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Abstract—Automated lunar crater detection is an important
task in planetary mapping, geological analysis, and future lunar
exploration. Recent studies have demonstrated the potential of
combining optical imagery with topographic information; how-
ever, the influence of terrain variability on crater classification
performance remains insufficiently explored.

This study presents a comparative evaluation of optical
imagery, Digital Terrain Model (DTM) data, and multimodal
fusion strategies for lunar crater classification across geologically
distinct lunar terrains. A manually curated dataset containing
1,904 image patches was developed from co-registered Lunar
Reconnaissance Orbiter Camera (LROC) products covering
Mare Tranquillitatis and the Tycho Highlands. Four classification
approaches were evaluated using a common convolutional neural
network architecture: Optical-only, DTM-only, Early Fusion, and
Late Fusion models.

Experimental results showed that DTM-based classification
slightly outperformed optical imagery, while both fusion ap-
proaches achieved performance comparable to the DTM model,
yielding overall accuracies of approximately 76%. Terrain-wise
evaluation revealed a more significant finding. Although all
models achieved reasonable crater detection performance within
Mare Tranquillitatis, every approach failed to identify crater
samples within the Tycho Highlands subset.

Analysis of the curated dataset indicated that severe terrain-
dependent sample imbalance and limited representation of high-
land crater morphologies exerted a stronger influence on per-
formance than input modality or fusion strategy. These findings
highlight the importance of terrain-balanced datasets for robust
lunar crater classification and suggest that training data diversity
may be as critical as advances in multimodal fusion methodology
for achieving reliable cross-terrain generalization.

Index Terms—Lunar crater classification, multimodal remote
sensing, digital terrain models, convolutional neural networks,
terrain variability, dataset imbalance, planetary mapping, Lunar
Reconnaissance Orbiter

I. INTRODUCTION

Impact craters are among the most abundant geological
features on the lunar surface and serve as important indicators
of planetary evolution, surface age, and impact history [1][2].
Accurate crater identification is therefore essential for plan-
etary mapping, geological analysis, landing site assessment,
and future lunar exploration missions [3].

Traditional crater identification methods rely heavily on
manual interpretation of optical imagery, a process that is

both time-consuming and subjective [4]. Advances in machine
learning and deep learning have enabled automated crater
detection systems capable of processing large volumes of
planetary remote sensing data with improved efficiency and
consistency [5][6].

Recent studies have increasingly explored the use of multi-
modal datasets for crater detection. Optical imagery provides
information regarding surface texture, albedo variations, and
crater morphology, while Digital Elevation Models (DEMs)
and Digital Terrain Models (DTMs) capture the topographic
characteristics of impact structures [4][6]. Combining these
complementary data sources through multimodal fusion has
been reported to improve crater detection performance across
a variety of planetary environments [7][8][9].

Despite these advances, an important challenge remains
insufficiently explored: the ability of crater detection models
to generalize across geologically distinct terrains [10][11].
Lunar maria and highland regions exhibit substantial differ-
ences in surface morphology, crater preservation state, to-
pographic roughness, and geological history. Consequently,
models trained on one terrain type may struggle when applied
to another [12].

This study investigates the influence of terrain variability
on multimodal lunar crater classification using co-registered
optical imagery and DTM data from Mare Tranquillitatis
and the Tycho Highlands. Four classification approaches are
evaluated, including Optical-only, DTM-only, Early Fusion,
and Late Fusion models. In addition to overall classification
performance, terrain-specific analyses are performed to assess
model robustness across contrasting lunar environments.

The primary contributions of this work are:
• Development of a manually curated multimodal lunar

crater dataset containing optical and DTM image patches
from geologically distinct lunar terrains.

• Comparative evaluation of Optical, DTM, Early Fusion,
and Late Fusion classification approaches under a unified
experimental framework.

• Investigation of terrain-dependent generalization through
separate evaluation on mare and highland environments.

• Identification of terrain-specific sample imbalance as a
major factor influencing crater classification performance.
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II. STUDY AREA AND DATA

A. Study Areas

Two geologically distinct lunar regions were selected to
investigate the influence of terrain variability on crater clas-
sification performance: Mare Tranquillitatis and the Tycho
Highlands.

Mare Tranquillitatis is a basaltic mare environment char-
acterized by relatively smooth surfaces, low topographic re-
lief, and well-preserved impact craters. Such terrains provide
favorable conditions for crater identification due to their
comparatively homogeneous morphology and reduced surface
roughness [13]. In contrast, the Tycho Highlands represent a
rugged highland environment containing complex topography,
overlapping impact structures, elevated surface roughness, and
substantial geomorphological heterogeneity [14]. The strong
geological contrast between these regions provides a suitable
testbed for evaluating the robustness and generalization ca-
pability of machine learning models across different lunar
terrains.

B. Data Sources

Multimodal lunar data consisting of optical imagery
and Digital Terrain Model (DTM) products were ob-
tained from the Lunar Reconnaissance Orbiter Camera
(LROC) Narrow Angle Camera (NAC) DTM archive [15].
Two NAC DTM products were selected for analysis:
NAC DTM TRANQPIT1 M155016845 2M, covering Mare
Tranquillitatis, and NAC DTM TYCHOPK04, covering the
Tycho Highlands [16][17].

The optical imagery provides information related to surface
texture, albedo, and crater morphology, while the DTM pro-
vides elevation-based topographic information associated with
impact structures [6]. The NAC DTM products contain co-
registered optical and elevation datasets, enabling direct pixel-
level correspondence between reflectance and terrain informa-
tion. This multimodal configuration allows the investigation
of both single-modality and fusion-based crater classification
approaches.

C. Patch Extraction and Dataset Curation

Image patches of size 128×128 pixels were extracted from
the selected study regions, consistent with patch-based crater
analysis frameworks [7]. Candidate patches were generated
from the co-registered optical and DTM datasets to capture a
diverse range of crater and non-crater surface features [5].

An initial set of 2,266 candidate patches was produced. To
improve label reliability, all candidate patches were manually
inspected and assigned binary labels indicating the presence
or absence of a crater. Samples exhibiting ambiguous crater
morphology, poorly defined structures, partial crater bound-
aries, or uncertain visual interpretation were removed during
quality control.

Following manual curation, 1,904 high-quality samples
were retained for subsequent experiments. The resulting
dataset contains crater and non-crater examples from both

Fig. 1. Overview of the dataset preparation and experimental workflow
used in this study. Co-registered optical and DTM products were used for
patch extraction, manual labeling, dataset curation, model development, and
performance evaluation.

mare and highland terrains, enabling the evaluation of clas-
sification performance under substantially different geomor-
phological conditions. The overall workflow adopted in this
study is illustrated in Fig. 1.

D. Dataset Partitioning

The curated dataset was divided into training, validation,
and testing subsets using a stratified 70:15:15 split. Stratifica-
tion preserved the overall crater and non-crater class distribu-
tion across all subsets to ensure consistent model development
and evaluation.

The final partitioning resulted in 1,332 training samples,
286 validation samples, and 286 testing samples. Table I
summarizes the dataset partitioning used throughout this study.

TABLE I
DATASET PARTITIONING USED FOR MODEL DEVELOPMENT AND

EVALUATION.

Subset Percentage (%) Samples

Training 70 1332
Validation 15 286
Testing 15 286

Total 100 1904

E. Dataset Statistics

Table II summarizes the distribution of crater and non-crater
samples across the two study regions following manual quality
control.

A substantial disparity in crater occurrence was observed
between the selected terrains. Mare Tranquillitatis contributed
681 crater samples, whereas only 40 crater samples were
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identified within the Tycho Highlands. Conversely, the Tycho
Highlands contained a large number of non-crater samples
associated with rugged terrain, overlapping impact structures,
and complex surface morphology.

The low number of verified crater samples in the Tycho
Highlands does not imply a lack of impact structures in
the region. Rather, it reflects the increased morphological
complexity, overlapping crater boundaries, and ambiguous
terrain features that prevented reliable manual labeling under
the adopted quality-control criteria [14].

This terrain-dependent distribution introduces a challenging
classification scenario in which crater availability varies sig-
nificantly between geological environments. Consequently, the
dataset provides an opportunity to evaluate the robustness and
generalization capability of crater classification models under
substantially different lunar surface conditions.

TABLE II
TERRAIN-WISE DISTRIBUTION OF CURATED SAMPLES.

Terrain Crater Non-Crater Total

Mare Tranquillitatis 681 452 1133
Tycho Highlands 40 731 771

Total 721 1183 1904

III. METHODOLOGY

A. Experimental Framework

The objective of this study was to investigate the relative
contributions of optical imagery and topographic informa-
tion for lunar crater classification and to evaluate whether
multimodal fusion improves classification performance across
contrasting lunar terrains.

Four classification approaches were evaluated:
• Optical Model – trained using optical imagery only.
• DTM Model – trained using Digital Terrain Model

(DTM) data only.
• Early Fusion Model – trained using optical and DTM

data concatenated as a two-channel input image.
• Late Fusion Model – implemented through decision-

level fusion by combining the output probabilities of
independently trained Optical and DTM models.

All approaches were evaluated using identical training,
validation, and testing subsets to ensure a fair comparison
between modalities and fusion strategies.

B. CNN Architecture

To isolate the effect of input modality, all models employed
the same lightweight Convolutional Neural Network (CNN)
architecture [5][18].

The network consisted of three convolutional layers contain-
ing 32, 64, and 128 filters respectively, each using 3×3 kernels
and Rectified Linear Unit (ReLU) activation functions. Max-
pooling operations with a 2×2 window were applied after the
first two convolutional layers to reduce spatial dimensionality.

A Global Average Pooling layer was used to aggregate
spatial features, followed by a fully connected layer containing

64 neurons. A dropout layer with a dropout rate of 0.5 was em-
ployed to reduce overfitting. The final output layer consisted
of a single neuron with sigmoid activation, producing the
probability of crater presence within the input patch. Table III
summarizes the model configurations evaluated in this study.

TABLE III
CNN ARCHITECTURE USED FOR ALL CLASSIFICATION MODELS.

Layer Output Dimensions

Conv2D (32 filters, 3× 3) 126× 126× 32
Max Pooling (2× 2) 63× 63× 32
Conv2D (64 filters, 3× 3) 61× 61× 64
Max Pooling (2× 2) 30× 30× 64
Conv2D (128 filters, 3× 3) 28× 28× 128
Global Average Pooling 128
Dense (64 neurons) 64
Dropout (0.5) 64
Dense (1 neuron, sigmoid) 1

C. Data Normalization

Input data were normalized using statistics computed exclu-
sively from the training subset to prevent information leakage.

For the Optical and DTM models, z-score normalization
was applied independently according to

x′ =
x− µ

σ
(1)

where x represents the original pixel value, µ denotes the
training-set mean, and σ denotes the training-set standard
deviation.

For the Early Fusion model, optical and DTM channels
were normalized independently prior to channel concatenation.
This approach preserves modality-specific feature distributions
while ensuring comparable numerical scales between channels.

Validation and testing datasets were normalized using the
corresponding training-set statistics.

D. Class Imbalance Handling

The curated dataset exhibited class imbalance, particularly
within the Tycho Highlands subset where crater samples were
substantially less frequent than non-crater samples.

To mitigate bias toward the majority class during training,
class weights were computed using the balanced weighting
strategy implemented in the Scikit-Learn framework [19].
These weights were incorporated directly into the binary cross-
entropy optimization process.

E. Training Procedure

All CNN models were trained using the Adam optimizer
with binary cross-entropy loss.

Training was performed for a maximum of 20 epochs using
a batch size of 32. Early stopping was employed to reduce
overfitting, using validation loss as the monitoring metric with
a patience value of five epochs.

The model achieving the lowest validation loss was auto-
matically restored and retained for final evaluation.
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F. Early Fusion Strategy

The Early Fusion model utilized a two-channel input repre-
sentation consisting of co-registered optical imagery and DTM
data. The optical and elevation channels were concatenated
prior to network input, allowing the CNN to learn joint feature
representations directly from both modalities.

This strategy represents feature-level fusion, where cross-
modal relationships are learned during feature extraction
[7][8][20].

G. Late Fusion Strategy

To evaluate decision-level multimodal fusion, a Late Fu-
sion model was implemented using the independently trained
Optical and DTM classifiers [20][21].

For each test sample, the predicted crater probabilities from
the Optical model (Poptical) and DTM model (PDTM ) were
averaged according to

Pfusion =
Poptical + PDTM

2
(2)

The final class label was obtained using a classification
threshold of 0.5.

Equal weighting was selected to provide a simple and
transparent decision-level fusion baseline without introducing
additional trainable parameters.

This approach preserves modality-specific feature learning
while integrating decisions at the prediction stage.

H. Evaluation Metrics

Model performance was assessed using accuracy, precision,
recall, F1-score, confusion matrices, and classification reports.

In addition to overall test-set evaluation, terrain-wise perfor-
mance analysis was performed separately for Mare Tranquilli-
tatis and Tycho Highlands samples. This analysis was designed
to investigate model robustness across contrasting geological
environments and to assess the influence of terrain variability
on classification performance.

I. Terrain-wise Evaluation

To examine model generalization across different lunar sur-
face conditions and potential domain shifts, test samples were
grouped according to their originating terrain [10][11][12].

Performance metrics were computed independently for
Mare Tranquillitatis and Tycho Highlands subsets. This
terrain-specific evaluation enabled identification of modality-
dependent strengths and weaknesses, as well as potential
failure modes associated with geomorphological complexity
and terrain-dependent sample availability.

IV. RESULTS

A. Overall Classification Performance

Table IV summarizes the performance of the four evaluated
approaches on the test dataset.

The DTM, Early Fusion, and Late Fusion models achieved
the highest overall accuracy of 75.87%, outperforming the
Optical model (75.17%) by 0.70 percentage points. Both

Fig. 2. Confusion matrices for the Optical, DTM, Early Fusion, and Late
Fusion models. All approaches exhibit highly similar prediction patterns, with
DTM, Early Fusion, and Late Fusion approaches producing nearly identical
results.

Early Fusion and Late Fusion achieved identical accura-
cies of 75.87%, matching the performance of the DTM-
only model. Crater detection performance remained highly
consistent across all approaches, with crater F1-scores ranging
from 0.74 to 0.75.

The relatively small differences between modalities indicate
that topographic information provides the dominant discrim-
inative signal for crater classification within the selected
study regions [8]. Although multimodal fusion produced a
marginal improvement over optical imagery, neither fusion
strategy demonstrated a meaningful advantage over the DTM
baseline. The similarity of the classification outcomes across
all approaches is further illustrated by the confusion matrices
shown in Fig. 2.

TABLE IV
OVERALL PERFORMANCE COMPARISON OF THE EVALUATED MODELS.

Model Accuracy (%) Crater F1

Optical 75.17 0.74
DTM 75.87 0.74
Early Fusion 75.87 0.75
Late Fusion 75.87 0.74

B. Terrain-wise Performance Analysis

To investigate model generalization across contrasting ge-
ological environments, performance was evaluated separately
for Mare Tranquillitatis and Tycho Highlands test samples.

The results revealed a strong dependence on terrain type.
Within Mare Tranquillitatis, all four models successfully de-
tected the majority of crater samples and achieved crater
F1-scores between 0.75 and 0.76. Performance differences
between modalities were negligible, with the DTM, Early
Fusion, and Late Fusion approaches achieving slightly higher
accuracies than the Optical model.
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In contrast, all four models failed to identify any crater
samples within the Tycho Highlands test subset. Consequently,
crater precision, recall, and F1-score were zero across all
evaluated approaches despite overall accuracies exceeding
94%.

The terrain-wise results are summarized in Table V.

TABLE V
TERRAIN-WISE CLASSIFICATION PERFORMANCE.

Terrain Model Accuracy (%) Crater F1

Mare

Optical 61.76 0.75
DTM 62.94 0.76

Early Fusion 62.94 0.76
Late Fusion 62.94 0.76

Tycho

Optical 94.83 0.00
DTM 94.83 0.00

Early Fusion 94.83 0.00
Late Fusion 94.83 0.00

Although the Tycho Highlands subset exhibited accuracies
greater than 94%, these values are misleading because the
models classified nearly all samples as non-craters. As a
result, the high accuracy primarily reflects the dominance of
the non-crater class rather than successful crater detection
performance.

C. Analysis of Fusion Strategies

Both fusion approaches demonstrated performance compa-
rable to the DTM-only model. Early Fusion, implemented
through channel concatenation of optical and topographic
inputs, achieved identical accuracy to the DTM baseline
while improving crater F1-score by only 0.01. Similarly,
Late Fusion, implemented through decision-level averaging of
Optical and DTM prediction probabilities, produced results
nearly indistinguishable from both Early Fusion and DTM-
only classification.

These findings suggest that under the current dataset condi-
tions, multimodal fusion contributes limited additional infor-
mation beyond that already contained within the topographic
data. Furthermore, the similarity between Early Fusion and
Late Fusion performance indicates that the primary limitation
is unlikely to be the fusion strategy itself.

D. Failure Analysis

The most significant finding of this study is the complete
failure of all evaluated models to generalize to crater sam-
ples within the Tycho Highlands region [14]. Representative
examples from both study regions are shown in Fig. 3.

Following manual quality control, the final dataset contained
681 crater patches from Mare Tranquillitatis but only 40 crater
patches from the Tycho Highlands. After dataset partitioning,
only six Tycho crater samples were present within the testing
subset. Consequently, all models were exposed to substantially
more mare crater examples than highland crater examples
during training.

The consistent failure observed across Optical, DTM,
Early Fusion, and Late Fusion models suggests that terrain-
dependent sample scarcity exerted a stronger influence on

Fig. 3. Representative crater and non-crater patches from Mare Tranquil-
litatis and Tycho Highlands. Tycho samples exhibit greater morphological
complexity and surface roughness than mare samples, illustrating the increased
classification difficulty associated with rugged highland terrain.

classification performance than input modality or fusion strat-
egy [10][11]. Despite differences in data representation, all
approaches converged to nearly identical predictions within
the Tycho subset.

Consequently, even a single misclassification substantially
impacts terrain-specific performance metrics, highlighting the
difficulty of robust evaluation under extreme sample scarcity.

These results indicate that robust crater detection across
diverse lunar terrains may require more balanced terrain-
specific datasets in addition to multimodal information [22].
The findings further suggest that training data diversity may
be as important as model architecture when developing gen-
eralized lunar crater classification systems.

V. DISCUSSION

A. Influence of Input Modality

The comparative evaluation revealed only modest differ-
ences between the four investigated approaches. Among the
single-modality models, the DTM-based classifier achieved
slightly higher performance than the Optical model, suggesting
that topographic information provides a more reliable repre-
sentation of crater morphology than surface reflectance alone
[23].

This observation is consistent with the physical character-
istics of lunar impact craters and previous reviews of lunar
crater detection methodologies [4]. Craters are fundamentally
topographic depressions whose geometric structure remains
visible in elevation data regardless of illumination conditions.
In contrast, optical imagery is strongly influenced by local
lighting geometry, shadowing effects, and albedo variations,
which may obscure or distort crater boundaries.

Although both Early Fusion and Late Fusion incorporated
complementary optical and topographic information, neither
fusion strategy produced a substantial improvement over the
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DTM-only model. This finding suggests that, within the se-
lected study regions and dataset size, the additional optical
information contributed limited discriminative value beyond
that already captured by topographic features.

B. Effectiveness of Multimodal Fusion

Recent studies have reported improvements in crater de-
tection performance through multimodal fusion of optical
imagery and elevation data [7][8][9][20][21]. However, the
results obtained in this study indicate that the benefits of fusion
are highly dependent on data availability, terrain characteris-
tics, and training sample diversity.

The Early Fusion and Late Fusion approaches achieved
nearly identical performance and produced confusion matrices
similar to those obtained using DTM data alone. These results
suggest that the primary limitation was not the fusion strategy
itself but rather the characteristics of the available training
data.

A possible explanation is that the dataset did not contain suf-
ficient examples of terrain variability for the network to learn
robust cross-modal representations. Under such conditions, the
models may preferentially rely on the modality containing the
strongest and most consistent signal, namely the DTM data.

C. Terrain-Dependent Generalization

The most significant finding of this study emerged from the
terrain-wise evaluation.

All four models achieved reasonable crater detection perfor-
mance within Mare Tranquillitatis, producing crater F1-scores
of approximately 0.75–0.76. However, every model completely
failed to identify crater samples within the Tycho Highlands
test subset, resulting in a crater recall of zero despite overall
accuracies exceeding 94%.

This result demonstrates a substantial terrain-dependent
generalization failure [10][11][12]. Although the models suc-
cessfully learned crater characteristics present within smooth
mare environments, they were unable to transfer this knowl-
edge to the morphologically complex highland terrain repre-
sented by Tycho [10][11][12].

The Tycho Highlands contain overlapping impact structures,
irregular crater morphologies, elevated surface roughness, and
complex topographic patterns that differ considerably from the
relatively homogeneous mare environment [13][14]. Conse-
quently, crater representations learned from mare-dominated
training data may not adequately capture the variability present
within rugged highland regions.

D. Impact of Dataset Imbalance

Analysis of the curated dataset revealed a pronounced
imbalance in crater availability between the two study regions.
Following manual quality control, 681 crater patches were
identified within Mare Tranquillitatis, whereas only 40 crater
patches were identified within the Tycho Highlands.

This imbalance persisted throughout the training, validation,
and testing subsets despite stratified partitioning. As a result,
the models were exposed to substantially more examples of

mare crater morphology during training than highland crater
morphology.

The Tycho Highlands test subset contained only six crater
samples after dataset partitioning. Consequently, terrain-wise
performance estimates for this subset should be interpreted
with caution and primarily serve as an indicator of general-
ization behavior rather than a statistically robust performance
benchmark.

The consistent failure observed across Optical, DTM,
Early Fusion, and Late Fusion models suggests that terrain-
dependent sample scarcity exerted a stronger influence on
classification performance than the choice of input modality.
In other words, the limitation appears to arise primarily from
insufficient representation of highland crater examples rather
than from deficiencies in the neural network architecture itself.

These findings highlight the importance of terrain-balanced
datasets for future lunar crater detection studies [10][23][24].
Increasing the diversity and quantity of crater samples from
morphologically complex regions may be necessary to achieve
robust generalization across different lunar geological environ-
ments.

E. Limitations and Future Work

Several limitations should be acknowledged.
First, the study considered only two lunar regions, which

may not fully represent the diversity of lunar surface con-
ditions. Future investigations should incorporate additional
mare and highland sites to evaluate model robustness across a
broader range of geological settings.

Second, Only 40 crater samples were identified within the
Tycho Highlands compared to 681 crater samples in Mare
Tranquillitatis. This resulted in severe terrain-specific imbal-
ance. Expanding highland crater annotations would enable a
more rigorous assessment of cross-terrain generalization.

Third, the implemented fusion approaches were intention-
ally lightweight to facilitate controlled comparison between
modalities. More advanced multimodal architectures incorpo-
rating attention mechanisms, dual-branch feature extraction, or
transformer-based fusion may provide improved integration of
optical and topographic information [5][9][20][25][26].

Future work may also investigate one-stage crater detection
frameworks based on modern object detection architectures,
including lightweight YOLO-based approaches, in addition to
transformer and attention-based multimodal fusion strategies
[27].

Finally, the present study focused on binary crater classifica-
tion using fixed-size image patches. Future work could extend
this framework toward crater localization and segmentation,
enabling automated generation of crater inventories from large-
scale lunar datasets.

VI. CONCLUSION

This study investigated the effectiveness of optical imagery,
Digital Terrain Model (DTM) data, and multimodal fusion
strategies for lunar crater classification across two geologically
distinct regions: Mare Tranquillitatis and the Tycho Highlands.
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Four classification approaches were evaluated, including
Optical-only, DTM-only, Early Fusion, and Late Fusion mod-
els. Experimental results demonstrated that DTM-based classi-
fication slightly outperformed optical imagery, while both fu-
sion strategies achieved performance comparable to the DTM
model. The limited improvement obtained through multimodal
fusion suggests that topographic information provides the
dominant discriminative signal for crater classification within
the selected study areas.

Terrain-wise evaluation revealed a substantially more im-
portant finding. While all models achieved reasonable per-
formance within Mare Tranquillitatis, every approach failed
to detect crater samples within the Tycho Highlands subset.
This failure occurred consistently across Optical, DTM, Early
Fusion, and Late Fusion models despite their differing input
modalities and fusion strategies.

Analysis of the curated dataset indicated that this behavior
was strongly associated with terrain-dependent sample imbal-
ance. Following manual quality control, the dataset contained
681 crater patches from Mare Tranquillitatis but only 40
crater patches from the Tycho Highlands. These results suggest
that training data distribution exerted a greater influence on
classification performance than the choice of input modality
or fusion strategy.

Overall, the findings demonstrate that terrain-dependent
generalization remains a significant challenge for automated
lunar crater classification. While multimodal information can
provide complementary observations of crater morphology,
robust cross-terrain performance may depend more strongly
on the availability of diverse and terrain-balanced training
datasets. Future lunar crater detection systems should therefore
emphasize both multimodal data integration and improved
representation of morphologically complex highland environ-
ments.
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