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Abstract: Accurate detection and measurement of lunar craters are crucial for a better
understanding of the geological history and evolution of the Moon’s surface. Manually
detecting and measuring craters using high-resolution images is not only tedious but may
also involve a certain amount of subjectivity. What makes this proposal innovative is the
combination of the You Only Look Once (YOLO) algorithm with the Segment AnythingModel
for accurate segmentation of craters’ pixels and measurement of their geometrical properties.
In this framework, the locations of the craters are automatically detected using the YOLOv26
algorithm, followed by accurate determination of the crater regions using the Segment Anything
Model (SAM). Finally, the accurate determination of the diameter, radius, and surface area of
the craters is carried out using the pixel measurement and scale factor conversion technique.
This approach will be trained and tested using a dataset comprised of about 12,000 images
obtained by dividing the Orbiter High Resolution Camera (OHRC) lunar imagery into image
patches of 640 × 640 dimensions and divided in the ratio of training set: validation set: test
set as 70:20:10. This model gave a precision value of 91.5%, a recall of 88.6%, mAP@50 of
95.6%, and mAP@50–95 of 88.6%, thereby outperforming all other versions of YOLO that
were analysed and showing strong competency.

Keywords: lunar crater detection; Chandrayaan-2; YOLO (You Only Look Once);
SAM (Segment Anything Model); OHRC (Orbiter High Resolution Camera) imagery;
lunar surface analysis; crater geometry estimation

1. Introduction

Lunar craters are among the most prominent features on the surface of the Moon
and are considered to have great significancewith respect to the chronological evolution
of the surface of the Moon and other planets. It has become possible to study the
structures of the craters on the surface of theMoonwith greater detail and precisionwith
the availability of high-resolution images of the Moon from the latest space missions,
like Chandrayaan-2. It has become possible to observe the craters on the surface of the
Moon with greater detail and precision with the availability of images from the Orbiter
High Resolution Camera (OHRC), which offers submeter resolution with respect to the
features on the surface of the Moon.

Despite the availability of good-quality information, the identification and
measurement of lunar craters by hand prove to be a difficult task. Conventional
methods for cataloguing lunar craters involve a high degree of manual annotation
or semi-automated techniques. With the increasing amount of planetary image
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information, the conventional method of analysing planetary images by hand proves
to be inefficient. Hence, the need for an automated system to identify the craters with
good accuracy becomes a necessity.

Recent research in deep learning techniques has reported positive results in the
detection of features within remote sensing images. Specifically, object detection
techniques such as the YOLO algorithm have reported positive results in the detection
of objects within complex visual environments. While the detection of potential crater
locations can be done through object detection techniques, the results of these models
are limited to bounding box predictions. For the accurate measurement of the properties
of the crater, the results must be at the pixel level.

To overcome this limitation, segmentation-based methods can be integrated with
detection-based methods to refine the boundaries of the detected craters. Recently, the
computer vision domain has seen the development of the Segment Anything Model
(SAM), which is a significant innovation for image segmentation with the least possible
human interaction. Using this method, it is possible to achieve the detection of accurate
boundaries for the craters.

In this work, we present an automated framework for the detection of craters on the
Moon along with the geometric measurements of the craters based on high-resolution
images acquired from the Chandrayaan2 OHRC payload. In the proposed framework,
the YOLOv26 based detection framework is used to identify the craters’ potential
locations on the lunar surface. Then, the detected regions are further processed
using the Segment Anything Model for obtaining the pixel-level segmentation of the
craters. Further, the obtained segmentation results are then processed for estimating
the geometric measurements of the craters.

2. Related work

Automated detection of lunar craters has been a research focus in planetary science
and computer vision. This is because the statistics of the craters are important in
understanding the geological evolution of the planetary bodies [1]. Initially, the
techniques that were used to detect the craters on the moon were mainly those that used
the conventional methods of image processing. For instance, edge detection techniques,
circular Hough transform techniques, as well as template matching techniques, were the
most commonly used techniques to detect the craters on the moon [1]. However, these
techniques were limited in the sense that they could only be used to detect large and
well-defined craters.

In recent years, with advancements in machine learning techniques, researchers
started investigating data-driven techniques for crater detection. Convolutional Neural
Networks (CNNs) were found to perform better in learning visual patterns related to the
structure of craters [2]. Various researchers have employed deep learning techniques
for automatic detection of craters using data related to planetary bodies, such as images
from the Lunar ReconnaissanceOrbiter and various lunarmissions [2]. Such techniques
were found to improve detection accuracy significantly compared to conventional
image processing techniques. However, various CNN-based techniques were found
to be limited to classification and patch detection, where accurate localization was not
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considered.
Recently, object detection models have been used for the automatic detection of

craters. Among them, YOLO is found to have gained significant attention due to
the accurate detection of objects in real-time [3]. YOLO-based methods have been
used to effectively identify the positions of the crater in the image of the moon by
predicting bounding boxes for the potential positions of the crater [3]. Real-time
object detection system implementations for performing advanced visual analysis tasks
have also been investigated by recent works. Modern advanced vision algorithms
based on deep-learning techniques have shown higher efficiency and improved object
detection results when applied to practical tasks, indicating the increased usefulness of
object detection approaches in automated image analysis [4]. Though the YOLO-based
methods have shown accurate crater detection methods, the bounding box does not
represent the actual shape of the crater.

Modern research proves the efficiency of deep learning-based methods for object
detection, which are used for solving complicated vision-based tasks, showing their
ability to provide efficient feature extraction and accurate object localization. It
additionally shows how powerful modern object detection models can be in terms of
automating the process of image analysis [5,6].

To overcome this drawback, there is segmentation-based strategy for acquiring
pixel-level information about crater boundaries. Various image segmentation
techniques help to identify the region of the image corresponding to the craters at
the pixel level. Recently, a novel foundation model known as the Segment Anything
Model (SAM) has been proposed to generate high-quality segmentations for a broad
range of vision domains [7]. Its ability to generate high-quality object boundary
information makes it a promising technique for refining the region of the object
detected by the object detection model.

Despite all these advancements, very few studies have employed the detection
and segmentation approaches for the extraction of crater boundaries and the
measurement of the geometrical features with high accuracy, especially through
the use of high-resolution images provided by the Chandrayaan-2 Orbiter High
Resolution Camera (OHRC) [8]. Unlike approaches that only consider detection
or segmentation, the framework presented incorporates both object detection and
segmentation approaches to achieve crater localization, boundary extraction, and
geometrical measurements using a common framework.

Research into early craters mainly looked at topographic and shape-related data
from planetary surfaces. Salamunicar and Lonacaric created a method using gradient
analysis, digital topography, vote analysis, and calibration to find craters [9]. Recently,
with the rise of foundation models, the Segment Anything Model (SAM) showed great
promise in analyzing remote sensing images and planetary surfaces [10]. Subsequently,
deep learning-based crater detection got a lot of focus. Zhu et al. suggested a
YOLOv7 method boosted with CBAM for better lunar crater detection [11]. They then
improved it by adding deformable convolutional networks to make feature extraction
more robust [12]. Mane et al. did a comprehensive review of techniques for detecting
lunar craters using image processing and pointed out some research challenges [13].
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Jia et al., on the other hand, looked into automated crater detection with deep learning
for analyzing the Moon’s surface [14]. Additionally, Sinha and Paul gave a detailed
review that included insights from Chandrayaan-2’s TMC-2 observations [15].

High-quality lunar datasets have really advanced automated crater detection
systems. The Chandrayaan-2 OHRC payload, for instance, offers superb high-res
lunar images great for detailed crater studies [16]. We also get helpful data from the
Lunar Reconnaissance Orbiter and its camera [17, 18]. Besides that, there are public
datasets such as the Lunar Crater Detection Dataset, the PRADAN planetary archive,
the Moon Crater Database version one, and NASA’s OHRC records [19–22]. These
resources seriously support the research community in this field. Recent progress
includes SAM 3 and flexible frameworks that use SAM for accurate crater boundary
extraction [23, 24]. Also, some reviews highlight the recent advances in using deep
learning to spot craters on the moon [25]. Plus, high-res OHRC images aid geological
research, such as studying boulder groups near fresh craters [26]. These studies show
how crater detection evolved from old image-processing methods to today’s advanced
deep learning and foundation models. Additionally, some folks are still using those
older techniques, but progress has been pretty huge.

3. Dataset

The dataset used for the research for this paper consists of high-resolution
images of the moon taken by the Orbiter High Resolution Camera (OHRC) carried
by Chandrayaan-2. OHRC allows for extremely high spatial resolution images to be
taken of the lunar surface. These images can be used to observe small-scale geological
features of the moon’s surface, including impact craters. The spatial resolution of the
images taken by OHRC amounts to 0.25 m per pixel from an altitude of 100 km. It
provides a 3 km swath with a panchromatic band making it the highest camera on any
lunar mission.

The study area considered includes specific areas on the Moon’s surface, where
the formation of craters is visible and identifiable through the images provided by the
OHRC. These images have various forms and sizes of craters, making it possible to
assess the effectiveness of the automated crater detection and segmentation approaches.
The high resolution of the images enables the identification of small craters on the
moon’s surface.

Due to the large size of the images from the OHRC dataset, preprocessing is
necessary before the detection model can be applied. Images from the dataset have very
large spatial dimensions, making the processing computationally expensive. A total of
around 12,000 image patches were produced from the OHRC lunar images dataset after
preprocessing. Every image patch has a dimension of 640× 640 pixels for training the
model. The obtained data set was partitioned into training, validation, and testing sets
in the ratio of 70:20:10 respectively.

The object detection model used in this research is trained with the high-resolution
lunar images obtained from the Orbiter High Resolution Camera, which is a part of the
Chandrayaan-2 mission. The OHRC dataset is retrieved from the PRADAN Portal,
which is used to distribute the planetary mission data from the Indian Space Research
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Organization. The dataset is a collection of high-resolution images of the lunar surface
with varying structures of craters. These images are then annotated with bounding
box labels that identify the location of the craters. Each bounding box label is defined
as a normalized bounding box with the class identifier of the crater along with the
coordinates.

Once the training phase was completed, the trained model was used to classify
the other set of high-resolution lunar images captured by the Orbiter High Resolution
Camera (OHRC) on the Chandrayaan-2 satellite. The trained model detected the
potential locations of the craters from the OHRC images, which were stored for future
analysis.

4. Methodology

This study proposes an automated framework that can be used to carry out crater
detection and geometric analysis on the lunar surface using high-resolution lunar
imagery of Chandrayaan-2. As shown in Figure 1, the proposed methodology uses
object detection and segmentation techniques to accurately identify the locations of the
craters as well as their boundaries. The workflow of the proposed framework can be
divided into four major stages.

Figure 1. Proposed Framework.

4.1. Patch generation
The images obtained by the Orbiter High Resolution Camera (OHRC) onboard

the Chandrayaan-2 spacecraft are of very large spatial dimensions. It is not efficient to
process images of large dimensions using deep learning models. As shown in Figure
2, to solve this problem, the images obtained by the OHRC are split into patches before
they are processed by the deep learning models. Splitting the images into patches is
an efficient way to process large images without compromising the important visual
details required to detect craters in the images. Each patch is processed separately by
the model to generate the final crater detection results.
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Figure 2. Patch Generation.

4.2. Crater detection using YOLOv26
Crater detection is made possible through the use of the YOLO framework.

This framework is widely utilized as an object detector because of its ability to
simultaneously localize objects while classifying them.

Figure 3 is an architecture representation of the YOLOv26 model used in this
research. The YOLOv26 model makes use of the backbone for feature extraction at
different levels, neck for multi-scale information aggregation, and detection head for
object localization and classification.

Figure 3. YOLOv26 Architecture.

The model that was developed for the study uses images captured by the Orbiter
High Resolution Camera (OHRC) of the Chandrayaan-2. The image samples were
downloaded from the PRADAN data portal and contain visual information of the moon
at high resolution. Crater-specific visual features were then learned by the model in
conjunction with predicting crater localization using bounding boxes.
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The OHRC images were preprocessed into smaller images known as image
patches. These image patches are necessary to make the processing and evaluation
faster. Each image patch is then analyzed individually using the YOLOv26 model.

Through this method, the YOLOv26 model provides predictions of the location of
the craters by outputting bounding boxes on the potential areas where craters are found.

The model was trained for 200 epochs with a batch size of 8 in a CUDA-enabled
GPU environment. Python version 3.13 was used alongside various deep learning
libraries such as PyTorch and Ultralytics libraries. Performance measures include
Precision, Recall, mAP@50, and mAP@50–95.

Even though the generated bounding boxes can reliably localize the craters, they
define the craters by using rectangular boxes. Hence, a segmentation phase is needed
to derive the exact crater boundaries.

Selection of YOLOv26 and model architecture

The YOLOv26 model was chosen for the detection of craters because of its
advanced end-to-end detection, efficiency, and performance in detecting small objects.
The detection of craters from lunar images is a challenge because of the varying sizes
and edge features, as well as illumination. However, YOLOv26 was chosen because
of its higher accuracy in small object detection, lower computational cost, and better
feature aggregation. This model was more appropriate to detect small moon craters in
high-resolution images captured from the OHRC camera.

Unlike other object detection approaches, the YOLOv26 architecture is based
on a non-maximum suppression (NMS) free object detection paradigm, which allows
for end-to-end learning to take place. Instead of producing multiple predictions and
then eliminating redundant detections, the model is designed to produce a single
high-confidence object detection per object. This is made possible through a one-to-one
label assignment, which internally eliminates redundant detections during training, thus
being beneficial when dealing with large OHRC image patches.

The architecture of YOLOv26 comprises three major parts: the backbone, the
neck, and the detection head. The backbone of the YOLOv26 network is in charge of
learning the hierarchical representations of the input image, which includes not only the
low-level features like edge and gradient information but also the high-level semantic
features like the circular rims of the craters, the shadow illumination patterns, and the
texture changes on the surface.

The neck component is used for multi-scale feature aggregation through feature
pyramid representations. This is useful for detecting craters of different scales. This
is especially useful for images from OHRC, where craters can be of different scales
within one image. The multi-scale feature fusion helps to maintain spatial details and
contextual information.

The detection head directly predicts bounding box parameters from feature maps.
Each prediction contains parameters such as center coordinates (x, y), width (w), height
(h), and object confidence. YOLOv26 eliminates the need for DFL in bounding box
regression and provides a stable and direct prediction of object locations.

Furthermore, YOLOv26 has employed sophisticated training techniques such as
Progressive Loss Balancing and Small Target Aware Label Assignment (STAL), which
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improve detection accuracy. The model was developed based on OHRC crater image
patches and their performance were evaluated based on Precision, Recall, mAP@50,
and mAP@50–95 evaluation criteria.

Overall, the choice of YOLOv26 is beneficial for efficient and accurate crater
detection, allowing for the reliable localization of crater regions without compromising
a highly efficient and end-to-end crater detection pipeline.

4.3. Crater segmentation using SAM
For accurate delineation of the craters’ boundaries, the identified crater areas

are then refined by performing segmentation with the help of the Segment Anything
Model. The Segment Anything Model (SAM) is an artificial intelligence system used
to perform precise image segmentation regardless of visual domain.

Figure 4 illustrates the architecture of the SAM3 model employed in this work.
The model extracts high-level visual representations through the image encoder,
incorporates user or detection prompts using the prompt encoder, and generates
accurate pixel-level segmentation masks through the mask decoder.

Figure 4. SAM3 Architecture.

The reason behind choosing SAM as a tool in this research lies in the strong
generalization ability, prompt-based image segmentation process, and generating
precise pixel-level object segmentation boundaries without any need for retargeting
the image segmentation model with task-specific training in different image situations.
The images taken from the lunar surface exhibit substantial differences related to
lighting conditions, texture of the surface, distribution of shadows, and morphological
properties of craters. The standard image segmentation techniques usually rely on vast
quantities of manually labelled pixel-level training data and may fail at generalizing
due to the lack of similar terrain conditions.

The second important advantage of the SAMmodel is that it allows for fine-tuning
coarse object detection results to accurate object boundaries. In fact, the crater regions
identified with the help of the YOLOv26model give only the rectangular localization of
objects by means of bounding boxes and do not provide accurate representation of the
true object geometry. Since crater measurements require morphological information,
pixel segmentation is important. With this respect, SAM overcomes the limitations of
YOLOv26 by providing accurate segmentation masks along the rim of the crater and
inside it.

To solve this problem, the regions inside the detected bounding boxes are used
as inputs for the segmentation model. The SAM segmentation model uses the
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prompt-based architecture for generating pixel segmentation masks that correspond to
crater boundaries. The model comprises three modules, including an image encoder,
prompt encoder, and mask decoder. Image encoding helps in extracting visual features
from images, while prompt encoding takes into account spatial hints of bounding boxes
and generates segmentation masks.

Segmentation plays a vital role in improving the accuracy of the detected output
because it replaces inaccurate rectangles of craters with precisely segmented crater
forms. This is very useful when it comes to partially damaged and distorted crater
structures in the images taken from the Moon’s surface where an exact outline can’t be
found via bounding box detection.

Such segmentation will help to improve geometric properties of craters, like crater
radius and diameter.

4.4. Crater geometry estimation
Once the segmentation masks for the detected craters are obtained, the geometric

properties of the detected craters are estimated by making pixel-based measurements.
Using the segmentation masks for the detected craters, the exact region of the image
corresponding to the detected crater can be identified.

The diameter of the detected crater can be estimated by measuring the maximum
distance across the region of the image defined by the segmentation mask for the
detected crater. Similarly, the radius of the detected crater can be estimated by
calculating half the estimated diameter of the detected crater. Moreover, the surface
area of the detected crater can be estimated by making a count of the pixels contained
within the region defined by the segmentation mask for the detected crater.

To convert the estimatedmeasurements for the detected crater from pixels to actual
physical units, the scale of the pixels in the OHRC images (0.25 m/pixel) can be used.

4.4.1. Pixel level measurements

At the pixel level, the measurements are directly calculated based on the
segmentation masks. The diameter of a crater is calculated as the maximum distance
over its segmented boundary, whereas the radius is half of that. The area of a crater is
given by the number of pixels in its segmented region.

Diameter (pixel level): The diameter of the crater is defined as the maximum
distance present between two points on the segmented boundary of the crater. It is
calculated as:

Dpixel = max(dx, dy), (1)

where dx and dy are the horizontal and vertical distances across the boundary,
respectively.

Radius (pixel level): The radius is simply half of the diameter:

Rpixel =
Dpixel

2
. (2)

Area (pixel level): The surface area of the crater is determined by counting the
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number of pixels contained within the segmentation mask. The area is given by:

Apixels = Npixels, (3)

where Npixels is the total number of pixels within the segmented region.

4.4.2. Real world measurements

To transform the pixel-based measurement into real-world units, the pixel scale of
the OHRC image is used. In the case of the Chandrayaan-2 OHRC image, the pixel
scale is 0.25 meters per pixel. By using the pixel scale, the measurements of the image
can be converted.

Diameter (real world): The diameter Dreal can be calculated by multiplying the
pixel level diameter by the pixel scale:

Dreal = Dpixel × Pixel Scale, (4)

where the pixel scale is 0.25 m/pixel.
Radius (real world): The real-world radius Rreal is calculated as:

Rreal = Rpixel × Pixel Scale. (5)

Area (real world): The real-world surface area Areal is calculated by converting
the pixel area to square meters:

Areal = Apixel × (Pixel Scale)2. (6)

The equation converts the area from pixels to square meters using the square of
the pixel scale.

However, the geometrical parameterization method relies on the assumptions that
the extracted craters’ outline is accurate and that the OHRC image scale is constant for
the whole image area under study. The changes in lighting, the nature of the crater, or
an inaccurate extraction might affect the estimation accuracy.

5. Experimental results

This section reports the experimental results obtained using the proposed lunar
crater detection and measurement approach. In this work, experiments have been
carried out on high-resolution lunar images obtained by the Orbiter High Resolution
Camera (OHRC) carried by Chandrayaan-2. In the experiments, the potential of the
proposed approach in accurately detecting the location of the crater and determining
their geometrical characteristics is tested.

5.1. Crater detection results
The detection of craters was achieved by utilizing the YOLO object detection

algorithm. The object detection model was used to detect craters on the OHRC image
patches that were generated during the image preprocessing phase.

The detection results indicate that the object detection model has successfully
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identified multiple crater structures in various regions of the lunar surface. The
predicted bounding boxes represent the initial location of the craters on the lunar surface,
which are used as input for the segmentation phase.

Figure 5 shows the crater detection results achieved by utilizing the YOLO object
detection model, where the bounding boxes represent the location of the craters on the
OHRC image patches.

(a) Examples 1–3.

Figure 5. Cont.
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(b) Examples 4–6.

Figure 5. YOLOv26 Crater Detection Results.

5.2. Crater segmentation results
To get accurate boundaries of the detected crater regions, further processing of

the detected regions was carried out by using the Segment Anything Model. For each
detected region, the input to the segmentation model was provided by specifying the
image region corresponding to each detected bounding box. The segmentation model
uses masks that represent the boundaries of the crater regions. This representation of
the crater regions is more accurate compared to the use of bounding boxes. Figure 6
shows the representation of the segmentation masks obtained from the segmentation
model, which indicates the boundaries of the detected crater regions.
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5.3. Crater geometry measurement
Following the segmentation stage, the geometric properties of the detected craters

were determined using pixel-based geometric calculations. The segmentation mask for
each crater indicates the exact region covered by each pixel, thus enabling accurate
computation of the size and area of each crater. The diameter of each crater is
determined by computing themaximumdistance covered by each pixel within the crater
segmentation mask, while the radius is determined as half the diameter. The surface
area of each crater is determined as the total number of pixels contained within the
segmentation mask for each crater. In order to obtain the crater geometric properties
in real-world units, the pixel resolution for the OHRC image, which is about 0.25 m,
was used. The crater geometric properties include diameter, radius, and surface area.
Figure 7 shows the crater geometry measurement results.

(a) Examples 1–3.

Figure 6. Cont.
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(b) Examples 4–6.

Figure 6. Crater Segmentation Results.

Figure 7. Cont.
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(a) Examples 1–3.

Figure 7. Cont.
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(b) Examples 4–6.

Figure 7. Crater Geometry Measurement Results.

6. Evaluation metrics

To evaluate the performance of the proposed framework for crater detection and
segmentation, some standard performancemetrics were used. The performancemetrics
were used to evaluate the accuracy and reliability of the obtained results for crater
detection and segmentation using high-resolution lunar image data captured by the
Orbiter High Resolution Camera (OHRC) installed on the Chandrayaan-2.

6.1. Detection metrics
For the purpose of evaluating the performance of the YOLO model on the crater

detection task, various metrics that are commonly used in object detection tasks, such
as Precision, Recall, F1-score, mean Average Precision (mAP), and mean Average
Precision at an IoU threshold of 0.5 (mAP@0.5), were considered. Precision measures
the proportion of correctly detected craters among all predicted detections. It is defined
as:

Precision =
TP

TP + FP
, (7)

where TP represents True Positives, FP represents False Positives Recall measures the
proportion of actual craters that are correctly detected by the model. It is defined as:

Recall =
TP

TP + FN
, (8)

where FN represents False Negatives.
F1-Score provides a balanced measure of detection performance by combining

precision and recall. It is defined as:

F1-Score = 2× Precision× Recall
Precision+ Recall

. (9)

In addition to the above parameters, mean Average Precision (mAP) is used to
assess the entire detection performance of themodel at different Intersection over Union
(IoU) levels. mAP represents the entire precision-recall curve. mAP@0.5 (mAP50)
refers to the mean Average Precision at an IoU threshold of 0.5, where a detection
is considered to have been made if the predicted bounding box overlaps at least 50%
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with the ground truth. A higher mAP and mAP50 indicate a higher crater detection
performance.

6.2. Segmentation metrics
The segmentation stage is carried out to improve the accuracy of the crater

detection and to obtain the boundaries of the craters from the detected regions. For
this purpose, the detected regions in the form of bounding boxes, which are provided
by the YOLO detector, are used to create the input prompts to the model called the
Segment Anything Model (SAM).

From the qualitative results, it is evident that the segmentation model successfully
identifies the circular and irregular shapes of the lunar crater features as seen in the
OHRC images obtained through the Chandrayaan-2 satellite. The precision of the crater
features is more accurate using the segmentation mask as compared to the bounding
box.

In Figure 6, the segmentation output is shown as an example, in which the
generated masks have successfully distinguished the crater rims and inner regions. The
crater boundaries extracted in this method allow for further analysis of the crater’s shape
compared to the bounding box method.

Geometric properties of the craters are estimated based on the segmentation masks.
The diameter of the craters is estimated by finding the maximum distance across the
segmented region of the craters. The radius of the craters is estimated as half the
diameter. The surface area of the craters is estimated by counting the number of pixels
within the segmentation mask and converting the result into real-world units based on
the pixel scale of the OHRC.

These measurements enable the extraction of significant characteristics of the
craters such as diameter, radius, and surface area. These are significant parameters
for the study of the planetary surfaces.

6.3. Comparative study
This section provides a comparative evaluation of the proposed crater detection

framework based on YOLOv26 with other techniques that have been presented in the
literature. For this purpose, the proposed technique is compared with other techniques
based on Precision, Recall, and F1-Score, and Mean Average Precision (mAP).

In order to establish a level playing field for comparison of performance among
different YOLO versions, all the YOLO variants used for performance comparison
were trained and tested under identical experimental settings (Table 1).

Table 1. Comparative Study.

Models Precision (%) Recall (%) mAP@0.5 (%) mAP@0.5:0.95 (%)

YOLOv5 86.3 79.5 86.7 77.7
YOLOv8 90.2 74.4 87.4 78
YOLOv11 81.9 81.6 88.5 78.4
YOLOv12 83.2 84.9 88.9 79.3

YOLOv26 (proposed
method)

91.5 88.6 95.6 88.6
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The results obtained indicate that the proposed approach yields better results
compared to existing methods of detecting craters. The incorporation of YOLOv26
is effective in detecting the location of craters, while the next segment of the process is
effective in providing accurate geometric analysis.

In addition, the NMS-free detection method in YOLOv26 improves the
accuracy of prediction and consistency in detection. Furthermore, the addition of
the segmentation-based refinement helps to achieve more accurate delineation of the
boundary of the craters. This cannot be done using the bounding box-based approach.

On the whole, the suggested approach shows good results in terms of accuracy
and geometrical measurements, making it applicable to the analysis of large-scale lunar
surfaces based on high-resolution images taken by Chandrayaan-2.

7. Conclusion

This paper proposed a framework for automated detection and geometric
measurement of lunar craters based on highresolution images obtained by the Orbiter
High Resolution Camera (OHRC) installed in Chandrayaan-2. In this proposed
framework, YOLO is used for crater detection and the Segment Anything Model for
accurate crater boundary detection. With the use of segmentation masks, it is possible
to estimate crater geometric properties such as diameter, radius, and surface area based
on pixel measurements and scale conversion.

This YOLOv26 model gave a precision value of 91.5%, a recall of 88.6%,
mAP@50 of 95.6%, and mAP@50–95 of 88.6%. The results of the experiments prove
the effectiveness of the proposed framework in the detection of crater structures and
the extraction of the boundary details of the detected craters from the high-resolution
images of the Moon. The proposed framework is a viable solution for the automated
analysis of the surfaces of planets and the Moon. The proposed method is an
advancement over the existing bounding box-based approaches. Although the
suggested algorithm has shown its efficiency, some limitations still exist in the
SAM-based segmentation step. For example, the segmentation step might be
impacted by areas including low-contrast craters’ boundaries, overlapping craters, or
highly varying shadows within OHRC images. Moreover, the quality of the output
segmentations depends on the quality of the initial detections made using YOLOv26,
because inaccuracies in detecting objects’ boundaries might affect further steps.

In addition, the current study mainly analyses the performance of the crater
detection stage by applying conventional object detection metrics. In future research,
efforts will be made to create annotated datasets for the segmentation stage analysis.

Future research could address issues related to increasing the robustness of
detection under different illumination conditions, as well as using other data sources
such as Digital Elevation Model (DEM) data, which could help improve crater
characterization, such as crater depth estimation and 3D crater morphology. Future
research could also address issues related to creating a generalized crater analysis
model, which could help identify various types of craters, such as simple, complex, and
degraded craters, depending on their morphology. This could help expand lunar surface
research, providing further insights into impact phenomena and geological evolution of
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celestial bodies.
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