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Abstract

The distribution of iron oxide (FeO) across the lunar surface is a key parameter for recon-
structing the Moon’s geological evolution and evaluating its in situ resource potential for
future exploration. This study applies a spectral-based approach to estimate FeO concentra-
tions using remote sensing reflectance data combined with a Random Forest (RF) regression
model. The model was trained on a dataset comprising 89 lunar samples from the Re-
flectance Experiment Laboratory (RELAB) database, supplemented with compositional
data from Apollo samples available via the Lunar Sample Compendium and reflectance
spectra from the Clementine mission. Spectral data spanning the visible to shortwave
infrared range (415–2780 nm) were analysed, with diagnostic absorption features centred
around 950 nm, typically associated with Fe2+. Model validation was conducted against
FeO estimates from independent nearside locations not included in the training set, as
reported by an external remote sensing study. The trained model was also applied to
produce a new global FeO abundance map, demonstrating strong spatial consistency with
recent high-resolution reference datasets. These results confirm the model’s predictive
accuracy and support the use of legacy multispectral data for large-scale lunar geochemical
mapping. This work highlights the potential of combining machine learning techniques,
such as Random Forest, with remote sensing data to enhance lunar surface composition
analysis, supporting the planning of future exploration and resource utilisation missions.

Keywords: iron oxide (FeO); lunar regolith; random forest regression; clementine mission;
in-situ resource utilization (ISRU)

MSC: 62J02; 86A22; 68T30; 68T05; 62H30

1. Introduction
Iron oxide (FeO) is one of the most significant mineralogical components of the lunar

regolith, providing valuable insights into the Moon’s magmatic history and its potential
for in situ resource utilisation (ISRU) [1,2]. Its distribution across the lunar surface offers a
deeper understanding of the composition of lunar basalts and highland materials, with criti-
cal implications for both scientific exploration and future lunar mining efforts. Unlike Earth,
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where iron oxides are typically found in sulphides or hydrated forms, the lunar regolith is
dominated by iron in oxide form, owing to the Moon’s distinct magmatic evolution and the
absence of water-driven alteration processes [3]. This unique mineralogical composition
makes FeO a key target for resource extraction, particularly for oxygen production and
other vital resources that may support sustained lunar exploration [4].

The remote sensing of lunar iron and titanium oxides has a long history, beginning
with early missions such as that of Charette et al. (1974) [5], which laid the groundwork for
modern spectral inversion techniques.

Traditionally, the characterisation of FeO distribution has relied on sample analyses
from the Apollo missions, which provide precise geochemical data but are inherently
limited in spatial coverage [3,6]. In contrast, remote sensing data from missions like
Clementine offer broader spatial coverage, enabling the estimation of FeO concentrations
across extensive lunar regions [1,2]. Clementine’s imaging capabilities, however, vary in
spatial resolution—ranging from 100–200 m per pixel in some areas to lower resolutions
elsewhere [7,8]. This means that each pixel represents an area much larger than individual
Apollo sampling sites, making direct comparisons between remote sensing and sample-
based analyses challenging. Over the past four decades, substantial progress has been
made in mapping the global distribution of lunar FeO using Clementine multispectral data
and traditional empirical regression techniques [2,9,10]. These methods established the
first high-resolution elemental maps of the lunar surface and remain a cornerstone of lunar
geochemical analysis. Nevertheless, such approaches typically rely on fixed polynomial
relationships between reflectance ratios and FeO abundance, which may not fully capture
the non-linear spectral–geochemical interactions observed across diverse lunar terrains.

This study addresses these limitations by applying advanced statistical learning algo-
rithms—specifically Random Forest (RF) regression models—to estimate FeO concentra-
tions across the lunar surface. We train these models using a comprehensive dataset that
integrates spectral reflectance data from the Reflectance Experiment Laboratory (RELAB)
database [11], geochemical data from Apollo lunar samples via the Lunar Sample Com-
pendium [12], and orbital spectral data from the Clementine mission [13]. The resulting
model was validated against independent FeO estimates from a separate remote sensing
study that focused on diverse nearside environments, including Catharina and Cyrillus
craters [14], providing a robust assessment of the model’s reliability and generalisation
across varied geological settings. This confirmed the model’s strong predictive performance
in estimating FeO concentrations with accuracy. The work contributes to the development
of improved models for lunar exploration and ISRU strategies by offering a highly accurate
and validated approach to FeO distribution mapping. The application of machine learning
to lunar geochemistry is an emerging field [15,16], and this study demonstrates its potential
to refine our understanding of lunar resources, directly supporting future efforts to utilise
these materials in situ as part of a broader strategy for sustainable exploration.

Recent advances in machine learning (ML) have demonstrated the potential of al-
gorithms such as Support Vector Machines (SVMs) and Convolutional Neural Networks
(CNNs) for planetary mineralogical mapping [9,10,17–19]. While these approaches have
achieved promising results, many rely on highly complex models trained on very limited
ground-truth datasets—sometimes fewer than 40 samples. This can limit robustness and
generalisation to broader lunar terrains. Preliminary tests with SVMs in this study showed
that their performance was highly sensitive to kernel choice and regularisation parameters,
resulting in unstable predictions. In contrast, Random Forest regression offers inherent
robustness against overfitting, stable performance on small- to medium-sized datasets,
and improved interpretability through feature importance analysis.
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Moreover, comprehensive cross-mission evaluations—particularly between Clemen-
tine multispectral data and hyperspectral data from Chandrayaan-1 M3—remain limited,
and large-scale assessments across geologically diverse terrains have not been widely
reported. To address this, we developed a Random Forest regression model specifically
tailored to Clementine UVVIS+NIR data, generating a new global FeO map. The model
was quantitatively validated against a state-of-the-art high-resolution FeO dataset and eval-
uated regionally across both basaltic maria and feldspathic highlands, providing a robust
and interpretable methodology for near-global FeO mapping that enhances cross-mission
comparability and supports future exploration and ISRU planning.

The specific objectives of this study are as follows:

1. To develop a Random Forest regression model for predicting lunar FeO abundance
using multispectral Clementine UVVIS+NIR data.

2. To generate a new global FeO abundance map by applying the trained model to
harmonised Clementine mosaics, offering near-global coverage of the lunar surface.

3. To evaluate the model’s predictive performance through quantitative comparisons
with ground-truth measurements, established empirical models [14], and one of the
most recent high-resolution FeO datasets [20].

4. To assess the model’s applicability for large-scale lunar resource assessment and in
situ resource utilisation (ISRU) planning.

2. Materials and Methods
2.1. Data Acquisition
2.1.1. Lunar Sample Data from Apollo Missions

We utilised 89 lunar samples from the Lunar Sample Compendium, selected for their
availability of both geochemical data and corresponding reflectance spectra in the Re-
flectance Experiment Laboratory (RELAB) database. The FeO concentration (CFeO), ex-
pressed in weight percent (wt.%), was determined by X-ray fluorescence (XRF) spectroscopy
under controlled laboratory conditions.

CFeO =
IFeO

Itotal
× 100, (1)

where IFeO is the XRF signal intensity attributed to FeO, and Itotal is the total signal intensity
from all detectable elements.

2.1.2. Clementine Mission Data

Clementine multispectral data (11 bands spanning 415–2780 nm) with variable spatial
resolution (up to 100–200 m/pixel) served dual purposes.

1. Defining the 11 central wavelengths used to extract discrete reflectance values from
RELAB spectra.

2. Providing input reflectance data for spatial FeO prediction and independent validation.

Radiometrically and photometrically corrected data were obtained from the Planetary
Data System (PDS). Spectral reflectance (Rλ) was calculated as

Rλ =
Iλ

Iref
λ

, (2)

where Iλ is the observed intensity at wavelength λ, and Iref
λ is the intensity from a reference

surface (e.g., onboard calibration target) [2].
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2.1.3. Laboratory Reflectance Spectra from RELAB

The 89 Apollo sample spectra (300–2780 nm) were obtained from the Reflectance
Experiment Laboratory (RELAB) database, measured under standard viewing geometry
(incidence angle = 30◦, emission angle = 0◦). These high-quality laboratory measurements
were used directly without additional noise filtering or photometric corrections. To ensure
compatibility with Clementine’s 11-band configuration, the continuous RELAB spectra
were resampled to match the mission’s central wavelengths (415, 750, 950 nm, etc.) using
Gaussian interpolation.

Rlab(λ) =
n

∑
i=1

aie
− (λ−λi)

2

2σ2
i (3)

where λi are Clementine’s band centres and σi their effective bandwidths. This preserved
the diagnostic Fe2+ absorptions near 950 and 1050 nm [2] while ensuring consistency
across datasets.

2.2. Data Integration for FeO Mapping

The reflectance vectors derived from RELAB spectra, sampled at the eleven Clementine
wavelengths, were paired with FeO concentrations measured in Apollo and Luna samples
to construct the training dataset. This structured input enabled the Random Forest (RF)
model to learn the nonlinear relationship between spectral features and FeO content,
leveraging RF’s proven efficacy in handling high-dimensional remote sensing data with
limited training samples [21].

The model was trained using absolute reflectance values at the eleven Clementine
wavelengths. No derived spectral parameters (e.g., band ratios or continuum-removed
features) were used. To examine possible albedo effects, we analysed the correlation
between reflectance at 750 nm—a proxy for brightness—and the model residuals. No
significant dependency was observed, indicating that prediction errors are not dominated
by albedo variations but rather reflect genuine compositional differences.

Only those samples with both RELAB spectra and chemical analysis were included in
the training set. The validation strategy, including additional Apollo and Luna sites lacking
RELAB spectra, is described in Section 2.5.

2.3. Statistical Learning Approach for FeO Prediction
2.3.1. Random Forest Regression

Let
Dn = {(X1, Y1), . . . , (Xn, Yn)} ⊂ X ×R, (4)

where Xi ∈ Rp are feature vectors and Yi ∈ R their responses. These pairs are assumed to be
independent and identically distributed (i.i.d.) draws from an unknown joint distribution
PXY [22,23]. The aim is to estimate the regression function

f (x) = E[Y | X = x]. (5)

Random Forest (RF) is a nonparametric ensemble learning method that builds upon
decision trees to estimate f (x). Each individual tree T(x; Θ,Dn) is constructed using a
bootstrap sample of the training data and incorporates random feature selection at each
split, represented by the random parameter Θ [22,24]. Recent benchmarks suggest that
RF retains superior performance compared to deep learning alternatives in small-sample
regimes, as often encountered in planetary science datasets [25]. A regression tree partitions
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the input space into disjoint regions {R1, . . . , RJ} and predicts using the average response
in each region:

T(x; Θ,Dn) =
J

∑
j=1

ĉj 1(x ∈ Rj), where ĉj =
1

|Rj| ∑
i:Xi∈Rj

Yi. (6)

A Random Forest predictor is obtained by averaging B such randomised trees.

f̂RF(x) =
1
B

B

∑
b=1

T(x; Θb,D(b)
n ), (7)

where each D(b)
n is a bootstrap sample of the training data and Θb captures the randomness

used to construct the b-th tree. This averaging procedure reduces variance and mitigates
overfitting, which is particularly important when working with small datasets [26].

The prediction error of RF can be decomposed into bias and variance:

E[( f̂RF(x)− f (x))2] =
(
E[ f̂RF(x)]− f (x)

)2
+ Var( f̂RF(x)). (8)

Letting σ2 = Var(Tb(x)) and ρ = Corr(Tb(x), Tb′(x)) for b ̸= b′, the variance of the RF
estimator becomes

Var( f̂RF(x)) = ρσ2 +
1 − ρ

B
σ2. (9)

Under suitable regularity conditions (e.g., subsampling rate, increasing tree depth),
Random Forests have been proven to be consistent estimators of f (x) [23,27].

Beyond its theoretical foundations, Random Forest has demonstrated robust empiri-
cal performance in modelling non-linear relationships within high-dimensional spectral
datasets [22]. In our application to lunar FeO estimation, the RF model was trained on
the Apollo dataset (n = 89) using 11 spectral reflectance bands (Rλ1 , . . . , Rλ11). The RF
prediction takes the form

ĈFeO =
1

Ntrees

Ntrees

∑
i=1

Ti(Rλ1 , . . . , Rλ11), (10)

where Ti is the prediction of the i-th tree.
Two domain-specific modifications were introduced to enhance model performance.

• Feature importance weighting: Spectral bands near 950 nm and 1050 nm, associ-
ated with Fe2+ absorptions [2], were prioritised during node splitting, following
interpretability frameworks validated in recent toxicological studies [28].

• Asymmetric error handling: The loss function imposed a greater penalty on overes-
timations than on underestimations, reflecting the greater cost of false positives in
resource exploitation planning.

Furthermore, recent studies have drawn connections between Random Forests and
kernel methods, offering an alternative functional interpretation of the algorithm [23]. Over-
all, Random Forest provides a powerful, interpretable, and robust approach to regression
in remote sensing contexts, particularly when dataset size constraints preclude the use of
more complex architectures [25,26].

2.3.2. Model Training Protocol

The training process incorporated both spectral and geochemical constraints.
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1. Data partitioning: The 89 samples were split into training datasets (70%) and valida-
tion datasets (30%), preserving the original distribution of FeO concentrations (range:
0.5–22 wt.%) across both sets.

2. Error metric selection: The Huber Loss [29] was minimised during training as it
balances sensitivity to outliers (prevalent in heterogeneous lunar samples) with ro-
bustness to small-scale spectral variations.

Lδ(y, ŷ) =

 1
2 (y − ŷ)2 for |y − ŷ| ≤ δ

δ(|y − ŷ| − 1
2 δ) otherwise

(11)

where δ = 1.0 was empirically optimised for lunar FeO predictions.
3. Geochemical sanity checks: Predicted FeO values exceeding the maximum Apollo

sample concentration (22 wt.%) were physically constrained via post-processing.

2.3.3. Model Configuration

The model was implemented in Python (version 3.12.2) using the scikit-learn library
(sklearn.ensemble. RandomForestRegressor), a widely used toolkit for machine learn-
ing across scientific and industrial domains. The Random Forest hyperparameters were
optimised through an exhaustive grid search aimed at minimising the validation error.
The final configuration achieved a balance between model complexity, computational
efficiency, and generalisation performance. It is detailed below:

• n_estimators = 100: Number of decision trees in the forest. Increasing this value typically
improves prediction stability, although at the cost of greater computational demand.

• max_depth = None: Allows trees to grow without limit until all leaves are pure or
contain fewer than the minimum number of samples for a split. This flexibility enables
the model to capture complex and non-linear relationships in the spectral data.

• min_samples_split = 2: The minimum number of samples required to split an internal
node. A low value allows the model to create finely partitioned decision regions, which
is particularly useful when dealing with small datasets or subtle spectral differences.

• min_samples_leaf = 1: Minimum number of samples required to form a leaf node.
Setting this to 1 helps preserve local spectral variability by allowing the model to
capture detailed trends that may appear in individual observations.

This configuration allows the Random Forest model to remain sensitive to subtle
reflectance variations associated with FeO content, particularly in heterogeneous lunar
samples. At the same time, ensemble averaging across the 100 trees effectively reduces
overfitting, thereby enhancing the robustness of the predictions.

Regression ensemble methods such as Random Forest have shown strong performance
in modeling non-linear relationships in other scientific domains. For example, more flexible
ensemble approaches, such as Multivariate Adaptive Regression Splines (MARS), have
been applied successfully to energy systems [30], suggesting their promising utility for
geochemical inference and planetary remote sensing tasks.

2.4. Preliminary Evaluation of Alternative Machine Learning Models

Preliminary experiments were conducted to explore alternative machine learning
algorithms for FeO prediction, including Support Vector Machines (SVMs) with different
kernel functions (linear, polynomial, radial basis function, and sigmoid). These tests aimed
to assess whether more complex models could outperform Random Forest regression given
the available dataset.

The results, summarised in Table 1, show that the SVM models consistently under-
performed relative to Random Forest. Non-linear kernels (polynomial, RBF) exhibited
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high sensitivity to hyperparameter settings and tended to overfit, leading to unstable
predictions and reduced generalisation performance. The linear kernel underfit the data,
leading to reduced accuracy. In contrast, Random Forest demonstrated robust predictive
performance, stable error metrics, and interpretability through feature importance analysis.
Consequently, Random Forest was selected as the primary regression method for the study.

Table 1. Preliminary performance comparison between Random Forest and Support Vector Machines
(SVMs) with different kernels. Metrics are based on cross-validation results.

Model Kernel/Parameters R2 RMSE (wt.%) MAE (wt.%)

Random Forest 100 trees 0.899 1.35 1.08
SVM Linear, C = 1 0.81 1.53 1.15
SVM Polynomial, degree=3, C = 10 0.78 1.64 1.36
SVM RBF, C = 10, γ = 0.1 0.75 1.87 1.53
SVM Sigmoid, default 0.70 2.15 1.88

2.5. Validation Using External Lunar Data (M3 from Chandrayaan-1)

To externally validate the model, reflectance data from the Moon Mineralogy Mapper
(M3) aboard the Chandrayaan-1 mission were employed [31]. The validation focused on
surface locations corresponding to Apollo and Soviet Luna landing sites for which reliable
FeO ground-truth abundances are available. These particular landing site samples were
excluded from the training dataset due to the lack of laboratory reflectance spectra in the
RELAB spectral library, even though their FeO abundances are well-characterised and their
locations are covered by M3.

Following the same methodology applied to Clementine data, reflectance values were
extracted at the eleven central wavelengths employed as input features for the Random
Forest model. These values were obtained at the precise geographic coordinates of the
selected landing sites, allowing for direct comparison between model predictions and
ground-truth FeO concentrations.

The performance of the model was also benchmarked against the approach proposed
by Kumar (2023) [14], who applied several regression-based inversion models—linear,
polynomial, logarithmic, exponential, and power functions—using M3 data to estimate
FeO content. Their methodology, grounded in physically-based modeling and empirical
optimisation, provides a valuable point of comparison as it constitutes a well-established,
non-machine-learning alternative.

Importantly, the validation not only evaluated consistency with known reference
values but also tested the model’s robustness across different remote sensing instruments
and data sources. While the model developed in this study was trained using Clementine
reflectance spectra, the benchmarking against M3-based models enabled a cross-instrument
evaluation of its generalisation capability.

This dual-validation strategy—against both ground-truth data and an independently
published model—provided a comprehensive framework to assess the reliability and oper-
ational applicability of the Random Forest model under realistic lunar exploration conditions.

2.6. Data Limitations and Mitigation Strategies

Three key limitations in the training dataset were identified and addressed.

1. Spatial bias in Apollo samples: The 89 lunar samples used for training originate exclu-
sively from the Moon’s nearside (primarily Mare Imbrium and highland regions [3]),
introducing potential biases when predicting FeO concentrations in unsampled ter-
rains such as farside basalts or polar regions. To mitigate this limitation, we priori-
tised validation sites located in geologically distinct environments (e.g., the Catharina
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Crater highlands). Moreover, the spectral complexity observed in other lunar re-
gions—such as the Chang’e-3 landing site—further underscores the importance of
validating predictive models across geologically heterogeneous terrains [32].

2. Resolution mismatch: Clementine’s spectral resolution (100–200 m/pixel) averages
FeO signatures over areas ∼104–105× larger than Apollo sample spots. While this
limits direct pixel-to-sample comparisons, we

• Excluded mixed-pixel regions (e.g., crater edges) from validation using LROC
NAC images [33].

• Selected homogeneous geological units around each Apollo landing site to reduce
the impact of subpixel heterogeneity.

3. Space weathering effects: Laboratory spectra (RELAB) lack space weathering dynam-
ics (e.g., solar wind irradiation), which alter spectral slopes [34]. We accounted for
this by

• Weighting M3 validation data by optical maturity (OMAT index [2]).
• Excluding fresh ejecta (OMAT > 0.25) from model training.

While these strategies mitigate systematic uncertainties in global FeO predictions, they
do not eliminate them entirely.

Irreducible dataset constraints: The 89 Apollo samples with paired FeO measurements
and RELAB spectra represent the only globally available dataset of their kind as of 2025.
This limitation is intrinsic to lunar exploration: no additional samples with comparable
geochemical–spectral pairing exist, and future missions (e.g., Artemis) will require years to
generate equivalent ground-truth data [35]. To ensure robustness despite this constraint,

• The model was validated exclusively on independent orbital data (Clementine and
M3) from regions outside Apollo sampling sites (e.g., Catharina Crater).

• Feature selection prioritised spectral bands with known physical links to FeO (950 nm,
1050 nm) over purely statistical correlations [2].

While the preceding sections describe the datasets and preprocessing steps, it is
also important to explicitly discuss the methodological limitations of previous lunar FeO
mapping approaches and how the present study addresses them.

Previous approaches to lunar FeO mapping have faced several methodological con-
straints that limit their robustness and applicability. Empirical regression models were
typically calibrated using small, spatially localised ground-truth datasets, making it diffi-
cult to generalise predictions across geologically diverse terrains. More advanced machine
learning algorithms, such as Support Vector Machines and Convolutional Neural Networks,
have been explored in recent studies, but these methods typically require large training
datasets to achieve stable performance and avoid overfitting. In practice, the limited num-
ber of FeO reference samples available for the Moon has led to highly variable predictions
and reduced reliability. Furthermore, few studies have attempted modern cross-mission
validation, and a globally consistent FeO map derived from Clementine multispectral data
has not previously been produced.

The Random Forest regression approach adopted here is specifically designed to over-
come these limitations. By aggregating multiple decision trees, Random Forest mitigates
overfitting and performs well even with relatively small training datasets. Its ensemble
nature enables robust generalisation across different geological terrains while maintaining
interpretability through feature importance analysis. This methodological choice, com-
bined with the near-global coverage of Clementine UVVIS+NIR observations, enables
the generation of a new, validated global FeO abundance map that can be quantitatively
compared with state-of-the-art high-resolution products from other missions.
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3. Results and Validation
This section presents a comprehensive evaluation of the proposed Random Forest

(RF) model for lunar FeO content prediction, in direct comparison with empirical models
proposed by Kumar (2023) [14]. The analysis integrates overall performance metrics, site-
specific accuracies, error distribution characteristics, and insights into the RF model’s
internal feature importance.

Table 2 summarises the key performance metrics for each model: Mean Absolute
Error (MAE), Root Mean Square Error (RMSE), and the Coefficient of Determination (R2).
These metrics quantify the overall accuracy and goodness of fit of each model on the
validation dataset.

Table 2. Comparative performance metrics of FeO prediction models.

Model MAE RMSE R2

Kumar—Linear 0.9197 1.1172 0.9322
Kumar—Poly 0.9009 1.0988 0.9344
Kumar—Long 0.9144 1.1249 0.9313
Kumar—Exp 1.1518 1.3862 0.8956
Kumar—Power 0.9412 1.1414 0.9292
Fernandez—RF 1.0823 1.3596 0.8996

As shown in Table 2, the polynomial and linear empirical models derived by Ku-
mar et al. (2024) [14] demonstrate the highest overall accuracy on this validation set,
with Kumar—Poly achieving the best MAE (0.9009), RMSE (1.0988), and R2 (0.9344). While
competitive with an R2 of 0.8996, our Fernandez—RF model exhibits slightly higher error
metrics (MAE of 1.0823, RMSE of 1.3596) compared to Kumar’s top-performing models.
The exponential model proposed by Kumar shows the weakest performance among all
evaluated models.

To provide a comprehensive overview of the models’ performance at individual sites,
Table 3 presents the actual FeO content, along with the predicted values and corresponding
absolute errors for all evaluated models (Kumar’s empirical models and Fernandez—RF).
This detailed breakdown enables direct comparison of each model’s accuracy across various
lunar landing sites.

The performance of the models was further analyzed across different ranges of actual FeO
concentration to assess consistency in predictive accuracy. Table 4 presents the MAE, RMSE,
and R2 for the Fernandez—RF model and the Kumar—Poly model (as the best-performing
empirical model) within three distinct FeO concentration bins: low (FeO < 8 wt.%), medium
(8 ≤ FeO ≤ 14 wt.%), and high (FeO > 14 wt.%).

Results in Table 4 indicate varying performance across FeO ranges. The Kumar—
Poly model generally shows better accuracy in the low and high FeO concentration bins.
However, our Fernandez—RF model demonstrates superior performance in the medium
FeO range (8 ≤ FeO ≤ 14 wt.%), suggesting robust capability in predicting FeO values
within this critical intermediate range.

Figure 1 illustrates the overall agreement between the actual FeO content and the
predictions generated by our Fernandez—RF model. This parity plot illustrates the model’s
accuracy, predictive linearity, and potential systematic biases or outliers across the range of
FeO values. Ideally, points would cluster along the 1:1 line.

Further insight into the model performance is provided by Figure 2, which displays the
distribution of residuals (actual—predicted values) for the Fernandez—RF model and for
Kumar’s best performing model (Kumar—Poly). Analyzing the spread and symmetry of
residuals indicates the reliability and consistency of the predictions, highlighting tendencies
toward over- or underestimation.
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Table 3. Comparative site-specific predictions and absolute errors for all models.

Site Name FeO Actual Kumar—Linear Kumar—Poly Kumar—Long Kumar—Exp Kumar—Power Fernandez—RF
Pred Abs Err Pred Abs Err Pred Abs Err Pred Abs Err Pred Abs Err Pred Abs Err

Luna16 16.7 16.14 0.56 16.14 0.56 16.92 0.22 15.65 1.05 15.93 0.77 17.09 0.39
AP17LRV6 10.3 10.22 0.08 8.90 1.40 10.91 0.61 9.94 0.36 9.87 0.43 12.69 2.39
AP11 15.8 15.89 0.09 17.22 1.42 14.88 0.92 14.67 1.13 16.63 0.83 15.47 0.33
AP15S8 15.2 15.70 0.50 15.78 0.58 15.01 0.19 14.89 0.31 15.04 0.16 13.46 1.74
AP15S4 16.6 15.74 0.86 16.02 0.58 16.34 0.26 15.22 1.38 16.59 0.01 13.31 3.29
AP15S7 13.9 13.79 0.11 13.35 0.55 13.06 0.84 14.80 0.90 14.88 0.98 12.97 0.93
AP15S6 12.1 11.96 0.14 11.76 0.34 11.89 0.21 11.51 0.59 11.45 0.65 12.19 0.09
AP15S1 16.8 16.29 0.51 14.66 2.14 15.90 0.90 14.47 2.33 15.47 1.33 13.35 3.45
AP15S9 16.9 17.07 0.17 14.60 2.30 15.65 1.25 15.93 0.97 16.48 0.42 14.73 2.17
AP15S2 11.5 11.85 0.35 12.88 1.38 11.71 0.21 12.59 1.09 10.97 0.53 11.71 0.21
AP16S2 5.5 6.00 0.50 5.10 0.40 5.75 0.25 6.22 0.72 5.61 0.11 6.30 0.80
AP16LM 5.6 6.22 0.62 5.72 0.12 5.43 0.17 5.37 0.23 5.30 0.30 6.00 0.40
AP16S9 5.7 6.13 0.43 6.41 0.71 6.55 0.85 6.81 1.11 6.12 0.42 6.37 0.67
AP16S6 6.0 5.50 0.50 5.70 0.30 5.76 0.24 5.86 0.14 6.22 0.22 6.37 0.37
AP16S1 5.4 5.09 0.31 7.03 1.63 5.43 0.03 5.76 0.36 5.42 0.02 6.12 0.72
AP16S8 5.4 5.25 0.15 6.11 0.71 5.22 0.18 5.36 0.04 4.96 0.44 6.36 0.96
AP16S11 4.2 4.94 0.74 4.93 0.73 3.86 0.34 3.99 0.21 4.54 0.34 5.06 0.86
AP17LVR2 13.4 13.01 0.39 13.65 0.25 12.87 0.53 14.16 0.76 13.31 0.09 14.07 0.67
AP17S7 11.6 11.39 0.21 13.49 1.89 11.55 0.05 12.06 0.46 11.36 0.24 13.22 1.62
AP17S8 12.3 11.37 0.93 11.80 0.50 12.69 0.39 12.02 0.28 12.44 0.14 12.96 0.66
AP17LRV9 14.6 15.22 0.62 15.45 0.85 14.05 0.55 13.91 0.69 15.01 0.41 15.59 0.99
AP17S9 15.4 15.45 0.05 15.68 0.28 14.28 1.12 15.04 0.36 14.93 0.47 13.77 1.63
AP17LRV7 14.6 14.21 0.39 12.89 1.71 15.43 0.83 14.39 0.21 14.77 0.17 14.95 0.35
AP17LRV10 11.2 10.97 0.23 10.35 0.85 10.42 0.78 11.35 0.15 11.85 0.65 12.76 1.56
AP17S1 17.8 17.65 0.15 16.38 1.42 17.27 0.53 16.79 1.01 17.43 0.37 16.76 1.04
AP17LRV11 12.7 12.16 0.54 12.65 0.05 13.39 0.69 13.43 0.73 12.59 0.11 13.36 0.66
AP17LRV8 15.7 15.35 0.35 16.16 0.46 15.77 0.07 14.99 0.71 15.21 0.49 16.36 0.66
AP17LM 16.6 16.48 0.12 15.27 1.33 16.67 0.07 15.89 0.71 16.29 0.31 16.35 0.25
AP17LRV12 17.4 17.39 0.01 16.24 1.16 16.78 0.62 16.59 0.81 17.06 0.34 16.52 0.88
AP17S5 17.7 16.89 0.81 15.52 2.18 17.44 0.26 16.87 0.83 17.51 0.19 16.53 1.17
AP17LRV4S2a 8.5 8.27 0.23 9.19 0.69 8.42 0.08 8.76 0.26 8.01 0.49 6.98 1.52
AP17S2 8.7 7.97 0.73 8.51 0.19 8.92 0.22 9.47 0.77 9.07 0.37 6.47 2.23
AP17LRV5 9.8 9.53 0.27 9.22 0.58 9.26 0.54 9.69 0.11 9.94 0.14 10.16 0.36
AP17S3 8.7 8.16 0.54 8.31 0.39 8.59 0.11 8.99 0.29 8.65 0.05 7.93 0.77

Table 4. Performance metrics by FeO concentration bins (wt.%).

FeO Bin Model MAE RMSE R2

<8 wt.% Fernandez—RF 1.082 1.347 0.669
Kumar—Poly 0.781 0.916 0.840

8 ≤ FeO ≤ 14 wt.% Fernandez—RF 0.985 1.201 0.817
Kumar—Poly 1.139 1.488 0.725

>14 wt.% Fernandez—RF 1.157 1.527 0.825
Kumar—Poly 0.875 1.077 0.923

The distribution of residuals was further examined through a plot of residuals versus
predicted values for the Fernandez—RF model (Figure 3). This diagnostic plot helps
identify patterns in the errors across the prediction range, such as heteroscedasticity or
systematic biases that might not be evident from overall metrics alone. Ideally, residuals
should be randomly scattered around zero, indicating a well-fitted model.
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Figure 1. Parity plot of actual FeO content versus predicted FeO content by the Fernandez—RF model
on the validation dataset. The diagonal dashed line represents perfect agreement (1:1 line).

Figure 2. Box plots of residuals (actual FeO—predicted FeO) for the Fernandez—RF model and
Kumar—Poly model. The plots illustrate the spread and central tendency of prediction errors for
each model.

Finally, to understand the internal mechanisms of the Fernandez—RF model, Figure 4
illustrates the relative importance of each of the 11 Clementine-equivalent spectral wave-
lengths used as input features. This provides insight into which wavelengths contribute
most significantly to the model’s FeO predictions.
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Figure 3. Residuals (actual FeO—predicted FeO) versus predicted FeO content for the Fernandez—RF
model. This plot helps identify patterns in the error distribution across the range of predictions.

Figure 4. Relative importance of the input spectral wavelengths used by the Fernandez—RF model.
The wavelengths are L950 (0.207), L1000 (0.187), L1100 (0.147), L900 (0.139), L2000 (0.083), L1250
(0.076), L2780 (0.050), L1500 (0.039), L2600 (0.029), L750 (0.023), L415 (0.021).

3.1. Global FeO Map and Comparison with State-of-the-Art Datasets

A global map of FeO abundance was generated by applying the trained Random
Forest (RF) regression model to a harmonised multispectral mosaic of the lunar surface.
The input dataset was created by combining the Moon Clementine UVVIS 5-Band Warped
Image Mosaic. Ref. [36] , radiometrically and geometrically controlled and photometrically
normalised, with the Moon Clementine NIR Standard Calibration Mosaic (ISIS format,
50 m/pixel resolution). The UVVIS mosaic (200 m/pixel resolution; five bands: 415, 750,
900, 950, and 1000 nm) was reprojected and co-registered with the NIR mosaic to produce
a unified global image containing eleven spectral bands. The resulting dataset covers
latitudes from 70° S to 70° N and longitudes from −180° to +180° at 500 m/pixel spatial
resolution, enabling pixel-by-pixel prediction of FeO content across the lunar nearside
and farside.

The RF-predicted FeO abundance map (Figure 5) captures the large-scale composi-
tional variations in the lunar surface, including the high FeO concentrations characteristic
of mare basalts and the low FeO content of the highlands. To quantitatively assess its
consistency with contemporary reference products, the predictions were compared with the
global FeO map recently published by Zhang et al. (2023) [20] (see Figure 6) . This reference
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dataset was constructed by fusing Chang’E-5 geochemical analyses with KAGUYA Multi-
band Imager (MI) observations at 59 m/pixel resolution, providing one of the most detailed
FeO distributions currently available. Both maps were projected onto a common equirect-
angular grid prior to comparison, accounting for differences in native spatial resolution
and map projection.

Figure 5. Global FeO abundance map predicted by Random Forest (RF), showing mare–highland
contrasts (0–20 wt.% FeO).

Figure 6. Global FeO abundance map (wt.%) generated from the data provided by Zhang et al. [20]
and shared on Zenodo (DOI: https://doi.org/10.5281/zenodo.7263425), derived from Chang’E-5
samples and KAGUYA MI data at 59 m/pixel resolution. Color scale indicates FeO concentrations
ranging from 0–25 wt.%.

The comparison shows a strong overall agreement between the RF predictions and the
Zhang et al. dataset. Pixel-wise statistical analysis yielded a Root Mean Square Error (RMSE)
of 1.97 wt.%, a Coefficient of Determination (R²) of 0.83, and a mean bias of 0.06 wt.%. Visual
inspection of the two maps further reveals consistent spatial patterns of FeO enrichment and
depletion across major lunar geological units. Residual discrepancies may partially reflect
persistent artifacts from the original high-resolution KAGUYA MI mosaic [37], with minor
additional effects introduced during reprojection and resampling procedures.

https://doi.org/10.5281/zenodo.7263425
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3.2. Local Geological Comparisons

The predictive performance of the Random Forest (RF) model was further assessed
across several geologically diverse lunar regions. The analysis included four basaltic
maria (Mare Crisium, Mare Serenitatis, Oceanus Procellarum, and Mare Nectaris), two
highland mountain ranges (Montes Taurus and Montes Haemus), and a valley region
(Taurus–Littrow), encompassing a broad range of lunar geological terrains.

Quantitative comparison metrics (RMSE, R2, and mean bias) for all seven regions are
reported in (Table 5). The results demonstrate that the RF-based FeO abundance estimates
are consistently close to the reference dataset by Zhang et al. (2023) [20], with RMSE values
typically around 1–2 wt.% and R2 values above 0.80 in all areas.

Table 5. Model validation statistics by region.

Region RMSE (wt.%) R2 Bias (wt.%)

Mare Crisium 0.96 0.87 0.17
Mare Serenitatis 1.62 0.89 −0.66
Oceanus Procellarum 1.95 0.84 −0.63
Mare Nectaris 1.13 0.85 0.54
Taurus–Littrow Valley 1.77 0.80 −0.73
Montes Taurus 2.50 0.89 −0.88
Montes Haemus 1.58 0.84 −0.87

For visual inspection, three representative regions were selected for detailed analysis
(Figures 7–9). These regions—Mare Serenitatis (a basaltic mare), Oceanus Procellarum (a
geologically and compositionally more complex mare), and Montes Haemus (a feldspathic
highland terrain)—were chosen to demonstrate the model’s performance across diverse
geological settings.

Figure 7. Comparison of FeO abundance maps for the Mare Serenitatis region, a basaltic mare.
The figure shows the RF-predicted FeO abundance (left), the high-resolution Zhang et al. (2023) [20]
map (middle) , and the absolute difference (right).

For each selected region, the Random Forest (RF) predicted FeO abundance (left panel),
the high-resolution FeO map (middle panel) [20], and the absolute difference between the
two datasets (right panel) are presented.

In all three examples, the RF predictions capture both large-scale compositional pat-
terns and the finer geological structures observed in the high-resolution Zhang et al. dataset.
Strong agreement with the reference dataset is shown in the mare basins (Mare Serenitatis:
RMSE = 1.62 wt.%, R2 = 0.89, Bias = −0.66; Oceanus Procellarum: RMSE = 1.95 wt.%,
R2 = 0.84, Bias = −0.63). Even in challenging highland regions such as Montes Haemus,
where spectral mixing and topographic effects are more pronounced, the RF model main-
tains robust predictive accuracy (RMSE = 1.58 wt.%, R2 = 0.84), illustrating its reliability in
low-FeO regions.
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Figure 8. Comparison of FeO abundance maps for the Oceanus Procellarum region, a vast and
compositionally complex mare. The RF-predicted FeO abundance (left), the Zhang et al. (2023) [20]
map (middle), and the absolute difference (right).

Figure 9. Comparison of FeO abundance maps for the Montes Haemus region, a representative
feldspathic highland terrain. The RF-predicted FeO abundance (left), the Zhang et al. (2023) [20] map
(middle), and the absolute difference (right).

4. Discussion
The analysis demonstrates that a Random Forest (RF) regression model can accurately

predict FeO abundance from multispectral Clementine data with high spatial coverage.
In addition to validation against models based on Moon Mineralogy Mapper (M3) data [14],
a global FeO abundance map was generated by applying the RF model to harmonised
Clementine UVVIS and NIR mosaics. This approach illustrates the capability of statistical
learning techniques to exploit multispectral datasets of moderate spectral resolution for
large-scale lunar geochemical mapping.

The RF-predicted global FeO map (Figure 5) shows strong consistency with one
of the most recent and advanced FeO datasets, published by Zhang et al. (2023) [20]
which integrates Chang’E-5 geochemical analyses with KAGUYA Multiband Imager (MI)
observations (Figure 6). A pixel-by-pixel comparison yielded a Root Mean Square Error
(RMSE) of 1.97 wt.%, a Coefficient of Determination (R2) of 0.83, and a negligible mean
bias of 0.06 wt.%. Visual comparison confirms that both datasets capture similar FeO
enrichment patterns in basaltic maria and depletion in feldspathic highlands. Residual
differences can be partly attributed to noise introduced during the processing of high-
resolution KAGUYA MI mosaics (Ohtake et al., 2008) [37], as well as to reprojection artefacts
introduced during resampling. These findings indicate that the RF model achieves an
accuracy comparable to modern high-resolution reference products while relying solely on
Clementine multispectral observations.

Regional analyses conducted across geologically diverse terrains (Table 5) indicate
that the RF model generalises effectively across various lunar environments. Basaltic
mare basins, such as Mare Crisium (RMSE = 0.96 wt.%, R2 = 0.87) and Mare Nectaris
(RMSE = 1.13 wt.%, R2 = 0.85), were reproduced with high fidelity. Even in highland
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regions such as Montes Haemus (RMSE = 1.58 wt.%, R2 = 0.84), and in rugged terrains
like the Taurus–Littrow Valley, where spectral mixing and topographic effects are more
pronounced, the model maintained reliable predictive performance. Figures 7–9 illustrate
examples of these regional comparisons, highlighting how the RF approach preserves
spatial accuracy across both maria and highlands, from regional to global scales.

Table 2 shows that the polynomial regression model by Kumar et al. (2024) achieves the
lowest MAE and RMSE, along with the highest R2, confirming its robust predictive capabil-
ity for FeO. The Random Forest model yields a competitive R2 of 0.8996, albeit with slightly
higher overall error metrics. However, a detailed site-specific examination (Table 3) reveals
variable accuracies across lunar landing sites, underscoring the importance of evaluating
models beyond aggregated metrics. For instance, at Luna16, the RF model’s prediction
(17.09 wt.%) is closer to the actual value (16.7 wt.%) than that of Kumar—Poly’s (16.14 wt.%)
despite the latter’s higher overall R2. Conversely, at AP17LRV6, Kumar—Poly (8.90 wt.%)
is considerably closer to the actual value (10.3 wt.%) than RF (12.69 wt.%), highlighting
localised strengths and weaknesses. These discrepancies highlight the complex nature of
spectral signatures and the varying sensitivity of different models to specific geochemical
contexts. Bin-wise performance analysis (Table 4) further reveals that the RF model pro-
vides enhanced accuracy in the intermediate FeO concentration range (8 ≤ FeO ≤ 14 wt.%),
which is particularly valuable for identifying regions with moderate FeO content that may
serve as optimal targets for ISRU applications.

Visual diagnostics further corroborate these quantitative findings. The parity plot
(Figure 1) for the RF model displays a clear clustering of predicted values along the 1:1
line, indicating a good overall fit despite minor scatter consistent with the reported error
metrics. The residual distributions (Figure 2) indicate that, although the RF model exhibits
slightly wider residual spread compared to Kumar’s polynomial model, both models
maintain a central tendency near zero, suggesting the absence of pronounced systematic
bias. Additionally, the residuals-versus-predicted plot (Figure 3) confirms a largely ran-
dom distribution of errors around zero, with no evidence of notable heteroscedasticity or
systematic trends that could compromise the model’s general applicability.

Furthermore, the feature-importance analysis (Figure 4) offers valuable insights into
the model’s dependence on specific Clementine wavelengths, particularly L950, L1000,
L1100, and L900. These bands are known to be sensitive to ferrous-iron absorption features,
confirming the physical basis of the Random Forest model’s predictive capacity and its
ability to capture meaningful geochemical relationships from a limited set of spectral
inputs. This observationaligns with earlier studies on ferrous-iron spectral features in lunar
materials [5]. Future improvements in interpretability could be achieved by applying SHAP
analysis [38], which would quantify the marginal contribution of each spectral feature to
individual predictions.

Regarding dataset characteristics, the Clementine UVVIS+NIR mission provided near-
global coverage of the lunar surface, albeit with only 11 discrete spectral bands (5 in UVVIS:
415, 750, 900, 950, and 1000 nm and 6 in NIR: 1100, 1250, 1500, 2000, 2600, and 2780 nm) [2],
at spatial resolutions of approximately 100–500 m per pixel. This relatively sparse spectral
sampling, although seemingly a limitation, is effectively mitigated by the Random Forest
algorithm’s capacity to model complex, non-linear relationships. Consequently, competitive
predictive performance is achieved with fewer input variables, maximising the utility of
Clementine’s unique near-global spatial coverage. By contrast, empirical models based on
Moon Mineralogy Mapper (M3) data [31] provide higher spectral resolution (86 contiguous
bands) and finer spatial detail (70–140 m per pixel) but lack complete global coverage.

The choice of Random Forest over other machine learning techniques is further
supported by its capacity to deliver accuracy comparable to modern high-resolution ap-
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proaches [20] while maintaining robustness against overfitting in a data-limited context.
Unlike deep neural networks, which require extensive training data and computational re-
sources, Random Forest performs effectively with the limited number of lunar ground-truth
FeO measurements available. This balance between model complexity and generalisation
capability is particularly advantageous for planetary datasets characterised by sparse in
situ sampling and legacy multispectral observations.

An intrinsic limitation of the Clementine dataset is its inability to differentiate between
different oxidation states of iron (Fe2+ vs. Fe3+), as its spectral bands (415–1000 nm) lack
the spectral resolution needed to isolate diagnostic Fe2O3 absorption features at 530 nm
and 860 nm [39]. This limitation constrains the model’s ability to account for oxidised
iron phases, such as hematite, which have been detected at high lunar latitudes [39].
Nevertheless, more than 90% of lunar iron occurs as FeO under reducing conditions [3],
and Clementine’s band centres (e.g., 750/950 nm) preferentially detect Fe2+ in silicates [2].
Future research could incorporate hyperspectral datasets (e.g., M3’s 86 narrow bands) to
resolve Fe3+ absorption signatures at 530 and 860 nm, thereby enhancing oxidation state
mapping [31].

The application of statistical learning techniques to lunar mineralogical mapping is
well established and has been successfully demonstrated across multiple datasets. Similar
approaches have been successfully applied to Chang’e mission data [40,41] and M3 observa-
tions, as in the study by Zhang et al. (2023) [20], which estimated FeO and TiO2 abundances.
Neural network-based models, such as back-propagation neural networks (BPNNs), have
also been employed to derive FeO and TiO2 distributions from Chang’e data [40], further
illustrating the versatility of machine learning approaches in lunar geochemistry. Ad-
ditionally, global mineral distribution maps derived from Chang’e-1 observations have
demonstrated the feasibility of learning-based techniques for extrapolating FeO estimates
across geologically diverse regions [10].

Overall, these findings highlight the capability of Random Forest regression to effi-
ciently capture complex spectral relationships and to produce accurate, spatially consistent
mineralogical maps of the Moon. By leveraging legacy multispectral datasets such as
Clementine, the model achieves accuracy comparable to hyperspectral methods while
enabling comprehensive planetary coverage. This offers a validated methodology for lunar
FeO mapping, with implications not only for scientific investigation but also for future
in-situ resource utilisation (ISRU) planning. In particular, regions with intermediate FeO
concentrations (8–14 wt.%) identified by the model may serve as promising candidates
for oxygen extraction via the reduction of ilmenite (FeTiO3), a well-established ISRU path-
way [42,43]. Similarly, FeO-rich basalts are of interest for sintering-based construction as
well as for metal extraction processes [44]. Thus, the generated FeO maps contribute to the
preliminary identification and prioritisation of potential ISRU sites across the lunar surface.

5. Conclusions
This study has developed and evaluated a Random Forest (RF) regression model for

predicting lunar FeO concentrations from Clementine UVVIS+NIR spectral data. The model
was benchmarked against established empirical approaches based on Chandrayaan-1
Moon Mineralogy Mapper (M3) data [14], showing competitive predictive accuracy with
an overall R2 of 0.8996 and particular strength in the medium FeO concentration range
(8–14 wt.%).

Applying the trained model to harmonised Clementine mosaics, a new global FeO
abundance map was generated. Comparison with one of the most recent and advanced FeO
datasets [20], which combines Chang’E-5 geochemical analyses with KAGUYA Multiband
Imager observations, showed strong agreement (RMSE = 1.97 wt.%, R2 = 0.83, negligible
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mean bias). This validates the capability of the RF approach to produce spatially consistent,
high-fidelity geochemical maps from legacy multispectral datasets. Regional analyses
further confirmed that the model generalises effectively across geologically diverse envi-
ronments, reproducing FeO distributions in both basaltic maria and feldspathic highlands
with high fidelity.

The use of Clementine data, providing near-global spatial coverage (100–500 m/pixel),
offers distinct advantages for large-scale lunar exploration and in situ resource utilisation
(ISRU) planning. The resulting global FeO map is uniquely suited for the following:

• Comprehensive Resource Assessment: Identifying promising ISRU regions across
the entire lunar surface, free from the spatial constraints of targeted missions.

• Strategic Mission Planning: Supporting the selection of landing sites and operational
regions for long-term exploration and resource extraction activities.

• Complementary Mapping: Providing a broad, planetary-scale context that comple-
ments higher-resolution, spectrally rich datasets such as M3, enabling hierarchical
approaches to resource prospecting.

This research highlights the increasing potential of statistical learning methods to
improve the accuracy and scalability of planetary mineralogical mapping. As spectral
datasets from current and future missions accumulate, machine learning models such as
Random Forest can be deployed to process these data products rapidly and efficiently,
supporting both scientific investigation and surface operations. Future work should explore
data fusion strategies that combine Clementine’s global coverage with the finer spectral
detail of M3 or other advanced sensors to achieve globally generalisable yet locally precise
models. Additionally, upcoming missions such as Artemis III are expected to deliver new
in situ measurements, providing valuable ground truth for further refining and validating
spectral models [35].

In conclusion, this study validates Random Forest regression as a robust methodology
for lunar FeO mapping, showing that accurate and spatially consistent mineralogical maps
can be generated from legacy multispectral datasets. These findings have implications for
future lunar exploration, ISRU planning, and the broader application of statistical learning
techniques to planetary geochemical analysis across the solar system.
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