDAs. Such
annotated datasets of impact craters, created for various
celestial bodies in recent years, are shown in Table 8 and
Table 9 for the benefit of new researchers to learn from.

With the increasing application of deep learning meth-

ods in impact crater detection, the generalization ability of
the model becomes another key issue. The shapes and fea-
tures of planetary impact craters are diverse and the
impact craters in different regions have different scales,
depths, shapes, and lighting conditions. Existing models
often perform well in specific datasets or environments,
but tend to substantially degrade in performance with differ-
ent illumination conditions, resolutions, and crater types.
Improving the adaptability and accuracy of the model in dif-
ferent scenarios has become a key issue in further enhanc-
ing the accuracy of impact crater detection.
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Table 7. Standard datasets and access links (Data from various NASA and ESA missions)

Celestial

Body Dataset Open access Access link
Moon LROC Accessible https://ode.rsl.wustl.edu/odeholdings/Moon_holdings.html
Mars HiRISE Accessible https://www.uahirise.org/
Mars THEMIS Accessible https://pds.nasa.gov/
Mercury MESSENGER Accessible https://pds.nasa.gov/
Earth SRTM DEM Accessible https://www.nasa.gov/ st;m—contept/earth—observmg—system—data—and—
information-system/
Titan ISS Accessible https://pds.nasa.gov/
Enceladus ISS Accessible https://pds.nasa.gov/
Venus Magellan Accessible https://pds.nasa.gov/
Table 8. List of manually identified crater databases
Source Cils(si';al Spacecraft Dataset Resolution Impact crater database
LRO- Lunar Orbiter 5185 impact craters with
Head et al.[68] Moon Laser Altimeter DTM/DEM 64 pixels/(°) > 1mp
diameter D = 20 km
(LOLA)
., 60645 impact craters with
Salamuniécar \p,,  LRO-LOLA, Sclene, DEM 512 pixels/(°) diameter D > 8 km and 132843
et al.[09] and the Martian o
with diameter D = 2 km
Povilaitis Moo LROC-WAC+  Global images 303 pixels/(?) 2 Zi‘i‘:nf;i’f% f:ttfvfe‘g”h
etal. [70] (78-90)°N and DTM P <0k
LROC-WAC, LOLA LROC's WAC approximately
gridded and merged 100 m/pixel, LOLA gridded ~1.3 million impact craters with
Terrain Camera (TC) Multi-source approximately 433 pixels/(°), diameter D = 1 km, ~83000
Robbins!’!] Moon DTM, LOLA udat-as;[ merged TC DTM impact craters with diameter D
mosaic, and TC approximately 1010 pixels/(°), = 5 km, 6 972 impact craters
DTM + LOLA LOLA approximately 3030 with diameter D = 20 km
mosaic to 6060 pixels/(°)
o Multi-source . 25 826 impact craters with
[72] o
Barlow Mars Viking 1 spacecraft dataset 131 pixels/(°) diameter D = 8 km
. Mars DEM and . :
R(I)Jljblgls(g?d Mars Reconnaissance multiple data 303 pixels/(°) 384 Zfsrrlllel:g?g c>ra1t elfrsnwnh
yn Orbiter (MRO) sources -
Salamun;gccar Mars Various data sources DEM and image 512 pixels/(°) 57 633. manually compiled
et al.[6%] data impact craters
Kinczvk Mercury image All impact craters with
otal D31 Mercury ~ MESSENGER e U8 66332, 665655 mpixel diameter D > 40 km on
’ Mercury
Global Earth It contains globally known
Earth Impact Earth Multiple Earth data impact crater Various resolutions Earth impact craters, widely
Database sources images and used for geological and
geological data paleoclimate research.
USGS Global United States Earth images . Contg Ins Impact crater
. : . . information for Earth, used for
Impact Crater Earth Geological Survey  and geological Various resolutions studvine maior historical
Database (USGS) data yIng maj
1mpact events.
Includes three confirmed
impact craters (Menrva,
Lorenz et al.[4] Titan Cassini RADAR Titan SAR Various resolutions Sinlap, Ksa) and several
image data candidate impact structures,

with diameters ranging from
4 km to 400 km.

To solve the problem of insufficient generalization abil-
ity of the model, Jia et al.[!] used the SplitAttention net-
work combined with self-calibrated convolution to cap-
ture the complex features of the lunar surface. The advan-
tage of this method is that the model can adaptively
adjust the weights of the convolution kernel in multiple

140 www.ati.ac.cn

environments, which improves the generalization ability
to different scenarios.

In addition to the improvement of model architecture,
Jia et al.[8] proposed the Attention-Enhanced Trans-
former U-Net Plus (AE-TransUNet+) model, which com-
bines the Transformer and U-Net architectures to further
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https://pds.nasa.gov/
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Table 9. List of automated crater databases

Source Cil(fz;al Spacecraft Dataset Resolution Impact crater database
Salamunic¢car Moon LRO-LOLA, GLD100 DEM and orbital og)]iitl;i[:irflf é)s 1.x3e 5)83/(2)3, 40 78287 impact craters with diameter
etal.l”3] LRO WAC images nages: >93. D = 8 km
pixels/(°)
. . 361 new impact craters with
[23] o
Silburt et al. Moon LRO and Kaguya DEM 512 pixels/(°) diameter D < 5 km
DOM resolution: 120 m . .
18 996 impact craters with
Yang et al.l70] Moon Chang'e 1 and 2 DOM and DEM and 7. m, DEM diameter D > 8 km and 117240
data resolution: 500 m and L
7m with diameter D = 1 km
Low-resolution ] q
Cadogan(77] Moon LROC-NAC DTM input and 0.5 m/pixel Over 300 000 impact craters with
: diameter D = 2.5 m
grayscale images
Chang'e 1, SELENE
Lunar Digital . . .
a0 Moon  Elaioniods  SLDEM Smphdad 19730 et i
(SLDEM), and P :
Kaguya merged DEM
LRO-LOLA and . o1 1
. . 31606 impact craters with diameter
[51] o
Lin et al. Moon Kaguya %S(:ELENE) DEM 512 pixels/(°) D between 1 and 20 km
. LRO-LOLA . 22746 impact craters with diameter
[78] >
Tewari et al. Moon Selene TC SLDEM 100 m/pixel D between 5 and 20 km
. . . 187101 i t crat ith
Liu et al.[#1] Moon  Chang'e 5, Kaguya TC  Morning map 7.403 m/pixel 7diamlelg:€al§ ;:r;(;:ésn:v !
Stepinski Mars Orbiter Laser . o Multi-scale Mars impact crater
et al.[”?] Mars Altimeter (MOLA) DEM 128 pixels/(%) database
Impact craters larger than 1 km,
including 8445 LERS craters, 24 530
Vertore (st High-resolution partially buried craters, 55309
Lagain et a8l Mars ; € remote sensing Various resolutions  secondary craters, 288 155 standard
CTX global images) -
images craters, and 39000 secondary
craters linked to 108 primary
craters
Approximately 12000 impact
craters, with diameters ranging
Mars Digital from 6 plxelg to 250 pixels; most
3] Thermal Infrared . o craters have diameters smaller than
Yang and Cai Mars . Crater Database 256 pixels/(°) .
Imaging System 50 pixels, and about 3 000 craters
(MDCD) . !
have diameters around 10 pixels,
with fewer than 1% having
diameters over 200 pixels.
31600 impact craters larger than 5
Mercury Dual km, including 17000 craters larger
Imaging System Panchromatic than 10 km, excluding obvious
Herrick et al.?4]  Mercury (MDIS) v9, Laser mosaic, mask, 5 km data resolution secondary craters. Morphological
Altimeter, Stereo Topography features recorded included volcanic
Imaging Data fills, central structures, degradation
states, halos, etc.
Lvapidevskava 1082 meteorite craters: 206 fully
yap y . EDEIS (Earth . . confirmed, 186 highly probable,
and Earth Various data sources I Various resolutions
. 41 mpact Database) 501 probable, 75 suspected, and
Gusiakov($!]
114 excluded
About 50 impact craters: diameters
Neish and ] . Titan radar ] . greater than 3 km, confirmed and
32 Titan Cassini radar . Various resolutions . . .
Lorenz[#2] image data potential impact craters, including

Selk and Afekan

enhance the adaptability of impact crater detection across

different environments.

focus on key features through the self-attention mecha-
nism, which enables the model to accurately recognize
impact craters in complex and noisy environments.

The Transformer structure can
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For the extension of domain adaptation methods,
some recent studies have explored bridging the differ-
ences between impact crater images from different objects
using synthetic dataset enhancement techniques, i.e., gener-
ating synthetic image data that simulate impact crater fea-
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tures from different objects to enhance the generalization
ability of the model. Wang et al.38] proposed a novel
active machine learning approach by combining Two-
Dimensional (2D) images and Three-Dimensional (3D)
data from DEM to collect training samples semi-automati-
cally. The method first co-aligns the image and DEM
datasets, then actively requests annotations on 2D fea-
tures derived from the image and inputs 3D features
derived from the DEM during the training process to
update the training pool and retrain the model. This pro-
cess can be performed multiple times to obtain a suffi-
cient number of training samples with good quality,
which in turn improves the performance of the classifier
and applies it to automatic impact crater detection in
other regions. The test results of the final trained model
on the lunar and Martian datasets show that the True Detec-
tion Rate (TDR) and False Detection Rate (FDR) of the
lunar dataset are 93.63% and 10.74%, respectively, while
those of the Martian dataset are 92.27% and 3.83%, respec-
tively. TDR refers to the proportion of true positive detec-
tions (correctly identified craters or features) out of all the
actual positive instances in the dataset. FDR refers to the
proportion of false positives (incorrectly identified craters
or features) out of all the instances that were predicted as
positive by the model. Both are good performances, demon-
strating that the synthetic dataset enhancement technique
is able to effectively bridge the differences between the
images of impact craters from different celestial bodies
and to enhance the generalization ability of the model.

Through domain migration learning, a model that has
been trained on one celestial body can be applied to
another celestial body, thus improving the performance of
the model on different celestial surfaces, by means of pre-
trained models, fine-tuning, feature sharing, or multi-task
learning. Silburt et al.[?3] applied a model on the basis of
a CNN model, pretrained on lunar data, to Mercury's
dataset effectively. It performed well, identifying most of
the impact craters in all DEM data for Mercury, suggest-
ing that the model can be effectively appliedto other celes-
tial bodies with DEM data. This demonstrates that the strat-
egy of domain migration between planetary datasets
improves the fitness of a model in a variety of planetary
surface environments.

The automated detection of impact craters requires
not only high accuracy but also high efficiency. For
large-scale planetary surface data, such as LRO images,
the processing speed and real-time performance become dif-
ficult for impact crater detection. Especially in applica-
tion scenarios that require fast analysis and real-time feed-
back, deep learning models often require a lot of computa-
tional resources and time. Complex deep learning models,
such as CNNs and Transformer networks, usually require
a large amount of computational and storage resources,
which requires improving accuracy while minimizing com-
putational complexity, maintaining fast processing speed
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and low resource consumption.

As deep learning models become more and more com-
plex, the task of impact crater detection causes great pres-
sure on computational resources, especially in tasks with
high real-time requirements. For example, the Efficient
Lunar Crater Detection (ELCD) model proposed by Fan
et al.[84 employs a multi-scale feature fusion and atten-
tion mechanism, which allows the algorithm to consider-
ably reduce the computational complexity while guarantee-
ing higher accuracy. The model is designed to process
large-scale DEM data for efficient detection of impact
craters while ensuring real-time performance. As an alter-
nate solution, DeLatte et al.l'®] proposed a CNN-based
framework for impact crater detection in response to the
real-time problem of the algorithm, which further reduces
the computational burden through the embedded feature
selection and boosting technique. This method is capable
of accomplishing accurate detection of impact craters in a
shorter time while maintaining a low FP rate when process-
ing large-scale images of planetary surfaces.

Planetary impact craters have different morphologies,
with different scales, depths, shapes, and distributions, mak-
ing their representation in images very complex. In particu-
lar, small impact craters are often blurred because of low
resolution or affected by factors such as lighting, shad-
ows, and dust. This makes them difficult to recognize
using traditional image processing methods. Most deep
learning models tend to perform poorly in detecting these
small impact craters because they rely on precise edges,
contrast, and structural information, which are often
insignificant visual features.

Another consideration is that the spatial heterogene-
ity of impact crater features means that impact craters in
different regions of a celestial body may have marked dif-
ferences in size, shape, and distribution, causing addi-
tional complexity for model training and prediction. For
example, the impact crater densities and morphological fea-
tures in the polar and equatorial regions of the Moon dif-
fer notably. Ensuring that the model can accurately detect
different types of impact craters across geographic regions
and scales is an issue that should not be ignored.

The shape, size, distribution, and other features of
impact craters pose a great challenge to automatic detec-
tion. In particular, small impact craters and fuzzy impact
craters usually make it difficult to extract effective fea-
tures directly from images owing to insufficient resolu-
tion or poor image quality. Fairweather et al.2% proposed
a method, capable of handling impact craters at different
scales and accurately recognizing small and indistinct
craters, to automatically calibrate lunar impact craters
using LRO-Narrow Angle Camera (LRO-NAC) images.
However, despite the high detection accuracy of the
method, it still faces the problem of distinguishing small
impact craters in low-contrast environments. To solve this
problem, Emami et al.l'8] introduced the combination of



unsupervised learning and CNNs and proposed a novel
framework for impact crater detection. The framework
deals with blurred images of impact craters on the lunar sur-
face by convex packet grouping of the images. This
method is able to effectively recognize small impact
craters even without labeled data. In addition, Hashimoto
et al.[33] used a deep learning method on the basis of grid
segmentation to detect impact craters and proposed process-
ing low-resolution images using an improved CNN. In
this way, the method improves the detection accuracy of
blurred regions and low-contrast, small-impact craters.

Satellite missions such as LRO and Kaguya have pro-
vided a large amount of valuable image data, but there
are many difficulties in processing these data. For exam-
ple, images of impact craters on the lunar surface are
often noisy and of low resolution, and there are substan-
tial differences in image quality and resolution between dif-
ferent sensors, which makes it challenging to ensure the uni-
formity and consistency of the data. In addition, because
the labeling of lunar impact craters is exceptionally
tedious, it is often necessary to rely on experts to manu-
ally label the data, and the manual labeling of data faces
the problem of time, cost, and accuracy. Therefore, the
problem of efficiently processing and labeling these data,
especially for practical training without labeled data, still
requires an urgent solution.

To address this problem, Fairweather et al.3¢] dis-
cussed how to integrate the LRO-NAC and Kaguya TC
image datasets to improve the accuracy of impact crater
detection by combining automated and manual labeling.
The preprocessing of image data (e.g., denoising, image
alignment) becomes a major challenge in this process. Ghi-
lardil®¢! proposed a deep learning model on the basis of
semantic segmentation for automated calibration of impact
craters when processing low-quality images. This method
accurately calibrates the impact crater regions in images
using a semantic segmentation technique, which greatly
reduces the workload of traditional manual labeling. Addi-
tionally, Fan et al. proposed a framework for lunar
impact crater detection on the basis of multiscale feature
fusion, which showed good adaptability in processing image
data with different resolutions and noise interference.

Although there are some practical solutions, how to
deal with large-scale, multisource heterogeneous plane-
tary image data is still an important direction for future
research.

With the wide application of deep learning tech-
niques in crater detection, future research should further
enhance the generalization capability of the models,
strengthen data fusion techniques, and explore a wider
range of scientific application directions to cope with the
complexity and diversified needs in diverse celestial envi-
ronments. To that end, we offer some suggestions here
for future research directions.

First, multimodal data fusion is a key strategy to
improve model detection accuracy and adaptability. Combin-
ing multisource data such as DEM, multispectral images,
infrared images, and radar data, the model can be pro-
vided with richer feature information. For example, in the
wind—sand deposition regions of Mars, the superposition
processing of hyperspectral data with infrared images can
effectively make up for the interference of the deposi-
tional mask on the detection of impact crater boundaries.
On the ice-shell surface of Enceladus, the segmentation
accuracy of indistinct crater boundaries can be improved
by combining the high-contrast images with the ice-shell
dynamic model. Multimodal data fusion not only
enhances the ability of the model to capture detailed fea-
tures but also provides technical support for cross-domain
studies in multiplanet environments.

In current impact crater detection tasks, SSL with
physics-informed deep learning provides an important tech-
nological way to improve the performance and adaptabil-
ity of models. SSL, as an innovative learning paradigm,
can utilize a large amount of unlabeled data for pretrain-
ing in the absence of labeled data. Through this pretrain-
ing process, the model is able to learn rich feature represen-
tations and optimize the learning process through a self-
supervised mechanism, effectively improving adaptability
on different datasets, especially in the case of data
scarcity. Specifically, through SSL, the model is able to
automatically generate labeling information or construct
learning objectives and conduct deep feature learning on
this basis. Therefore, in impact crater detection, the use of
SSL can effectively extend the training dataset of the
model and improve its generalization ability to unseen
images, especially in planetary datasets for which it is diffi-
cult to obtain a large amount of labeled data.

Physics-informed deep learning is another technique
which combines the advantages of physical modeling and
deep learning to further improve the accuracy and reliabil-
ity of impact crater detection. In the impact crater detec-
tion task, physics-informed deep learning can help the
model better understand and capture the features of
impact craters by incorporating the physical properties of
the planetary surface (such as albedo, thermal properties,
and surface structure) into the deep learning framework.
By introducing these physical models, deep learning net-
works are able to constrain the output of the model to
make more accurate predictions with physical consistency.
For example, by using surface reflectance or thermal radia-
tion properties as input features, physics-informed deep
learning can substantially improve the accuracy of impact
crater detection in complex environments such as differ-
ent lighting conditions or environments.

Terrain data, such as DEMs, can provide 3D topo-
graphic features of impact craters, further optimizing the
model's detection of impact crater depth and shape.
Through multimodal learning, the model is able to con-
sider both the visual information of the image and the geo-
metric information of the terrain, consequently perform-
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ing more accurately and robustly in the task of impact
crater detection for multiple celestial objects. Combining
these data, the deep learning model is not only able to rec-
ognize impact craters from a single viewpoint but also syn-
thesize various types of information to improve the adapt-
ability to diverse environments and complex situations.

In summary, SSL and physics-informed deep learn-
ing provide new ideas and technological breakthroughs
for impact crater detection, especially in the case of data
scarcity and diverse data sources, while multimodal data
fusion further enhances the accuracy and generalization abil-
ity of the model. These techniques will play an important
role in future research on planetary impact crater detection.

A second possible direction uses domain adaptation
and cross-body migration learning to provide a means to
improve the cross-domain generalization ability of mod-
els. There are clear differences in the geologic properties
and data distributions of different planets, such as the densi-
ties of secondary craters on Mercury versus the Moon,
and the clarity of the boundaries of impact craters on Ence-
ladus and Mars. These differences often pose challenges
to model performance. By introducing unsupervised
domain adaptation techniques, the impact of data distribu-
tion differences can be effectively reduced; combining the
shared characteristics of multiplanet data can optimize the
model's detection capability. In addition, the cross-body
migration learning technique can utilize existing high-qual-
ity data to extend the model to data-scarce celestial bod-
ies, further improving the efficiency of deep space explo-
ration missions.

The effective use of high-resolution observational
data will improve the efficiency of impact crater detec-
tion. With high-resolution remotely sensed data available,
models can more accurately capture detailed features of
impact crater boundaries. For example, high-resolution
radar data allow precise detection of impact craters on icy
objects and in sediment-covered regions, while in the atmo-
sphere-free environments of the Moon and Mercury,
smaller secondary craters can be detected using ultrahigh-
resolution optical imagery. Future research could focus on
developing automated preprocessing processes for high-reso-
lution data and designing effective data fusion strategies
to maximize their scientific value.

Finally, deep learning-based impact crater detection
techniques can be extended to a broader range of scien-
tific applications, including geological evolution analysis
and impact crater age estimation. For example, recogniz-
ing the morphology and distribution pattern of impact
craters can not only improve the accuracy of planetary
chronology but also reconstruct the geological evolution his-
tory of celestial bodies. Additionally, combining the geomet-
ric features of impact craters with hyperspectral data can
be used to analyze the sediment and tectonic properties of
craters, revealing the dynamic processes of planetary mate-
rial cycling and environmental changes. The expansion of
these applications will further highlight the great poten-
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tial of deep learning in planetary science research.

In addition, to facilitate subsequent research, we sum-
marize the databases of impact craters on the surfaces of
the Moon, Mars, and Mercury, as shown in Table 8§,
which were manually identified and compiled by experts
in planetary sciences to assist new researchers. Table 9
shows databases of new impact craters identified using auto-
mated CDA techniques. This table can provide a valu-
able resource for new researchers to create new impact
crater databases.

In this paper, we summarized the application of deep
learning to the detection of impact craters on different celes-
tial bodies, and analyzed the differences in the features of
planets such as the Moon, Mars, and Earth, and their
impact on model performance. The straightforward impact
crater morphology of the Moon can be preserved for an
extended period, making it suitable for model training. By
contrast, the boundaries of impact craters on Mars, Ence-
ladus, and Mercury are more ambiguous owing to pro-
cesses such as wind-sand deposition and ice-shell dynam-
ics, which make detection more difficult. The differences
in the morphology and preservation status of impact
craters on different celestial bodies also have different
impacts on the adaptability and accuracy of the model.

The deep learning models we have examined, on the
basis of CNN improvement and U-Net variants, have
made good progress in impact crater detection, but the per-
formance in cross-body migration and complex geologi-
cal environments still needs to be improved. Future
research can improve the generalization ability and detec-
tion accuracy of the models through techniques such as mul-
timodal data fusion and cross-body migration learning.
Combining multisource data such as DEM, spectral
images, and radar data can also provide richer features for
the model and help solve the problem of variability
among different planets.

Applying deep learning technology can also extend
beyond impact crater detection. It can also be expanded
to the analysis of planetary evolution, estimating the age
of impact craters, and other fields, providing more scien-
tific data for deep space exploration. With the continuing
advancement of technology, deep learning will play an
increasingly important role in planetary science and pro-
vide more substantial technical support for future deep
space exploration.
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