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Abstract: Crater detection is useful for research into dating a planetary surface’s age and geological
mapping. The high-resolution imaging camera (HiRIC) carried by the Tianwen-1 rover provides
digital image model (DIM) datasets with a resolution of 0.7 m/pixel, which are suitable for detecting
meter-scale craters. The existing deep-learning-based automatic crater detection algorithms require a
large number of crater annotation datasets for training. However, there is currently a lack of datasets
of optical images of small-sized craters. In this study, we propose a model based on the Segment
Anything Model (SAM) to detect craters in Tianwen-1’s landing area and perform statistical analysis.
The SAM network was used to obtain a segmentation mask of the craters from the DIM images. Then
non-circular filtering was used to filter out irregular craters. Finally, deduplication and removal of
false positives were performed to obtain accurate circular craters, and their center’s position and
diameter were obtained through circular fitting analysis. We extracted 841,727 craters in total, with
diameters ranging from 1.57 m to 7910.47 m. These data are useful for further Martian crater catalogs
and crater datasets. Additionally, the crater size–frequency distribution (CSFD) was also analyzed,
indicating that the surface ages of the Tianwen-1 landing area are ~3.25 billion years, with subsequent
surface resurfacing events occurring ~1.67 billion years ago.

Keywords: Mars; crater detection; Tianwen-1; segmentation; segment anything model

1. Introduction

China’s first Mars exploration mission, Tianwen-1, was launched on 23 July 2020, with
the aim of completing orbital, landing, and roving tasks. The high-resolution imaging cam-
era (HiRIC) [1] carried by the Tianwen-1 orbiter provided detailed images of the landing
area. The landing area is dotted with numerous craters, which can offer crucial information
about the evolution of the landing region. Craters, as one of the most prominent features on
the planetary surface, play a key role in planetary science. The distribution of craters pro-
vides valuable clues for revealing the aging process of geological structures [2,3] and is also
one of the important factors in selecting landing sites for planetary probes [4]. Calculating
the size–frequency distribution of craters is a primary method for estimating the surface
age of celestial bodies [5,6], making it a key technique in planetary geological research.
Therefore, the automatic segmentation and statistical analysis of the features of Martian
surface craters are crucial in Martian exploration missions. Traditional methods [2,7] rely
on planetary scientists manually labeling craters on remote sensing images, which is time-
consuming and labor-intensive, and cannot detect craters in real time. Therefore, an efficient,
accurate, and unsupervised method for automatic crater detection is highly necessary.

Currently, several methods for automatic crater detection have been developed, which
can be roughly categorized into methods based on extraction of the morphological features
and methods based on deep learning. Methods based on extraction of the morpholog-
ical features utilize intuitive and simple features, such as the craters’ shape or spectral
characteristics, such as the Canny edge contour algorithm [8], the Hough transform [9],
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and template matching [10]. Yang et al. [8] used a multi-scale Canny operator to detect
the edges of craters. However, variations in the illumination conditions between differ-
ent images may affect the performance of edge detection, resulting in suboptimal crater
detection, Leroy et al. [11] utilized template matching and probability volume analysis to
identify Martian craters larger than 5 pixels (an image resolution of 250 m/pixel). However,
the experimental scenarios were relatively simple, with mostly regular circular craters.
Galloway et al. [12] investigated the impact of preprocessing via Canny edge detection on
the performance of the Hough transform, finding that edge detection significantly affected
the performance of the Hough transform, and they considered the Hough transform to be
a more practical method than edge detection. However, their approach requires computing
gradients for each edge pixel, which is time-consuming, and they did not test the perfor-
mance when detecting multiple-sized craters in larger images. These methods based on the
extraction of morphological features can effectively detect simple craters in small datasets.
However, due to the complexity of the terrain conditions and the common occurrence of
densely distributed craters in real-world scenarios, these methods exhibit relatively lower
detection rates and efficiency when dealing with large-scale datasets.

To improve the efficiency of automatic crater detection, deep learning has been widely
applied in crater detection tasks. Convolutional Neural Network (CNN)-based deep
learning algorithms have achieved tremendous success in segmentation and detection
tasks in remote sensing images [13,14]. Li et al. [15] introduced a novel encoder-decoder-
based network, MarsSeg, specifically tailored for segmentation of the Martian landscape,
and demonstrated its advanced performance. Silburt et al. [16] successfully used the U-
Net [17,18] model and template matching algorithm to extract craters on lunar DEM images.
Since the U-Net network layers they used were relatively shallow, the segmentation ability
for the craters’ outlines was poor. Lee et al. [19] utilized the U-Net model trained on
lunar DEM images by Silburt et al. to identify and extract craters in Martian DEM images,
confirming the effectiveness of the U-Net model in crater detection. In order to enhance
the efficiency of crater detection and the accuracy of identifying large Martian craters,
Chen et al. [20] proposed a novel CNN called MC-UNet. They incorporated average pool-
ing and embedded channel attention into the skip-connection process between the encoder
and decoder layers to identify craters in optical images of Mars. To improve the perfor-
mance and accuracy of automatic crater identification, Zhao et al. [21] explored a novel
embedded U-Net structure based on U-Net, named Square U-Net (SqUNet). They used the
embedded U-Net architecture to replace traditional convolutional modules, successfully
achieving high-precision identification and extraction of lunar DEM craters, and demon-
strating high-precision test results on Martian DEM as well. However, these algorithms for
automatic crater detection are supervised models, requiring many labeled crater datasets
for training. The currently available global catalogs of lunar craters [2,7,22] include craters
with diameters greater than 1 km, while the global catalog of Martian craters includes
craters with diameters greater than 1 km [23]. The Chang’e-5’s landing area has a catalog of
craters with diameters larger than 200 m [24]. However, most landing areas lack a catalog
of meter-sized craters. Therefore, in the absence of a crater catalog, a model that does not
require additional training would be highly valuable.

In the remote sensing field, several foundational large models tailored for segmen-
tation tasks have emerged, such as RSPrompter [25] and SAM [26]. These foundational
large models are typically trained on extremely large annotated datasets, endowing them
with strong generalization capabilities for segmentation tasks. Therefore, they can be easily
extended to other segmentation tasks. SAM [26], in particular, is suitable for unsupervised
segmentation tasks. SAM was initially designed to address a fundamental challenge in
image segmentation: how to effectively identify and segment objects in images without
training data that are specific to a particular task. SAM aims to create a universal model that
is capable of adapting to different types and sizes of images, automatically identifying and
segmenting target objects in these images, even if these objects have never been encountered
by the model before. SAM networks have achieved significant success in various domains.
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In the field of medical imaging, SAM has been used for the automatic identification and
segmentation of structures in various medical images [27], which is particularly important
in situations with a scarcity of annotated medical images. In processing remote sensing
images, Giannakis et al. [28] validated the effectiveness of SAM in identifying planetary
craters by providing examples from different celestial bodies and types of data. However,
extracting crater targets from high-resolution planetary images remains challenging due to
SAM’s ability to extract any type of target from images.

The Tianwen-1 mission landed in the southern part of Utopia Planitia, located in
the northern lowlands of Mars (25.1◦N, 109.9◦E). Tianwen-1 is a comprehensive mission
aiming to study the morphology, mineralogy, spatial environment, and distribution of
water ice on Mars [29]. Many researchers have conducted detailed geological surveys of
the Tianwen-1 landing area, gaining a deep understanding of the geological background
and evolutionary history of Utopia Planitia [30–33]. However, studies on impact craters
in the Tianwen-1 landing area have only extracted partial areas or a small number of
large craters for an analysis of their distribution, lacking a detailed catalog of craters in
the landing area. Currently, the Tianwen-1 landing area has a catalog of craters with
diameters larger than 80 m [34]. Cao et al. [35] annotated over 7000 craters larger than
1 m in three subregions of the Tianwen-1 landing area, providing labels for small-sized
craters. Providing a complete catalog of meter-sized impact craters for the landing area is
crucial. Understanding the distribution, quantity, size, and other important parameters of
craters not only helps deepen our understanding of the geological environment near the
Mars landing site but also provides important references for future scientific research and
exploration missions. This study aimed to extract multi-scale craters in the landing area
and make a more detailed and in-depth analysis of the age and geological evolution of the
landing area.

In this work, we used SAM to identify and extract craters from the digital image model
(DIM) of the Tianwen-1 landing area. The SAM was used to identify craters in the DIM
and obtain their segmentation mask, and a series of postprocessing steps was performed to
extract the positions and sizes of craters. Through analyzing the CSFD of the craters, we
estimated their specific surface age to be approximately ~3.25 Ga, with subsequent surface
resurfacing events occurring around ~1.67 Ga. The main contributions of this article are
as follows:

(a) We proposed a complete solution for automatic crater identification based on SAM,
which was applied to extract craters from the DIM of the Tianwen-1 landing area.

(b) Experiments were conducted in three subregions of the Tianwen-1 landing area, where
SAM achieved a recall rate of 100%. Many new craters were detected, confirming its
effectiveness in the task of crater extraction.

(c) On the basis of the DIM of the Tianwen-1 landing area, we provided a relatively
comprehensive crater dataset, including information on the position and diameter of
the craters.

(d) We analyzed the CSFD of the craters and estimated the surface age of the landing area,
conducting an analysis of the geological evolution of the landing region.

The structure of this article is as follows: Section 2 introduces the complete process
of using SAM to extract craters from the DIM of the Tianwen-1 landing area. Section 3
describes the experimental results of SAM on the lunar crater dataset. Section 4 presents
the results of crater extraction, including an analysis of the number of craters extracted, an
analysis of the craters’ size and distribution frequency, and an explanation of the catalog of
craters. Section 5 discusses the limitations of the study and outlines future work. Finally,
Section 6 draws some conclusions.

2. Materials and Methods

We utilized the DIM data of the Tianwen-1 landing area captured by the high-
resolution imaging camera (HiRIC) [1] installed on the Tianwen-1 orbiter. The resolution
is 0.7 m per pixel, allowing for the detection of small-sized craters at the meter scale. The
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complete process of extracting craters from the Tianwen-1 landing area’s DIM consisted
of three steps. Firstly, preprocessing of the data was conducted by performing multi-scale
cropping and down-sampling of the Tianwen-1 landing area DIM to generate a multi-
scale dataset. Next, the SAM was applied to segment the newly generated multi-scale
dataset [26]. Subsequently, each segmented mask was analyzed, non-circular masks were
filtered out, and circular fitting was applied to the filtered mask edges. Next, deduplication
and removal of false positives were performed on the information on the craters extracted
from the multi-scale dataset. Finally, the pixel coordinates of the impact craters’ centers
were converted to latitude and longitude coordinates.

2.1. Data Preprocessing

Figure 1a shows the DIM of the entire landing area, which was obtained by stitching
together 15 DIMs with a pixel size of 28,583 × 42,869 on the basis of their latitude and
longitude. The pixel size of DIM images for the entire landing area is 85,749 × 214,345
(https://moon.bao.ac.cn/web/zhmanager/mars1, accessed on 3 August 2021). Figure 1b
shows the details of one image, where some craters of different sizes can be seen. Due to
the different scales of the craters in the images, we adopted a multi-scale cropping strat-
egy, which helped the network model adapt better to the objects’ size. We performed
overlapping cropping using five different scales with cropping sizes of 1024 × 1024,
2048 × 2048, 4096 × 4096, 8192 × 8192, and 16,384 × 16,384, corresponding to overlap sizes
of 128, 256, 512, 1024, and 2048, respectively. The corresponding pixel diameter range of
the main craters detected were 2∼100, 4∼200, 8∼400, 16∼800, and 32~1600, respectively.
This approach allowed for the extraction of as many craters of all sizes as possible.

Figure 1. Digital image map (DIM) of Tianwen-1’s landing area. (a) The 15 DIMs of the landing area.
The red star in the image represents the landing location of the Zhurong rover. (b) DIM of the first
region in the landing area (HX1_GRAS_HIRIC_DIM_0.7_0001_254537N1095850E_A).

2.2. SAM

The SAM [26] is an advanced deep learning image segmentation model that has
been trained on a total of over 1.1 billion masks from more than 11 million images [26],

https://moon.bao.ac.cn/web/zhmanager/mars1


Remote Sens. 2024, 16, 1743 5 of 20

demonstrating exceptional image segmentation capabilities. The model consists of three
main components: a prompt encoder, an image encoder, and a lightweight mask decoder.
The image is processed through the image encoder. The prompts, such as points, boxes,
masks, or text, are transformed into a form that is understandable by the model through
the prompt encoder. The mask decoder receives representations of the prompts and images
to produce plausible masks.

Figure 2 shows the data flow of the SAM’s network in generating crater masks from
the DIM’s outputs. The default parameters of the SAM network were used. First, the image
was preprocessed by resizing its longest side to 1024 while maintaining the aspect ratio
and then normalizing it. The image encoder used was the Vision Transformer (ViT) [36],
which treated the image as a sequence of patches and captures complex relationships
between these patches using a self-attention mechanism. After preprocessing, the image
was segmented into patches through patch embedding, and each patch was converted into
a deep feature vector. Here, patch embedding used a 2D convolution with a kernel size of
16 × 16, a stride of 16, and an output dimension of 1280, resulting in 64 × 64 × 1280 feature
maps. Next, position encoding was added to help the model understand the spatial
arrangement of the objects in the image. Then these vectors were processed using the
transformer architecture [37] to enhance the features’ representation and obtain high-
dimensional image embeddings. Finally, a convolutional neural network (CNN) was used
for reducing the dimensionality and adjustment of the channel for the segmentation task.
The prompt encoder can encode points, boxes, masks, and text, but in this case, automatic
segmentation was adopted. In this form, 32 × 32 independent prompt points were evenly
distributed across the image region, and the prompt points contained information on
the location. These points were divided into 16 batches, each with 64 points. Through
the mask decoder, the masks and the corresponding confidence IOU prediction values
were generated. The masks were filtered using the box non-maximum suppression (Box
NMS) [26] technique to retain the most relevant bounding boxes and eliminate redundant
ones, resulting in 112 masks. The results included the following information:

(a) Segmentation masks and the area of each mask;
(b) Boundary boxes for each mask;
(c) A quality score (ranging from 0 to 1) for the boundary box of each mask, measuring

the reliability of the mask;
(d) A stability score (ranging from 0 to 1) for each mask, assessing the stability of the

mask at different input coordinates.

Figure 2. Network structure of the SAM for the automatic identification of craters (Different colors in
the output image represent different segmentation targets).



Remote Sens. 2024, 16, 1743 6 of 20

In summary, SAM is suitable for crater detection tasks, as it can identify craters and
estimate the size of craters by providing direct information about the mask’s edges and
region. Figure 3 illustrates an example of using SAM to identify craters in the DIM of the
Tianwen-1 landing area, in which different colors represent different segmented objects.
Despite not being specifically trained for high-resolution images of Mars, SAM appeared to
capture all major features in the image, demonstrating its effectiveness in crater detection.
Additionally, SAM could identify craters and provide information about the masks’ edges
and regions for estimations of the craters’ size, offering significant advantages in creating
crater datasets.

Figure 3. Segmented images from SAM (Different colors in the output image represent different
segmentation targets). (a) DIM of the landing area. (b) Segmented images outputted by SAM.

2.3. Crater Extraction

The main process for extracting craters from the DIM images of the Tianwen-1 landing
area was as follows:

(a) Using SAM model to obtain segmentation masks for DIM images of different sizes;
(b) Filtering out non-circular edges from the segmented edges;
(c) Performing circular fitting with the edges of the segmentation masks;
(d) Removing duplicates and false circles;
(e) Converting pixel coordinates to geographic coordinates.

2.3.1. Circular Metrics

The above SAM extracts segmentation masks with different morphological features
from input images. We used the “findContours” function in OpenCV [38] to obtain the
coordinates of edge pixels in the mask. Most craters have a circular shape, so we needed to
filter out the non-circular masks. We defined n as a measure to evaluate the circularity of
each mask, and the formula was defined as follows [39].

n =
C
P

=
2
√
πA

P
(1)
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Here, A is the area of the mask (number of pixels), and P is the sum of distances
between any two adjacent pixels on the boundary.

This study aimed to create a dataset of craters, including the centers’ coordinates and
radius, and only regular circular craters were considered. Therefore, a circularity threshold
parameter was used to filter irregular circular craters. Figure 4 shows the circularity
statistics of all the extracted objects in the dataset. We found that 57% of the objects had a
circularity above 0.75. Subsequently, a circularity threshold of 0.75 was set to filter irregular
circular craters. Objects with a circularity greater than 0.75 were retained for subsequent
circular fitting. A detailed analysis for this threshold is in Section 3.2.

Figure 4. Cumulative distribution curve of the circularity of objects segmented using SAM.

Figure 5 shows the images before (Figure 5a) and after (Figure 5b) removing non-circular
masks. It can be observed that almost all the non-circular masks (green) were removed, while
the remaining circular masks (red) proceeded to the subsequent circular fitting step.

Figure 5. Non-circular filtering of the segmentation objects generated by SAM (Green represents non
circular segmentation targets, while red represents circles). (a) Segmentation results outputted by
SAM. (b) Results after filtering non-circular objects.



Remote Sens. 2024, 16, 1743 8 of 20

2.3.2. Circular Fitting

We used the least squares method to perform circular fitting on the edges of the
remaining masks. Initially, an estimation of the circle’s center and radius is made for each
mask. The initial estimation of the center was the mean of the point set, and the initial
estimation of the radius was the average distance from the points to that mean. The least
squares method was then utilized to minimize the distance errors between the fitted circle
and the actual edge points, providing the optimal fit for the circle’s center and radius. The
formula for the distance error is as follows:

S(x0, y0, r) = ∑n

i=1
[(xi − x0)

2 + (yi − y0)
2 − r2]

2
(2)

Here, xi and yi represent the coordinates of each edge point, (x0, y0) represents the
central coordinates of the fitted circle, and r represents the radius of the fitted circle. Finally,
the parameter information of the fitted circle was updated in the data for further analysis
and statistics.

Figure 6 illustrates the images before (a) and after (b) circular fitting. It can be observed
that the fitted circles accurately represent the size and position of the craters in the results
of extraction across different sizes.

Figure 6. Circular fitting of the mask edges extracted by SAM: (a) before circular fitting; (b) after
circular fitting.

2.3.3. Remove of Duplicates and False Craters

We merged the segmentation results of datasets cropped at different scales back into
the original large image. Figure 7 shows the distribution of the size and quantity of craters
at different cropping sizes. The results indicated that with an increase in the cropping
size, the range of the diameters of successfully extracted craters also expanded. This
further validated the necessity of multi-scale cropping for extracting craters of various sizes.
Figure 8 displays the craters extracted from datasets cropped at five different sizes.
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Figure 7. The distribution of crater sizes and quantities resulting from different cropping sizes.
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However, there are duplicates in the results of extracting crater at different sizes.
For example, craters highlighted in the yellow boxes in Figure 8a–c, and the green boxes
in Figure 8d,e show duplicates. Additionally, due to overlapping during the cropping
process, craters extracted from datasets with the same cropping size may also have a partial
overlap, as exemplified by the crater highlighted in the blue boxes in Figure 8d. To ensure
the uniqueness of the final crater data extracted, we performed a deduplication process.
A crater’s information was recorded as (xi, yi, ri), and another crater’s information was
labeled as (x̂j, ŷj, r̂j). If two craters satisfied Equations (3) and (4), they were labeled as
duplicate craters and removed. Here, to improve the computational efficiency, we only
calculated the distance between a crater and other craters located in an 8192 × 8192 grid
centered at the crater’s center.((

xi − x̂j
)2

+
(
yi − ŷj

)2
)

/min
(
ri, r̂j

)2
< Dx,y (3)

abs
(
ri − r̂j

)
/min

(
ri, r̂j

)
< Dr (4)

Here, Dx,y = 1.8 and Dr = 1.0 are hyperparameters [16].
Upon examining the images after deduplication, we observed that there was some

texture at the bottom of the crater. This type of texture is formed by transverse aeolian
ridges (TARs) resulting from weathering [40]. The shaded areas formed by the TARs exhibit
circular features in the optical images and were consequently incorrectly identified as
craters. as shown by the green crater in Figure 9a. To address this issue, we introduced an
intersection over union (IOU) threshold, defined as in Equation (5)

IOU =
A ∩ B
A ∪ B

(5)

where A and B represent the areas of the two circles. Figure 9a shows the result with the
IOU set to 0.8, and Figure 9b shows the result with the IOU set to 0.7. It can be seen that
when the IOU was 0.7, false craters were removed. Therefore, we set the IOU threshold to
0.7. If the IOU was greater than 0.7, the smaller one of the two circles was deemed to be a
pseudo-crater. Figure 9b displays the image after the removal of these false craters.

Figure 9. (a) Before removing false craters(IOU = 0.8). (b) After removing false craters (IOU = 0.7).

2.3.4. Transformation of Coordinates

We merged the segmentation results of datasets cropped at different scales back into
the original large image. Finally, we needed to convert the pixel coordinates of the craters
to latitude and longitude coordinates using Equations (6) and (7).

la =
x
L
(Lar − Lal) + Lal (6)
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lo = Lol −
y
H
(Lol − Lor) (7)

Here, (la, lo) and (x, y) represent the latitude and longitude coordinates and pixel
coordinates of a point, respectively. L and H are the given pixel length and height of the
cropping area, and (Lal , Lol) and (Lar, Lor) are the latitude and longitude coordinates of
the upper left and lower right corners of the cropping area, respectively.

3. Experimental Results and Analysis

This section presents the experimental results of SAM in extracting Martian craters,
including the evaluation metrics and an analysis of the results. The experiments verified
the effectiveness of SAM in the task of crater extraction.

3.1. Evaluate Metrics

To evaluate the effectiveness of SAM in the task of crater extraction, we used the precision
P and recall R to measure the accuracy of the model in terms of Equations (8) and (9)

P = Tp/
(
Tp + Fp

)
(8)

R = Tp/
(
Tp + Fn

)
(9)

where Tp are true positives, representing the correctly identified craters; Fp are false posi-
tives, representing the craters in the results of prediction that do not match the real craters;
and Fn are false negatives, representing missed craters. Here, we were more concerned
about the number of detectable craters, so we cared more about the recall rate.

3.2. Experimental

To verify the effectiveness of SAM in extracting craters, we conducted validation
experiments using the crater catalog annotated by Cao et al. [35] in three subregions of the
landing area as labels. As shown in Figure 10, the three areas had areas of 10 × 20, 20 × 10,
and 20 × 10 km2, with the centers located at (110◦2′E, 25◦41′N), (110◦18′E, 24◦56′N), and
(110◦8′E, 24◦24′N), respectively.
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First, we evaluated the results of applying different circularity threshold filters to the
craters extracted from one of the subregions. The experimental results are shown in Table 1.
According to the results in Table 1, when the circularity threshold was set to less than or
equal to 0.75, the recall was 1, indicating that all craters in the ground truth were detected.
However, the precision significantly decreased when the circularity threshold was less than
0.75, suggesting that many non-crater objects were extracted. On the other hand, when the
circularity threshold was greater than 0.75, the recall decreased significantly, indicating that
many craters were missed. Since our goal was to detect as many craters as possible, we set
the circularity threshold to 0.75. To verify the robustness of the method, we calculated the
precision metrics of three subregions separately, and the results are shown in Table 2. The
results indicated that the recall rate was 1 in each subregion, indicating that the method
extracted all the craters from the labels, demonstrating the method’s strong robustness in
effectively extracting craters.

Table 1. The results of different circularity thresholds on the dataset.

Metrics
Circularity Threshold

0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95

R 1 1 1 1 1 1 92.7% 79.7% 56.8% 43.8%

P 2.8% 3.0% 3.2% 3.4% 3.7% 4.7% 4.8% 6.1% 9.1% 13.8%

Table 2. The metric results for the three subregions.

Metricsc
Central Positions of the Subregions

110◦2′E, 25◦41′N 110◦18′E, 24◦56′N 110◦8′E, 24◦24′N

R 1 1 1

P 3.5% 4.7% 3.8%

We then compared several models, namely MC-UNet [20], ERU-Net [41], UNet++ [42],
and DeepMoon [16]. These network models are relatively new and competitive archi-
tectures in the field of crater detection. The experimental results are shown in Table 3,
from which it can be seen that SAM, as a model that can extract craters without training,
achieved a 100% recall rate compared with several supervised models. However, the preci-
sion was lower. We conducted an analysis of the reasons and found that SAM extracted
58,724 craters, but there were only 2103 craters with the crater label. This means that we
extracted many new craters, leading to a higher Fp when calculating precision; hence the
calculated precision was lower.

Table 3. Comparison of different competing models on the datasets.

Metrics
Model

SAM MC-UNet ERU-Net U-Net++ DeepMoon

R 1 89.2% 88.1% 86.3% 76.3%

P 3.5% 80.1% 82.3% 81.5% 91.6%

Next, we conducted a statistical analysis of the results of extraction for the three
subregions, and the statistical results are shown in Table 4. The results indicated that the
size range of the craters we extracted was much wider, and the number of extracted craters
was significantly greater than the number of craters in the labels.

Figure 11 shows the extraction results of two small regions. The blue circles represent
the craters matching the labels, while the green circles represent newly extracted craters.
Compared with the craters in the ground truth, the craters extracted by SAM exhibited a
wider size distribution, and SAM could extract overlapping craters. The extracted craters
in the red boxes indicate that SAM identified some craters with higher degrees of edge
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degradation. These results validated the high performance of SAM in the task of detecting
impact craters.

Table 4. The results of extraction for the three subregions.

Central Positions
of the Subregions 110◦2′E, 25◦41′N 110◦18′E, 24◦56′N 110◦8′E, 24◦24′N

GT SAM GT SAM GT SAM

Size range (m) 12.1–567.9 1.9–1943.2 1.9–1300.9 1.9–1367.4 12.2–733.9 1.6–744.0

Quantity 2103 58,724 3135 65,477 2084 53,610

Figure 11. The results of extracting craters in two small regions.

4. Statistics and Distribution of The Landing Area’s Crater

This section introduces the results of crater extraction, including an analysis of the
number of extracted craters, an analysis of the craters’ size and distribution frequency, and
an explanation of the crater catalog.

4.1. Counting the Craters

We performed crater identification and extraction on 15 DIM images, and the extracted
results are shown in Table 5. According to the statistics, we extracted a total of 841,727 craters
in the entire landing area, with diameters ranging from 1.57 m to 7910.47 m. Figure 12 shows
the results of crater identification for two subregions from different DIM images. Figure 12a
demonstrates that small craters within a large crater could also be detected, while Figure 12b
shows that multiple craters of different scales were detected as well.

Additionally, we performed statistical analysis on the extracted craters, categorizing
them on the basis of their diameter into different ranges and plotting the crater count for
each range, as shown in Figure 13a. We can see that the number of craters with diameters
less than 30 m exceeded 105, accounting for approximately 73% of the total. Craters with
diameters in the range of 30–60 m constituted around 14%, while those in the range of
60–100 m accounted for approximately 8%. The proportion of craters larger than 100 m
was relatively small, with a total of 40,932 craters. These findings indicated that within
the landing area, small-sized craters are widely distributed. With an increase in diameter,
the number of craters exhibited an exponential decline. This result is consistent with
observations on the surfaces of other planets [32], as the distribution of impacting objects
also follows this pattern. Additionally, over time, the number of larger craters may decrease
due to erosion and geological activities [43].
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Table 5. Statistics of the number of craters in 15 digital image models (DIMs) of the landing area.

ID Range of Craters’
Diameters (m)

Quantity
(Count) ID Range of Craters’

Diameters (m)
Quantity
(Count)

HX1_GRAS_HIRIC_DIM_0.7_
0001_254537N1095850E_A 1.93–1943.17 53,428 HX1_GRAS_HIRIC_DIM_0.7_

0009_244453N1103919E_A 1.98–1060.23 54,670

HX1_GRAS_HIRIC_DIM_0.7_
0002_254537N1101905E_A 1.57–831.91 44,950 HX1_GRAS_HIRIC_DIM_0.7_

0010_241431N1095850E_A 2.14–1143.70 54,937

HX1_GRAS_HIRIC_DIM_0.7_
0003_254537N1103919E_A 1.66–1528.68 51,029 HX1_GRAS_HIRIC_DIM_0.7_

0011_241431N1101905E_A 1.98–1609.63 48,865

HX1_GRAS_HIRIC_DIM_0.7_
0004_251515N1095850E_A 1.83–948.05 61,423 HX1_GRAS_HIRIC_DIM_0.7_

0012_241431N1095850E_A 1.68–744.02 49,424

HX1_GRAS_HIRIC_DIM_0.7_
0005_251515N1101905E_A 1.95–1794.37 47,557 HX1_GRAS_HIRIC_DIM_0.7_

0013_234409N1095850E_A 1.64–1142.47 70,031

HX1_GRAS_HIRIC_DIM_0.7_
0006_251515N1103919E_A 1.97–1240.55 69,949 HX1_GRAS_HIRIC_DIM_0.7_

0014_234409N1101905E_A 1.98–1367.44 56,653

HX1_GRAS_HIRIC_DIM_0.7_
0007_244453N1095850E_A 1.89–7910.47 54,900 HX1_GRAS_HIRIC_DIM_0.7_

0015_234409N1103919E_A 1.57–879.72 62,522

HX1_GRAS_HIRIC_DIM_0.7_
0008_244453N1101905E_A 1.95–1196.73 61,389

Figure 12. Crater extraction results from different regions of the two landing areas. (a) HX1_GRAS_
HIRIC_DIM_0.7_0001_254537N1095850E_A. (b) HX1_GRAS_HIRIC_DIM_0.7_0007_244453N1095850E_A.

We calculated the values of crater density, which is defined as the percentage of
the coverage area of the craters (with a diameter ≥ 10 m) within a square window of
2 km × 2 km. Figure 13b shows the crater density map of Tianwen-1’s landing region.
The crater density map revealed that craters are concentrated in local regions, such as the
southern and northwestern parts of the main landing region. The central-northern region
exhibited lower crater densities. The area marked with a red box in the figure represents
the small region where the Tianwen-1 landing site is located, and the purple star indicates
the landing site, where the crater density is relatively low. The average crater density
was approximately 19.3%. The maximum crater density of 100% occurred in several large
craters within the main landing region.
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Figure 13. (a) Statistics of craters with different diameter ranges. (b) Map of crater density in the
main landing region.

4.2. Crater Size–Frequency Distribution (CSFD)

To obtain information about the surface age of the landing area, we conducted an
analysis of the CSFD using the smaller-sized craters (diameter ≥ 50 m) detected in the
landing area DIM [5]. We used the production function of Ivanov et al. [44] and the
chronology function of Neukum et al. [45] for estimating the age in the landing area,
resulting in a size–frequency diagram of the craters (Figure 14). The shaded regions on
the map represent different Martian epochs [5,44–46], from left to right, including the Late,
Middle, and Early Amazonian; Late and Early Hesperian; and Late, Middle, and Early
Noachian periods.

The extracted craters with diameters greater than 1 km (black) were used to estimate
the age of the landing area of Tianwen-1 as 3.25+0.16

−0.56. Age estimation was also conducted
using the crater labels of the landing area in the RH_2012 dataset [23] (green), yielding an
age of 3.21+0.18

−0.61. The determinations of the age of the craters we extracted are consistent
with the results obtained using the RH_2012 dataset. According to the geological time
division provided by Tanaka et al. [47], the landing area of Tianwen-1 belongs to the Late
Hesperian Lowland Unit (3.34+0.02

−0.02 Ga), which is consistent with the results obtained in
our study.

However, estimation of the age of the craters with diameters ranging from 50 to 800 m
extracted by SAM (red) revealed an age of 1.67+0.0045

−0.0045, indicating a younger age. The
relatively young age of the small craters may indicate the possibility of local resurfacing
events around the landing area. However, further investigation of the geological and
geomorphological features of the region on a larger scale is needed to determine the
nature of these resurfacing events. This study aligns with the results of some previous
research [34,47–49].
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Figure 14. Craters’ size–frequency distribution and estimation of the age of the landing area. Craters
with diameters greater than 1 km, black; diameters ranging from 50 to 800 m, red; estimation of the
age using the RH_2012 dataset, green [5,44,46].

4.3. Documentation of the Crater Catalog

We compiled the extracted craters from the landing area of the Tianwen-1 mission into
a comprehensive catalog of craters within the landing zone. A detailed description of the
data contained in this crater catalog is provided in Table 6. This table provides an example
of a crater, originating from the fifth region of the landing zone’s DIM, with a diameter of
approximately 19.62 m. Its coordinates are approximately (25.45◦N, 110.44◦E). The pixel
coordinates relative to the entire landing zone DIM are approximately (52,881.7, 48,093.1),
and relative to the DIM of the fifth region of the landing area, the pixel coordinates are
approximately (24,298.7, 5224.1).

Table 6. Documentation of the crater catalog.

Index Meaning Example

ID Representing the region in the DIM HX1_GRAS_HIRIC_DIM_0.7_0005_
251515N1101905E_A

Latitude (degrees) Longitude of the crater’s center 25.445545541679884

Longitude (degrees) Latitude of the crater’s center 110.4361572920686

Global_x_center X-coordinate of the center of thecrater relative to the
entire landing zone’s DIM (in pixels) 52,881.735497283

Global_y_center Y-coordinate of the center of the crater relative to the
entire landing zone’s DIM (in pixels) 48,093.05926101379

Local_x_center X-coordinate of the center of the crater relative to the
local landing area’s DIM (in pixels) 24,298.735497283

Local_y_center Y-coordinate of the center of the crater relative to the
local landing area’ s DIM (in pixels) 5224.059261013788

Diameter (km) Diameter of the crater 0.0196223768624538
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5. Discussion

The current approach for extracting craters based on SAM can essentially capture all
craters in the DIM, but there are still some issues that need discussion and improvement.
Firstly, during the process of crater extraction, we only identified masks with a circular
shape as craters. However, craters may undergo a series of geological processes, such as
erosion, deposition, and reshaping, resulting in irregular shapes, as seen in the crater in
Figure 15a. These craters are detected by SAM, but they may be overlooked during the
process of filtering out non-circular ones, indicating that relying solely on the geometric
property of circularity is not enough. The diversity in craters’ morphology demands the
development of more sophisticated recognition algorithms that can identify and process
craters with various irregular shapes, including those shaped irregularly due to their impact
angles, geological processes, or erosion.

Figure 15. Morphological analysis of undetected craters: (a) irregularly shaped craters; (b) overlooked
large-sized craters.

In addition, there was a case where the large crater in Figure 15b was not successfully
extracted. The diameter of this crater is approximately 9.4 km, corresponding to a pixel
diameter of 13,428. The cropping process did not fully encompass this crater, and its
substantial area in the cropped image resulted in reduced contrast between the target
and the background, making the extraction challenging. However, these types of craters
exhibited clear features in the digital elevation model (DEM), and the resolution of the
DEM was relatively lower than that of the DIM. This provides a significant advantage
for detecting large-sized craters. In the subsequent steps, we will use a crater automatic
extraction model based on the DEM to extract these potentially overlooked large-sized
craters from the landing area’s DEM.

6. Conclusions

This article presents a comprehensive solution for automatic crater recognition based
on the Segment Anything Model (SAM), aiming to extract craters in the DIM of the landing
area of the Tianwen-1 mission. We utilized SAM to obtain segmentation masks for the
craters and used a series of postprocessing steps, including non-circular filtering, circular
fitting, deduplication, and removal of false positives, to extract the positions and sizes
of craters. Experimental validation demonstrated the effectiveness of SAM in planetary
crater identification tasks. In the DIM of the Tianwen-1 landing area, we extracted a
total of 841,727 craters with diameters ranging from 1.57 m to 7910.47 m, providing a
comprehensive crater dataset that contributes valuable data for future missions of detecting
Martian crater detection. The distribution of the number of craters reflected the geological
structure and characteristics of historical impact events in the Tianwen-1 landing area.
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Additionally, through the craters’ size–frequency distribution, we estimated the specific
surface age of the landing area to be ~3.25 billion years, with subsequent surface resurfacing
events occurring ~1.67 billion years ago.

In future work, we plan to further optimize and improve the crater extraction solution
using SAM. This involves optimizing postprocessing algorithms for crater extraction by
considering the diversity of craters. In addition, we also plan to explore the use of multi-
source data fusion techniques for crater extraction, aiming to obtain more comprehensive
and accurate information on craters. Multi-source data fusion techniques can integrate
data from different sensors and observation platforms, providing more comprehensive
information on craters’ feature. This not only enhances the accuracy and reliability of our
existing models but also offers richer data support for scientific research. Furthermore, we
plan to expand and improve the existing crater dataset, which will be crucial for future
Martian exploration and research. Finally, we hope to apply these techniques to the study
of craters on other celestial bodies such as the Moon, asteroids, etc., to further extend the
reach of our research and provide more data and insights for the geological study of these
celestial bodies. Through these efforts, we aim to offer more comprehensive and in-depth
support for the geological exploration and research of Mars and other celestial bodies.
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