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Machine learning algorithms and lithological interpretation based on remote sensing play
a crucial role in regional geological studies; however, expert interpretation by experienced
geologists remains irreplaceable. This study employs multispectral Sentinel-2 and hyperspectral
PRISMA satellite data to evaluate lithological mapping of the Remeshk—Mokhtarabad ophiolitic
complex located in the northern Makran, southeastern Iran. The research focuses on integrating
remote sensing technologies with machine learning algorithms to enhance geological mapping
accuracy and to support ficld-based investigations. Selection of optimal input features for
classifiers is considered a key objective of this study. To this end, various image enhancement
techniques, including spectral analysis, band combinations and ratios, principal component
analysis, color ratio composites, and minimum noise fraction transformation, were applied.
Subsequently, machine learning algorithms, specifically neural networks, support vector
machines, and k-nearest neighbors were applied for classification. Accuracy assessment based
on overall accuracy and the kappa coefficient indicates that the object-based approach applied
to multispectral Sentinel-2 imagery produces more homogeneous maps with higher accuracy,
whereas the pixel-based approach yields better performance for hyperspectral PRISMA data.
The results demonstrate that the combined use of Sentinel-2 and PRISMA data provides a

powerful tool for lithological mapping in ophiolitic complexes.

1. Introduction

Geological maps at various scales provide a two-dimensional
representation of the distribution of different lithological units
and their structural components within a defined geographic area.
In recent decades, advances in the acquisition and processing of
hyperspectral and multispectral satellite data have significantly

improved the ability to accurately identify geological features and

mineral compositions. Machine learning algorithms, employed
for pattern recognition and classification of data into lithological
units, offer improved speed and accuracy compared to traditional
methods (Gad and Kusky, 2007; Ge et al., 2018b; Rajan Girija and
Mayappan, 2019; Shayeganpour et al., 2021; El-Omairi and El
Garouani, 2023; Ghoneim et al., 2024). Techniques such as spectral
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analysis, band ratio, and principal component analysis are applied to
extract spectral features and reduce data dimensionality. PRISMA
satellite data, with their broader spectral coverage and higher
signal-to-noise ratio, are more effective for precise lithological
mapping than Sentinel-2 data (Chen et al., 2007; Harris et al., 2010;
Leverington, 2010; Li et al., 2014; Shebl et al., 2023). Therefore,
a primary objective of this study is to evaluate the potential of
PRISMA satellite data for mapping ophiolitic lithologies.

In recent years, object-based classification has gained prominence,
providing more accurate results with high-resolution satellite imagery
(Shayeganpour et al., 2021; Ouchra et al., 2022). This approach is
well-suited for medium- to high-resolution satellite data and serves
as an effective alternative to pixel-based methods (Baatz, 2000; Benz
et al., 2004). In this study, we evaluate pixel-based and object-based
classification methods, integrated with machine learning algorithms
(neural networks (NN), support vector machines (SVM), and
k-nearest neighbors (kNN), for mapping the Remeshk-Mokhtarabad
ophiolitic complex in northern Makran, southeastern Iran.

It is evident that artificial intelligence models serve as powerful
tools for geologists; however, expert interpretation by experienced
geologists remains irreplaceable. Within this framework, validation
of the results should be conducted in two stages, including
model-based evaluation using artificial intelligence methods and
subsequent review by a geologist. This step is of critical importance,
as the inherent complexity of geological phenomena may lead to
errors or ambiguities in the interpretation of complex structures
by the models. Ultimately, the integration of the computational
capabilities of artificial intelligence models with the domain
expertise of geologists facilitates the production of more accurate
and reliable lithological maps.

The Remeshk—Mokhtarabad ophiolitic complex in the northern
Makran, SE Iran, comprises the plutonic Remeshk Complex
overlain by volcanic—sedimentary units of the Mokhtarabad
Complex. The ophiolitic succession includes ultramafic rocks,
gabbro, plagiogranite, a sheeted dyke complex, pillow lavas, pelagic
limestone, radiolarian chert, and the Deyader metamorphic complex
(McCall, 1985; Hunziker, 2014; Moslempour et al., 2015), (Fig. 1).
Regionally, the northern Makran is separated from the inner Makran
by the Bashakerd thrust (Burg et al., 2012). The Makran Basin
consists of two major geological domains: (1) pre-middle Paleocene
to Paleogene units, restricted to the northern side of the Bashakerd
fault, and (2) Neogene—Quaternary deposits (McCall, 1985, 2003).

2. Research methodology

In this study, multispectral datasets from Sentinel-2 and
hyperspectral datasets from PRISMA satellites were utilized.
Image preprocessing and processing were conducted using
ENVI 5.6, ArcGIS 10.8.2, Geomatica 2020, and eCognition 9.01
software packages. The workflow diagram (Fig. 2) illustrates
the comprehensive methodological framework employed in this
research. Detailed descriptions of each step, including the datasets
used, methodologies, preprocessing procedures, algorithms, and
software, are presented separately and comprehensively in the
following sections of the article.

2.1. Data and data preprocessing

The Sentinel-2 Level-2A and PRISMA Level-2D datasets were
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preprocessed using ENVI 5.6. Preprocessing steps included
geometric co-registration and radiometric normalization. In the
next step, to spatially harmonize the Sentinel-2 data, the 20-m
bands were resampled to 10-m resolution using the nearest-
neighbor method. This approach minimizes changes in reflectance
values by avoiding any spatial averaging or spectral interpolation.
Consequently, the spectral analysis for mineral mapping remains
based on the original spectral information, without applying any
spectral normalization that could modify diagnostic absorption
features. The resampling was performed solely during the data-
preparation stage for machine-learning algorithms, ensuring
consistent spatial dimensions among model inputs for lithological
classification. Spectral regions affected by atmospheric water
absorption and sensor-induced striping in PRISMA data were
excluded. The MNF transformation was applied to reduce noise
and correct smile effects.

3. Results

3.1. Data processing and feature extraction

Accurate extraction of input features is essential for reliable
classification (Pal and Foody, 2010). This study emphasized the
selection of representative training and testing datasets and optimizing
input variables for the chosen classification algorithms. To achieve
this, a suite of image processing techniques was applied to Sentinel-2
and PRISMA datasets to enhance lithological discrimination and
provide robust inputs for classification. The primary objective was to
delineate the search area, thereby reducing the cost and time required
for field surveys(Rajan Girija and Mayappan, 2019).

A comprehensive set of methods, including spectral analysis of
rocks and minerals, Decorrelation Stretch (DS), Principal Component
Analysis (PCA), Minimum Noise Fraction (MNF) Transform, Band
Combinations (BC), Color Ratio Composites (CRC), and Band
Ratios (BR), was implemented. The outputs were utilized both
visually, through RGB composites, and quantitatively as inputs
for classification algorithms (Figs. 4-6). For spectral analysis,
electromagnetic signatures of lithological units and rock-forming
minerals in the study area were extracted from calibrated Sentinel-2
and PRISMA data and cross-referenced with established spectral
libraries (e.g., JHU) (Fig. 3). These absorption and reflectance spectral
features were then incorporated into the classification framework. The
DS technique was applied to selected Sentinel-2 bands (RGB: 12, 3,
2) to enhance contrast and minimize inter-band correlation, thereby
improving visual discrimination (Fig. 4). PCA was employed to reduce
dimensionality and mitigate radiometric redundancy. For Sentinel-2
data, the first three principal components (PC1, PC2, and PC3)
accounted for over 95% of the variance, while for PRISMA data, they
explained more than 90% of the variance (Fig. 6). These components
provided superior lithological discrimination compared to the original
bands. False Color Composites (FCC) derived from both datasets
effectively delineated lithological boundaries (Figs. 4 and 5). The BR
and CRC techniques were particularly effective in enhancing spectral
contrasts among basalt, gabbro, and meta-basalt by minimizing
topographic and illumination effects. Additionally, the MNF transform
was applied to both Sentinel-2 and PRISMA datasets to reduce
noise and correct for the smile effect, thereby enhancing spectral
information relevant to geological mapping (Boardman et al., 1995).
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3.2. Training and testing data selection

Geological maps at 1:100,000 and 1:250,000 scales were used as
reference sources for selecting the training and testing datasets.
Due to the lithological complexity of the ophiolitic assemblage,
representative samples were selected using the remote-sensing
techniques described in Section 4, together with geological maps,
previous studies (Hunziker, 2014; Hunziker et al., 2015; Saccani et
al.,2022,2023; Hajimohammadi et al., 2025), and field observations
of key units. Sentinel-2 and PRISMA datasets, with their differing
spatial resolutions and spectral coverage, provided complementary
data for analysis. Endmember spectra were extracted to validate
regions of interest (ROI). The dataset was divided into 80% training
and 20% testing subsets, which served as inputs for SVM, NN, and
kNN classification algorithms.

3.3. Classification results

This study evaluates the performance of SVM, NN, and kNN
for lithological mapping of the Remeshk-Mokhtarabad ophiolite
complex using Sentinel-2 and PRISMA imagery. Both pixel-based
image analysis (PBIA) and object-based image analysis (OBIA)
approaches were implemented using ENVI 5.6 and eCognition
9.01. Classification accuracy depends significantly on data quality,
quantity, and algorithm suitability.

In PBIA, individual pixels were classified based on their spectral
similarity to reference lithological units. NN and SVM were
applied with optimized parameters, using representative training
samples and spectral features. In OBIA, images were segmented
into homogeneous objects based on spectral, spatial, and textural
features, followed by classification using SVM and kNN (k=5).
This approach enhanced the contextual recognition of subtle
lithological variations.

The NN algorithm employs input, hidden, and output layers, with
node weights iteratively adjusted to optimize performance. SVM
separates classes by constructing a hyperplane that maximizes the
margin between classes, effectively handling complex and noisy
multispectral and hyperspectral data. kNN assigns class labels
based on the proximity of test samples to training samples in feature
space. The integrated PBIA and OBIA framework, utilizing NN,
SVM, and kNN, demonstrated robust lithological discrimination.
These findings highlight the critical role of algorithm selection,
parameter optimization, and the combined use of pixel- and object-
based approaches in achieving accurate lithological mapping
in complex ophiolite terrains. The results of applying machine-
learning algorithms reveal a clear difference in their ability to
discriminate lithological units within the ophiolitic complex (Fig. 7).

4. Discussion

Three machine learning algorithms SVM, NN, and kNN were
implemented using PBIA and OBIA to identify major lithological
units, including basalt, meta-basalt, blueschist, gabbro, peridotite,
and sedimentary rocks. The classified images of the Remeshk—
Mokhtarabad ophiolitic complex were evaluated to ensure the
reliability of the results. Random sampling of testing data was first
performed across different lithological units, and the outcomes were
compared with geological maps and field observations. Accuracy
assessment, including overall accuracy, the Kappa coefficient, and
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the Fl-score, was conducted for both classification approaches
using confusion matrices ((Congalton, 1991); see Tables 1-3, Figs.
9 and 10). Additionally, the agreement between PBIA and OBIA
classification results was analyzed to evaluate the lithological
validity of each classifier output.

OBIA outperformed PBIA, yielding clearer lithological
boundaries and higher accuracy due to its integration of spectral,
textural, and spatial features. SVM with OBIA achieved the highest
performance (overall accuracy: 90.99%, kappa: 0.90), followed by
kNN (overall accuracy: 89.47%, kappa: 0.8863). PBIA with SVM
on PRISMA data also produced robust results (overall accuracy:
87.83%, kappa: 0.8682), whereas NN on Sentinel-2 performed
poorly (overall accuracy: ~47%, kappa: 0.43), likely due to its
simplistic architecture. The Fl-score, which balances precision
and recall, indicated consistent performance in OBIA models but
variable performance in PBIA models, particularly with imbalanced
datasets.

Producer’s accuracy (equivalent to recall) demonstrated that
OBIA models (SVM and kNN) excelled in identifying lithological
units such as limestone, plagiogranite, and Quaternary sediments
(approaching 100%), while PBIA struggled with complex units
like layered gabbro and meta-basalt. Spectral similarities and
differences in data resolution, particularly between PRISMA
and Sentinel-2, contributed to classification errors. OBIA’s
incorporation of textural and geometric features proved superior for
distinguishing spectrally similar lithological units, highlighting the
importance of careful parameter tuning and training data selection
in PBIA models.

The integration of Sentinel-2 multispectral and PRISMA
hyperspectral data, in combination with band ratios (BR) and
principal component analysis (PCA), enabled effective mapping
of ophiolitic lithologies and vegetation. While Sentinel-2 provided
superior spatial resolution and facilitated vegetation delineation, it
struggled to discriminate spectrally similar rock units. In contrast, the
high spectral resolution of PRISMA improved mineral differentiation.
Object-based image analysis (OBIA), through the incorporation
of spatial and textural information, further enhanced classification
accuracy, outperforming traditional pixel-based approaches.

5. Conclusion

Lithological mapping of the Remeshk-Mokhtarabad ophiolite
complex using Sentinel-2 and PRISMA datasets with SVM, NN,
and kNN algorithms demonstrated distinct performance outcomes.
PBIA with SVM, excelled with PRISMA hyperspectral data,
while OBIA with SVM and kNN, outperformed in distinguishing
complex lithological units using Sentinel-2 multispectral data.
The CRC technique enhanced the differentiation of intricate rock
units. Sentinel-2 and PRISMA datasets complemented each other,
with PRISMA providing superior spectral resolution for mineral
discrimination and Sentinel-2 offering enhanced spatial resolution
for detailed mapping of ophiolitic rocks and vegetation. Challenges
such as atmospheric noise and vegetation cover may affect
classification accuracy, and field spectroscopy is recommended for
further validation. Field spectrometry can provide accurate spectral
signatures of lithological units and serve as reference data to
enhance the training of machine-learning classification algorithms.
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Figure 1. Geological and geographical location of the Remeshk—Mokhtarabad ophiolite complex, Northern Makran,
SE Iran, a) The major structural zones of Iran and distribution of the principal ophiolitic belts (shown in green): North
Makran Ophiolitic Belt (NMOC), Kermanshah (KM), Nain (NA), Neyriz (NY), Sabzevar (SB), Shahre-Babak (SHB),
Tchehel Kureh (TH), Khoy (KH), Baft (BF), Iranshahr (IR), Esphandagheh (ES), Mashhad (MS). The red box indicates
the location of the study area, b) Simplified geological—structural map of the study area (red box), illustrating the main
lithological units. The map is compiled from the 1:100,000 geological maps of Ramak and Fannuj (Eftekhar-Nezhad
et al., 1979; Samimi Namin and Hajizadeh Kabir, 1982), and the 1:250,000 Fannuj geological map (Eftekhar-Nezhad
et al., 1979), published by the Geological Survey of Iran.
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Figure 2. Workflow diagram summarizing the methodology of this study.
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Figure 3. JHU spectral library reference spectra resampled to a) PRISMA hyperspectral data (nanometers)

and b) Sentinel-2 multispectral data (micrometers), for the principal lithological units of the Remeshk—

Mokhtarabad ophiolitic complex.
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Sentinel 2. RGB:B11/B12.B11/B8.B4/B2
s9100E
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Sentinel 2, BR:BI12/B3 —_— = = Sentinel 2, DS:B12,B3,B2

DS) Kewranl
Figure 4. Sentinel-2 image processing results; a and b) Band combination (BC), ¢ and d) Color ratio composite (CRC),
e) Band ratio (BR), f) Decorrelation stretch (DS).
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Figure 5. PRISMA image processing results; a—b) Band combination (BC), c¢) Color ratio composite (CRC), d) Band
ratio (BR).
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Figure 6. False-color composites, (FCC) of principal component (PC) bands derived from principal component analysis

(PCA): a-b) processed Sentinel-2 images, c—d) processed PRISMA images.
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Figure 7. Results of machine learning classification; Pixel-based approach, a) NN algorithm, b) SVM algorithm
applied to Sentinel-2 images, and e) SVM algorithm applied to PRISMA images; Object-based approach, ¢c) SVM, d)

kNN algorithms applied to Sentinel-2 images.
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Table 1. Accuracy assessment results and Kappa coefficients for pixel-based and object-based classification methods.

Satellite Data Classification Method and Algorithm Overall Accuracy Kappa Coefficient
NN (Pixel-Based) 46/96% 0/4339
SVM (Pixel-Based) 47/27% 0/4299
Sentinel 2
SVM (Object-Based) 90/99% 0/9016
kNN (Object-Based) 89/47% 0/8863
PRISMA SVM (Pixel-Based) 87/82% 0/8682

(gt aid gladas (63,57 p amglin 5 IS 4 WIS (slaslnn (63,57 Jebos =Y Jsa

Table 2. Estimated analysis of class-wise metrics and comparative assessment of classification models.

Sentinel 2 PRISMA
Overall Metric - - - - -
NN (Pixel-Based)  SVM (Pixel-Based) SVM (Object-Based) kNN (Object-Based) | SVM (Pixel-Based)
Class-wise Accuracy Many to Medium Low High to Complete High to Complete High to Complete
Number of Problematic Classes Many Many Few Few Few
Error-free Classes Few Very Few Many Many Many
Approx. Mean F1-score 0.55-0.45 0.55-0.40 0.95-0.85 0.93-0.85 0.9-0.85

1)

sl Jde Sler 58 55 (Ko doly a6l odliS A 85 A3 g T sl

Table 3. Producer’s accuracy (%) for each lithological unit across the four classification models.

Producer’s Accuracy (%)
Sentinel 2 PRISMA

Class

kNN SVM NN SVM SVM

(Object-Based) (Object-Based) (Pixel-Based) (Pixel-Based) (Pixel-Based)

Q 100 100 100 57.77 95.53
Q! 94.78 94.78 - 52.02 42.06
Qv 100 100 - - 95.42
piee 53.77 53.77 - - 78.29
Q! 58.49 58.49 - 50.31 95.21
Peridotite 86.13 97.47 50.83 92.58 94.07
Blueschist 71.79 71.79 72.36 41.31 87.75
Limestone 100 99.79 97.71 67.71 97.62
Serpentinite 77.56 100 77.56 77.56 -
Plagiogranite 100 100 69.67 - 98.02
Diabase dykes 100 100 0.89 12.06 94.01
Layered gabbro 68.85 68.85 15.13 26.58 -
Metabasalt rocks 73.02 73.02 74.01 66.24 76.84
Radiolarian chert 73.99 69.66 17.24 61.12 -
Sandstone, shale and siltstone (E*) 100 100 4.65 28.68 89.28
Hornblende gabbro and gabbro 100 100 24.48 4.88 73.19
Leucogabbro and anorthositic rock 62.29 100 62.29 94.89 87.82
Metabasalt rocks and metasediments 94.03 94.03 17.86 22.45 83.16
Slate, phyllonite and minor quartzite (dy5) 35.95 35.95 26.25 35.95 -
Basalt pillow lava, chert and sheeted dykes 94.7 93.36 46.4 62.75 -




95-v9q :(I)l"; ol uo] Pole/yl 50 g 530202l swbld/ ... puiblo (5 uS5L sl ygSIl 5 S IS 60 b wliud Siuw (515 oouids Sgags

5 BAVFY) YU Sl JS S o5 4l 3 S0, LKNN Jute Lo o 5 % /A YU Hls S B al 5 S5, LSVM
By sl dbe pl 3)ls 5 OLL s Sles (IMSY) 65 LS oo odasOlis &S 540 ndds pled om0 s s Shes o e (4 /80) 031G 6 LK
¢ Jads) a4l &_YL ‘_;.L:Aj..}p ol S gd o ;.:fj £ s 4‘.’L-’;J‘i’,)§‘.’))l'f A-L>_v..aQ&A‘SL&;‘E)Qwu&wdubb}iw):uﬂ})&i‘jﬁduj

(A gl S

odd 333 Hlw Gluazb Cow SVM Jubs 55 5 4l » slaesls .S 5 .l

Overall Accuracy Comparison
100/00%
90/00% 87/83% 90/99% 89/47%
80/00%
70/00%
60/00%
50/00% 46/96% 47127%
40/00%
30/00%
20/00%
10/00%
0/00% « ! '
Sentinel 2, NN Sentinel 2, SVM PRISMA, SVM Sentinel 2, SVM Sentinel 2, kNN
Pixel-Based Pixel-Based Pixel-Based Object-Based Object-Based
(ENVI software) (ENVI software) (ENVI software) (eCognition software) (eCognition software)

LoT S S (gl jlne duslis L;"asuv.a): ol Sl eslanl b ganaab S35 SL5HI-A Jg,:,

Figure 8. Evaluation of classification accuracy using confusion matrices and comparison of

overall accuracy metrics.
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Figure 9. Evaluation of classification accuracy using confusion matrices and comparison of

Kappa coefficients.
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Figure 10. Assessment and comparison of producer’s accuracy for each lithological unit across the classification models.
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