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ABSTRACT 
Lithological discrimination in humid tropical islands remains constrained by dense vegetation, deep weathering, regolith cover, 
mixed pixels, and discontinuous bedrock exposure, which collectively weaken diagnostic spectral responses. This study 
evaluates the capability and limitations of Landsat-9 OLI-2 for island-scale lithological discrimination in Langkawi Island, 
Malaysia, using an interpretable optical-only workflow. Atmospherically corrected Landsat-9 imagery was processed through 
false-color composites, Optimum Index Factor (OIF)-based band selection, band-ratio enhancement, Principal Component 
Analysis (PCA), Normalized Difference Vegetation Index (NDVI), Jeffries–Matusita separability analysis, and Maximum 
Likelihood Classification (MLC). The resulting MLC lithological map was assessed pixel-by-pixel against a published geological 
map; consequently, the reported statistics represent map-derived agreement rather than independent field-validated 
lithological accuracy. Results show that the OIF-selected RGB 6-5-2 composite, selected band-ratio combinations, and PCA 
enhanced broad contrasts among Quaternary Alluvium, granitic terrain, and carbonate-bearing formations. The MLC 
classification achieved an overall map-derived agreement of 51.72% and a kappa coefficient of 0.4177. Qal, Cm-SS/Sh/Md, and 
OS-Ls/SS showed relatively stronger agreement, whereas PT-Ls/Mb, DP-St/Md, and Tr-Gr were more affected by spectral 
overlap and class confusion. NDVI-stratified assessment further confirmed that vegetation cover influences classification 
performance, with low-vegetation areas producing higher agreement than moderate-vegetation areas. This study establishes a 
reproducible full-island baseline for evaluating optical multispectral lithological mapping under humid tropical conditions. 
These findings demonstrate that Landsat-9 OLI-2 can support reconnaissance-level lithological discrimination in humid tropical 
islands but remains insufficient for precise formation-level mapping without field validation and integration with SAR, DEM-
derived, or higher-resolution spectral datasets. 
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1. INTRODUCTION 

Lithological mapping in humid tropical regions remains a 
persistent challenge in geological remote sensing 
because dense vegetation, deep weathering profiles, 
heterogeneous regolith, soil moisture, and discontinuous 
rock exposure often obscure the diagnostic spectral 
response of bedrock. In such environments, satellite 
sensors rarely record the spectral signal of fresh lithology 
alone; instead, the recorded reflectance commonly 
represents mixed responses from vegetation, weathered 
materials, surficial deposits, anthropogenic surfaces, and 
exposed rock fragments. This problem is particularly 
acute on tropical islands, where rugged topography, 
coastal sediments, karstic terrains, granitic bodies, clastic 
successions, and alluvial deposits occur within relatively 
small spatial domains. Consequently, lithological 
boundaries in satellite imagery are frequently transitional, 
spectrally mixed, and difficult to separate using optical 
data alone. Despite these limitations, remote sensing 
remains indispensable for regional geological mapping, 
especially in areas where field access is constrained by 
vegetation density, terrain complexity, cost, and logistical 
limitations [1]–[4]. 

Among available Earth observation datasets, 
Landsat imagery continues to play an important role in 
geological and lithological applications because of its 
long-term data continuity, global coverage, open 
accessibility, and moderate spatial and spectral 
resolutions, which are suitable for regional-scale 
mapping. Landsat-9 OLI-2 provides multispectral 
information in the visible, near-infrared, and shortwave-
infrared regions, which are relevant for detecting broad 
differences in iron-bearing minerals, clay-rich materials, 
carbonate-bearing surfaces, vegetation cover, and 
moisture conditions. Its 30 m multispectral resolution and 
improved radiometric resolution also make it suitable for 
baseline lithological assessment at the regional scale [5]–
[8]. However, the usefulness of Landsat-based lithological 
discrimination is strongly conditioned by environmental 
context. In arid and semi-arid regions, exposed rock 
surfaces often produce clearer lithological contrasts, 
whereas in humid tropical landscapes, spectral 
separability is reduced by vegetation canopy, lateritic 
weathering, soil development, regolith cover, and mixed 
pixels [9]–[11]. 

Recent developments in lithological remote sensing 
increasingly emphasize multi-source data fusion and 
machine-learning classification to overcome the 
limitations of single-sensor optical imagery. Sentinel-2 
data have been integrated with airborne gamma-ray 
spectrometric variables and Support Vector Machine 
classification to improve lithological separation in 
complex terrains [12], [13]. DEM-derived topographic 
variables have also been combined with Sentinel-2 
imagery to enhance lithological classification where 
terrain morphology contributes to rock-unit separability 
[14]. More recent studies have further demonstrated the 

potential of optical–radar fusion, hyperspectral–
multispectral comparison, automatic sample generation, 
and ensemble or deep-learning classifiers for rapid 
lithological mapping at broader spatial scales [15]–[18]. 
These developments indicate that high-confidence 
lithological mapping in complex landscapes increasingly 
relies on integrating spectral, topographic, geophysical, 
textural, and machine-learning information. 

Nevertheless, classical optical enhancement and 
classification techniques remain scientifically relevant, 
particularly when the research objective is not to 
maximize classification accuracy through complex 
modelling, but to establish an interpretable and 
reproducible baseline. False-color composites can 
provide first-order visual separation of major surface 
materials; band ratios can enhance relative spectral 
differences and reduce illumination effects; Principal 
Component Analysis can compress redundant spectral 
information and highlight dominant variance structures; 
the Optimum Index Factor can support objective band 
selection; and Maximum Likelihood Classification 
remains a conventional benchmark for supervised 
multispectral classification. These methods are 
transparent, computationally efficient, and easier to 
interpret than many machine-learning models, making 
them useful for evaluating the minimum performance that 
can be expected from Landsat-9 OLI-2 alone [8], [11], [19], 
[20]. In this study, these classical methods are therefore 
not positioned as alternatives to contemporary machine-
learning or multi-source approaches, but as a necessary 
baseline for assessing the realistic capability and 
limitations of optical multispectral data under dense 
tropical vegetation. 

Langkawi Island, located in northwestern Peninsular 
Malaysia, provides a suitable and challenging test site for 
this purpose. The island contains a diverse assemblage of 
sedimentary, carbonate, granitic, and surficial units, and 
is characterized by persistent tropical vegetation cover 
and complex terrain. Previous studies in the Langkawi 
archipelago have shown that multispectral imagery and 
band-ratio techniques can support lithological 
interpretation, particularly in the Dayang Bunting and 
Tuba Islands, where limestone, marble, granite, and 
alluvial units can be visually enhanced using selected 
Landsat band combinations [2], [21]. However, those 
studies were spatially limited and did not evaluate the 
performance of classical Landsat-based methods across 
the whole of Langkawi Island. Extending the analysis to 
the island scale introduces additional complexity, 
including greater lithological heterogeneity, more 
continuous vegetation cover, stronger spectral mixing, 
broader transitions between carbonate, clastic, granitic, 
and alluvial units, and increased uncertainty in matching 
satellite-derived classes with published geological 
boundaries. 

This study addresses that gap by developing a full-
island, map-derived quantitative baseline for evaluating 
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Landsat-9 OLI-2 lithological discrimination in a densely 
vegetated tropical island environment. NDVI analysis 
indicates that dense vegetation covers 76.90% of 
Langkawi Island, while moderate-to-dense vegetation 
accounts for 92.82% of the mapped area. Under these 
conditions, Landsat-9 OLI-2 reflectance should be 
interpreted as a mixed surface response rather than a 
direct lithological signal. Consequently, evaluating the 
agreement between satellite-derived lithological classes 
and the published geological map is important not only for 
measuring classification performance but also for 
identifying the specific lithological confusions caused by 
vegetation cover, tropical weathering, mixed pixels, 
spatial resolution and reference-map uncertainty. 

Therefore, this study aims to establish a full-island, 
map-derived quantitative baseline for evaluating the 
applicability and limitations of Landsat-9 OLI-2 in 
lithological discrimination on Langkawi Island. The 
specific objectives are to: (1) evaluate the capability of 
classical Landsat-9 OLI-2 enhancement techniques, 
including false-color composites, OIF-based band 
selection, band-ratio composites, and PCA, to enhance 
major lithological contrasts; (2) assess the map-derived 
agreement between the MLC-derived lithological 
classification and the published geological map; (3) 
examine how NDVI-defined vegetation-cover classes 
influence lithological agreement; and (4) identify the 
dominant lithological class confusions and interpret their 
possible causes in relation to vegetation cover, tropical 
weathering, mixed pixels, Landsat spatial resolution, and 
reference-map uncertainty. 
 

 

2. LITERATURE BACKGROUND 

Remote-sensing-based lithological mapping has long 
relied on optical multispectral imagery because visible, 
near-infrared, and short-wave infrared bands can capture 
surface reflectance variations related to mineral 
composition, weathering products, soil cover, moisture 
conditions, and geomorphological expression. Landsat 
data remain widely used in geological applications 
because they are freely available, spatially continuous, 
and suitable for regional-scale lithological interpretation. 
Recent Landsat- and ASTER-based studies show that 
image enhancement and classification techniques can 
support lithological discrimination in different geological 
settings [10], [22]. In the Langkawi archipelago, previous 
work demonstrated the usefulness of multispectral band-
ratio techniques for enhancing lithological contrasts in 
selected local areas [2], [21]. 

Classical multispectral techniques remain relevant 
because they are interpretable, computationally simple, 
and easy to reproduce. Band ratios and PCA are frequently 
used to enhance lithological contrasts and reduce 
spectral redundancy before classification [8], [10], [22]. 
OIF provides a statistical basis for selecting informative 
three-band combinations by considering information 

content and inter-band redundancy; although originally 
proposed by Chavez et al. [20], it continues to be used 
together with FCC, band ratioing, PCA, and MNF in 
lithological mapping workflows [23]. MLC remains useful 
as a benchmark classifier because it allows the baseline 
separability of lithological classes to be evaluated and 
compared with more advanced classifiers such as SVM 
[22], [24]. These methods are therefore suitable when the 
objective is to establish a transparent Landsat-based 
baseline rather than to develop an optimized machine-
learning classification model. 

However, optical-only lithological mapping has 
important limitations in humid tropical and vegetation-
covered regions. Dense vegetation, weathered regolith, 
soil cover, topographic shadow, and mixed pixels can 
weaken or mask bedrock-related spectral responses. This 
issue is particularly relevant to Langkawi Island, where 
sedimentary, carbonate, granitic, and alluvial units occur 
under persistent tropical vegetation cover. Recent studies 
indicate that classification performance and class-level 
separability are strongly influenced by spectral overlap 
among lithological units and by the availability of 
independent validation evidence [7], [12], [14], further 
emphasized that vegetation-covered regions remain 
among the most difficult environments for lithological 
mapping because vegetation and surface materials can 
obscure diagnostic spectral information, while Chen et al. 
[16] showed that lithological mapping in high-vegetation 
areas can benefit from integrating optical imagery with 
Sentinel-1 SAR and DEM data. 

Recent studies have increasingly adopted multi-
source data fusion and machine-learning approaches to 
address these limitations. Shebl et al. [26] integrated 
Sentinel-2 imagery with gamma-ray spectrometric data 
and SVM classification, showing that combining optical 
reflectance with geophysical information can improve 
lithological discrimination in complex terrains. Shebl et al. 
[14] demonstrated that DEM-derived variables can 
improve Sentinel-2-based lithological mapping by 
incorporating terrain-related information. Optical-radar 
fusion has also become an important direction, as radar 
data can provide structural and surface-roughness 
information complementary to optical reflectance, as 
shown in recent studies using both optical and radar data 
for geological and lithological mapping [18]. In addition, 
machine-learning models such as Random Forest, SVM, 
gradient boosting, extreme gradient boosting, and 
artificial neural networks have increasingly been used to 
model non-linear relationships among spectral, 
topographic, textural, and geological variables [15], [17], 
[27]. More broadly, intelligent lithological mapping is 
moving toward artificial intelligence, multi-source 
geospatial data fusion, cloud computing, uncertainty 
quantification, and model interpretability [28]. 

Although these recent studies demonstrate the 
advantages of multi-source data and machine-learning 
approaches, they also highlight the need for simpler, more 
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interpretable baseline assessments. For Langkawi Island, 
previous studies have mainly examined localized areas of 
the archipelago rather than the whole island [2], [21]. As 
a result, it remains unclear how well classical Landsat-
based methods perform at the full-island scale, where 
lithological heterogeneity, vegetation cover, weathering, 
mixed pixels, and transitional boundaries are more 
pronounced. The present study, therefore, does not seek 
to replace optical-radar-DEM fusion or machine-learning 
methods. Instead, it provides a full-island Landsat-9 OLI-
2 baseline for identifying which lithological units are 
broadly separable, which units remain confused, and 
which environmental factors limit classification 
performance in a humid tropical island setting. 

In humid tropical lithological mapping, classification 
performance is controlled not only by bedrock 
composition but also by the surface materials that 
dominate the sensor signal. Dense vegetation can mask 
lithological reflectance; regolith and weathered soils can 
produce secondary spectral responses that differ from 
those of fresh bedrock; and mixed pixels at 30 m 
resolution often contain vegetation, soil, rock fragments, 
and anthropogenic surfaces simultaneously. Therefore, 
spectral separability in Landsat imagery should be 
interpreted as the separability of surface expressions 
associated with lithological units rather than the direct 
separability of bedrock lithology itself. 

Taken together, previous studies can be organized 
into four methodological directions relevant to the 
present study. First, image-enhancement methods such 
as FCC, band ratios, OIF, and PCA are useful for 
highlighting broad spectral and surface-material 
contrasts, but they do not independently validate 

lithological boundaries. Second, supervised classifiers 
such as MLC, SVM, and RF assign pixels to lithological 
classes, but their reliability depends on training samples, 
class separability, surface heterogeneity, and assessment 
design. 

Third, multi-source approaches using Sentinel-1 SAR, 
DEM-derived variables, gamma-ray data, or higher-
resolution optical imagery can improve lithological 
discrimination by adding structural, terrain, or 
geophysical information beyond optical reflectance. 
Fourth, assessment strategies differ substantially: 
independent field validation provides stronger evidence of 
lithological accuracy, whereas comparison with an 
existing geological map provides map-derived agreement. 
The present study is positioned within this framework as a 
transparent optical-only baseline assessment that 
evaluates Landsat-9 OLI-2 enhancement capability, MLC-
based map-derived agreement, NDVI-related surface-
cover effects, and major class confusion under humid 
tropical vegetation conditions. 

 
 

3. GEOLOGICAL SETTINGS 

The Langkawi Archipelago, situated in the Andaman Sea 
off the northwestern coast of Peninsular Malaysia, 
comprises 104 islands, approximately 30 km west of Perlis 
and 112 km north of Penang (Figure 1). This archipelago 
is geologically significant because it exposes one of 
Malaysia’s oldest and most complete Paleozoic 
sedimentary successions, making it a key reference area 
for reconstructing the stratigraphic and tectonic 
evolution of northwestern Peninsular Malaysia [29]–[31]. 

 

 

Figure 1. The Langkawi study area is located in the northwestern part of Peninsular Malaysia. 
 
Langkawi Island is underlain by a heterogeneous 
lithological framework comprising Paleozoic sedimentary 
successions, Mesozoic granitic intrusions, and 

Quaternary unconsolidated deposits (Figure 2). The 
sedimentary succession ranges from Cambrian to Triassic 
age and records a transition from siliciclastic deposition 
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to carbonate-platform development and glacial-marine 
sedimentation under varied paleogeographic and 
paleoclimatic conditions [31]–[34]. This lithological 
diversity is further complicated by the emplacement of 
granitic bodies and the accumulation of younger alluvial 
deposits, which together shape the geomorphological and 
spectral complexity of the study area. 
 

 
Figure 2. Geological map of Langkawi Island showing the 

distribution of its varied rock formations [35]. 

The main geological units exposed in Langkawi comprise 
the Machinchang Formation, Setul Formation, Singa 
Formation, Chuping Formation, Gunung Raya Granite, and 
Quaternary Alluvium [35]. These units respectively 
represent sandstone–shale–mudstone assemblages, 
carbonate and carbonate-clastic formations, dark 
siltstone–mudstone successions, intrusive granitic 
terrain, and unconsolidated surficial deposits [29], [30]. 
Such lithological variation provides an important 
geological basis for evaluating surface reflectance 
patterns and lithological discrimination using 
multispectral remote-sensing data. 

These lithological units provide the geological 
framework for interpreting Landsat-derived spectral 
responses because rock composition, mineralogy, 
weathering intensity, geomorphological expression, and 
vegetation cover jointly control surface reflectance. 
However, lithological separability cannot be inferred from 
bedrock type alone, particularly in humid tropical 
environments where dense vegetation, regolith 
development, soil moisture, and mixed pixels frequently 
obscure primary lithological signals [36], [37]. Therefore, 
Table 1 summarizes the main lithological units in 
Langkawi and their expected remote-sensing relevance, 
serving as a basis for interpreting Landsat 9 OLI-2 outputs. 

 

 
Table 1. Langkawi lithology descriptions. 

No Stratigraphic Formation Lithology description Remote-sensing relevance 

1 Machinchang Formation 
(Cambrian) Cm-SS/Sh/Md 

Sandstone, shale, and 
mudstone 

Textural variation may be visible in exposed or sparsely 
vegetated areas, but spectral overlap may occur under 
vegetation and in weathered areas. 

2 Setul Formation 
(Ordovician to Silurian) OS-Ls/SS 

Limestone and sandstone Carbonate-clastic composition may show SWIR-related contrast, 
but can overlap with other carbonate-bearing units. 

3 Singa Formation 
(Devonian to Permian) DP-St/Md 

Dark siltstone and mudstone Fine-grained dark lithology may be difficult to separate due to 
soil, regolith, and vegetation cover. 

4 Chuping Formation 
(Permian to Triassic) PT-Ls/Mb 

Thin limestone, sometimes 
transformed into marble 

Carbonate-bearing surfaces may be spectrally similar to OS-
Ls/SS under weathering and vegetation cover. 

5 Gunung Raya Granite 
(Triassic) Tr-Gr 

Granite (intrusive, 
tectonically uplifted) 

Granitic terrain may be influenced by upland topography, 
vegetation, and weathered granitic regolith. 

6 Alluvium 
(Quaternary) Qal 

Unconsolidated Alluvium Lowland and coastal settings may support detection, but 
confusion with exposed soil, agriculture, and weathered 
materials is possible. 

Note. Cm = Cambrian, O = Ordovician, S = Silurian, D = Devonian, P = Permian, T = Triassic, Q = Quaternary, SS = Sandstone, Sh = Shale, Md = Mudstone, 
Ls = Limestone, St = Siltstone, Mb = Marble, Gr = Granite, al = Alluvium. 

 
From a multispectral perspective, Quaternary Alluvium is 
expected to be relatively more distinguishable because its 
lowland and coastal distribution contrasts with the 
upland bedrock terrain. Granitic areas may also be 
identifiable through their combined geomorphological 
expression, topographic position, and weathered regolith 
characteristics, although vegetation cover can reduce 
direct spectral contrast. In contrast, carbonate-bearing 
units such as the Setul and Chuping formations may 
produce responses similar to those of shortwave-infrared 

reflectance under weathered or vegetated conditions. In 
contrast, fine-grained clastic units such as the Singa 
Formation may show weak separability due to their low 
albedo and frequent association with soil, shadow, and 
vegetation. Consequently, Landsat 9 OLI-2 is considered 
more appropriate for broad lithological-domain 
discrimination than for precise formation-level separation 
in the humid tropical setting of Langkawi [38]–[40]. 
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4. MATERIALS AND METHODS 

4.1. Satellite Data 

This study used two Landsat-9 OLI-2/TIRS-2 scenes 
acquired from the United States Geological Survey (USGS) 
to cover the Langkawi Island study area. The images were 
acquired on 7 December 2021 and 15 January 2022, 
respectively. Both datasets are Level-1 terrain-corrected 
products with high geometric quality. For lithological 
analysis, this study used the reflective Landsat-9 OLI-2 
multispectral Bands 1-7, which cover the coastal/aerosol, 
visible, near-infrared, and short-wave infrared regions at 
30 m spatial resolution (Table 2). Bands 8-11 were not 
used because the panchromatic, cirrus, and thermal 
bands were not required for the multispectral lithological 
enhancement and classification procedures applied in 
this study. 

The two scenes were acquired approximately six 
weeks apart. Although this short interval reduced 
seasonal differences, potential variations in vegetation 
greenness, surface moisture, tidal conditions, 
illumination geometry, and atmospheric conditions could 
not be eliminated. To minimize these effects, both scenes 
were processed using the same radiometric calibration 
and atmospheric correction workflow prior to mosaicking. 
After atmospheric correction, the mosaic was visually 
inspected to identify obvious radiometric discontinuities 
across scene boundaries and adjacent stable areas. No 
major discontinuity was observed that would prevent its 
use for island-scale lithological interpretation. Because 
independent field spectral measurements were not 
available, the final mosaic was used to establish a map-
derived baseline rather than to produce a field-validated 
lithological map.

 
Table 2. Landsat 9 data band ranges and spatial resolution. 

Band Band Description 
Wavelength 
Range (μm) 

Spatial 
Resolution (m) 

Band Band Description 
Wavelength 
Range (μm) 

Spatial 
Resolution (m) 

1 Coastal/Aerosol 0.43 - 0.45 30 Band 7 Short infrared 2.10 - 2.29  30 

2 Visible blue 0.45 - 0.51 30 Band 8 Panchromatic 0.50 - 0.67 15 

3 Visible green 0.53 - 0.59 30 Band 9 Cirrus 1.36 - 1.38 30 

4 Visible red 0.63 - 0.67 30 Band 10 Thermal infrared 10.60 - 11.19 100 

5 Near-infrared 0.85 - 0.87 30 Band 11 Thermal infrared 11.50 - 12.51 100 

6 Short infrared 1.56 - 1.65 30     

 
Table 3. Landsat-9 scenes used in this study 

Scene ID Acquisition date Path/Row Processing level Cloud Cover (%) 

LC91280562021341LGN01 07/12/2021 128/056 Level-1 TP 6.7% 

LC91290552022015LGN02 15/01/2022 129/055 Level-1 TP 0.05% 

 
4.2. Pre-processing 

The Landsat-9 OLI-2 scenes used in this study were Level-
1 terrain-corrected products obtained from the United 
States Geological Survey. These products had already 
undergone systematic radiometric and geometric 
processing, including precision and terrain corrections to 
improve geometric accuracy. Therefore, the pre-
processing in this study focused on radiometric 
calibration, atmospheric correction, layer stacking, 
mosaicking, and sub-setting. Similar pre-processing 
workflows, including radiometric calibration, 
atmospheric correction, surface-reflectance generation, 
band stacking, and image enhancement, have been widely 
adopted in Landsat-based geological and lithological 
mapping studies [41], [42]. 

In ENVI 5.3, the Landsat-9 OLI-2 scenes were 
radiometrically calibrated from digital numbers to at-
sensor radiance and atmospherically corrected to surface 
reflectance using the FLAASH module. The Tropical 
atmospheric model was selected to represent the humid 
equatorial conditions of Langkawi Island. 

After atmospheric correction, the OLI-2 bands used 
for lithological analysis were stacked. Because two 
adjacent Landsat-9 scenes covered Langkawi Island, the 
corrected scenes were mosaicked after atmospheric 
correction to reduce radiometric inconsistency between 
scenes and then clipped to the Langkawi Island boundary. 
Obvious cloud- and shadow-affected areas were visually 
checked during image preparation and interpretation. 
Because the selected scenes had low cloud cover, no 
extensive cloud-masking procedure was required for the 
main lithological analysis. The mosaic was also visually 
inspected along scene boundaries and adjacent stable 
surfaces to identify any obvious radiometric discontinuity. 
No major discontinuity was observed that would prevent 
the use of the mosaic for island-scale lithological 
interpretation. 

The processed surface-reflectance dataset was 
subsequently used for NDVI calculation, false-color 
composite generation, band-ratio analysis, OIF 
calculation, PCA, and MLC-supervised classification. The 
overall workflow is shown in Figure 3. 
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Figure 3. Integrated methodological and conceptual framework for Landsat-9 OLI-2-based lithological discrimination in Langkawi 
Island. 

 

 

Figure 4. NDVI-derived land-cover classification of the study area. (a) Spatial distribution of water and vegetation classes based on 
NDVI thresholds. (b) NDVI histogram showing the class separation thresholds at 0.478 and 0.712. 

 
To characterize the surface-cover context of the study 
area, a Normalized Difference Vegetation Index (NDVI) 
image was generated from atmospherically corrected 
Landsat-9 OLI-2 data using Bands 5 (near-infrared) and 4 
(red), following the standard formula [43].  

In Equation (1), NDVI denotes the Normalized 
Difference Vegetation Index, whereas NIR and Red refer to 
the reflectance values of the near-infrared and red 
spectral bands, respectively. In Landsat 8 imagery, these 
bands correspond to Band 5 and Band 4. NDVI values 
range from -1 to +1, with higher positive values indicating 
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dense vegetation, near-zero values representing bare 
surfaces or exposed rocks, and negative values commonly 
associated with water bodies or non-vegetated features. 
 

NDVI=
(NIR − Red)

(NIR + Red)
 (1) 

 
The NDVI image was used to describe the surface-

cover context of Langkawi Island rather than as an 
independent land-cover classification product. Based on 
the NDVI histogram, image patterns, and general surface-
cover characteristics, water pixels were excluded and the 
remaining land pixels were grouped into low-, moderate-, 
and dense-vegetation classes using thresholds of 0.478 
and 0.712 (Figure 4). 

These classes were used as generalized vegetation-
cover strata. Low-vegetation areas may include exposed 
soil, regolith, agricultural surfaces, settlement margins, 
and sparsely vegetated lithological surfaces. In contrast, 
moderate-vegetation areas may contain mixed pixels 
composed of vegetation, soil, weathered materials, and 
anthropogenic surfaces. Therefore, the NDVI-stratified 
analysis was used to evaluate general vegetation-related 
effects on map-derived lithological agreement rather than 
treating vegetation as the sole controlling factor. 

To further examine the influence of vegetation cover 
on map-derived lithological agreement, an NDVI-
stratified agreement assessment was conducted. Water 
pixels were excluded from the lithological agreement 
assessment. The MLC classification map and the 
reference geological map were first converted to a 
common lithological code system. A binary agreement 
raster was generated, with pixels having matching 
lithological codes assigned a value of 1 and mismatched 
pixels assigned a value of 0. The mean agreement raster 
value within each NDVI class was multiplied by 100 to 
obtain map-derived agreement (%). 
 
4.3. Band Ratio (BR)   

Band ratioing is a widely used multispectral enhancement 
technique for lithological discrimination because it 
emphasizes relative spectral differences between surface 
materials while reducing the effects of illumination, 
topographic shading, and other scene-dependent 
variations [44], [45]. In geological applications, it is 
particularly useful for enhancing broad lithological 
contrasts and improving the visual separability of major 
rock units [11].  

In this study, two band-ratio combinations, (5/3, 6/4, 
5/4) and (2/3, 2/5, 2/6), were selected based on previous 
lithological remote-sensing studies in the Langkawi 
archipelago and comparable multispectral geological 
applications [2], [21]. Therefore, the purpose was not to 
optimize all possible band-ratio combinations, but to 
evaluate whether previously reported ratio schemes 
remain useful when applied to a full-island Landsat-9 OLI-
2 baseline assessment. 

These combinations include visible, near-infrared, 
and shortwave-infrared bands, which are relevant to 
vegetation condition, surface moisture, weathered 
materials, clay-bearing surfaces, carbonate-bearing 
formations, and silica-rich or clastic lithological 
expressions. Therefore, the ratio images were interpreted 
as regional lithological enhancement products rather 
than as direct diagnostic evidence of bedrock lithology. 
 
4.4. Optimum Index Factor (OIF) 

OIF was used to identify the most informative three-band 
combination for generating false-color composites, 
following Chavez et al. [20]. Higher OIF values indicate 
greater information content and lower redundancy [46]. 
OIF values were calculated for all possible three-band 
combinations of the Landsat-9 imagery in ILWIS, and the 
highest-ranked combination was selected for visual 
lithological interpretation. The optimal combination for 
the study area was RGB 6-5-2. 
 
4.5. Principal Component Analysis (PCA)  

Principal Component Analysis (PCA) is a widely used 
multivariate technique in remote sensing that transforms 
correlated spectral bands into a new set of orthogonal and 
uncorrelated variables, thereby reducing dimensionality 
and spectral redundancy [22], [23]. The first principal 
component contains the largest proportion of total 
variance, whereas subsequent components account for 
progressively smaller amounts; higher-order components 
are often dominated by noise [47]. Because PCA 
concentrates most spectral information into a limited 
number of components, it is widely used to enhance 
interpretability and support lithological and 
mineralogical mapping  [48], [49]. 
 
4.6. Maximum Likelihood Classification (MLC) 

MLC was applied to the atmospherically corrected 
Landsat-9 OLI-2 reflective bands to produce an island-
scale lithological classification of Langkawi Island. MLC 
assigns pixels to classes based on class statistics and 
probability distributions, and it remains a widely used 
benchmark classifier in multispectral remote sensing and 
lithological mapping studies [50]–[52]. The classification 
classes followed the generalized lithological units listed 
in Table 1. 

Training ROIs were delineated with reference to the 
published geological map, false-color composites, band-
ratio images, PCA products, and previous remote-sensing 
interpretations. Relatively homogeneous areas were 
prioritized, while water bodies, cloud-affected pixels, 
strongly mixed boundary zones, and obvious non-
lithological surfaces were avoided where possible. Table 
4 summarizes the distribution of training ROI pixels for 
each lithological class used in the MLC. 

The MLC-derived lithological classification was 
evaluated by comparing the map with the published 
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geological map of Langkawi Island. Before comparison, 
both maps were converted into the same lithological code 
system, and a confusion matrix was generated from the 
pixel-by-pixel comparison. Map-derived agreement, 
producer’s [53] agreement, user’s agreement, F1-score, 
and the kappa coefficient were calculated from the 
reference-map comparison following standard confusion-
matrix procedures [17], [53]. However, because the 
comparison was based on the published geological map 
rather than independent field samples, these values were 
interpreted as map-derived agreement statistics rather 
than independent field-based lithological accuracy. 

Because independent field validation samples were 
not available, the published geological map served as the 
reference framework for the map-derived agreement 
assessment. Since the same geological framework also 
informed ROI selection, the assessment was not fully 
independent. Therefore, the reported agreement values 
should be interpreted as map-derived agreement with the 
existing geological framework rather than field-validated 
lithological accuracy. The MLC result was treated as a 
reconnaissance-level baseline classification product for 
evaluating the applicability and limitations of classical 

Landsat-9 OLI-2 lithological discrimination under dense 
tropical vegetation cover. 

 
Table 4. Distribution of training ROI pixels for each 

lithological class. 

No. Lithological class Training ROI pixels 

1 Cm-SS/Sh/Md 1,442 

2 OS-Ls/SS 3,271 

3 DP-St/Md 1,163 

4 PT-Ls/Mb 1,686 

5 Tr-Gr 2,773 

6 Qal 1,815 

Total  12,150 

 
Separability analysis was conducted after selecting the 
training samples to assess spectral differences among the 
lithological classes. Following previous remote-sensing 
classification studies, the Jeffries–Matusita (JM) distance 
was used to evaluate the statistical separability between 
class pairs [12], [54]. The JM distance ranges from 0 to 2, 
with values closer to 2 indicating stronger separability. 
The pairwise JM distance matrix is presented in Table 5. 

 
Table 5. Pairwise Jeffries–Matusita separability matrix for lithological training ROIs. 

Class Cm-SS/Sh/Md OS-Ls/SS DP-St/Md PT-Ls/Mb Tr-Gr Qal 

Cm-SS/Sh/Md 2.000  2.000  1.998  2.000  1.922  1.992  

OS-Ls/SS  2.000  1.924  1.807  1.931  1.999  

DP-St/Md   2.000  1.892  1.868  1.979  

PT-Ls/Mb    2.000  1.909  1.998  

Tr-Gr     2.000  1.926  

Qal      2.000  

 
Table 5 shows that most class pairs had high separability, 
with JM values close to 2.000, indicating that the selected 
training ROIs were generally suitable for supervised 
classification. However, several class pairs showed 
relatively lower separability, including OS-Ls/SS vs PT-
Ls/Mb (1.807), DP-St/Md vs Tr-Gr (1.868), DP-St/Md vs 
PT-Ls/Mb (1.892), PT-Ls/Mb vs Tr-Gr (1.909), and Cm-
SS/Sh/Md vs Tr-Gr (1.922). These relatively lower values 
suggest potential spectral overlap among carbonate-
bearing units, fine-grained sedimentary units, and 
weathered granitic surfaces. Therefore, the separability 
analysis was used not only to assess the suitability of the 
training samples but also to support the interpretation of 
class-level confusion in the MLC results. 
 
 

5. RESULTS 

5.1. False-color Composites  

False-color composites derived from Landsat-9 OLI-2 
imagery were used to provide a first-order view of the 
spatial distribution of major surface materials across 

Langkawi Island. Both literature-based and quantitative 
criteria guided the selection of band combinations. First, 
RGB 3-6-5, 7-4-2, and 5-6-7 composites were generated 
based on previous lithological and geological remote 
sensing studies [55], [56]. 
 

Table 6. Optimum Index Factor Ranking for Landsat OLI-2. 

Ranking Band 1 Band 2 Band 3 OIF Value 

1 b6 b5 b2 1112.8 

2 b4 b5 b6 1079.48 

3 b1 b5 b6 1070.7 

4 b5 b6 b7 1053.65 

5 b3 b5 b6 1009 

6 b2 b5 b7 986.65 

 
These combinations were selected because they include 
visible, near-infrared, and shortwave-infrared bands that 
are useful for enhancing differences in vegetation cover, 
exposed bedrock, surface moisture, alluvial materials, 
and lithological variations. Second, the Optimum Index 
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Factor (OIF) was calculated to quantitatively evaluate 
possible three-band combinations according to their 
information content and inter-band redundancy. The OIF 
analysis identified RGB 6-5-2 as the optimal combination, 
with an OIF value of 1112.80 (Table 6), indicating high 
information content and relatively low inter-band 
redundancy. However, OIF was used only as a statistical 
band-selection tool and should not be interpreted as 
direct proof of lithological separability.  

The false-color composites derived from different 
band combinations reveal distinguishable lithological and 
surface-material patterns across the study area. In the 
RGB 3-6-5 composite (Figure 5a), dark blue tones indicate 
alluvial deposits, whereas light yellow and green tones 

represent Alluvium converted to settlement or 
agricultural land; blue-toned areas with clear texture 
correspond to bedrock outcrops [46]. In the RGB 7-4-2 
composite (Figure 5b), purple represents Alluvium, grey 
indicates bedrock, and yellow corresponds to settlement 
and agricultural areas [55]. The RGB 5-6-7 composite 
(Figure 5c) shows Alluvium in red, geologically distinct 
units in various khaki shades, and anthropogenically 
modified land in cyan [4]. The OIF-selected RGB 6-5-2 
composite (Figure 5d), which integrates shortwave-
infrared, near-infrared, and visible bands, shows Alluvium 
in deep green, bedrock as a light-to-dark green gradient, 
and agriculture and settlement in rose tones. 

 

 

Figure 5. False-color composites of Landsat-9 OLI-2 imagery. (a)  RGB 3-6-5; (b)  RGB 7-4-2; (c)  RGB 5-6-7; (d)  RGB 6-5-2. 
 
The comparison shows that the literature-based 
composites are useful for interpreting previously reported 
lithological and land-cover patterns. In contrast, the OIF-
selected RGB 6-5-2 composite provides an additional 
statistically supported band combination with relatively 
high information content. The final interpretation, 
therefore, considered both the geological relevance of 
previously reported band combinations and the 
quantitative OIF ranking, rather than relying solely on 

visual inspection. In the OIF-selected RGB 6-5-2 
composite, Band 6 captures SWIR reflectance variations 
related to moisture, clay-bearing weathering products, 
and lithological surface materials; Band 5 captures 
vegetation and near-infrared surface response; and Band 
2 contributes visible reflectance contrast. However, this 
composite was used only as a regional enhancement 
product, not as direct proof of lithological separability. 
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5.2. Band Ratio  

The selected band-ratio composites, 5/3-6/4-5/4 and 2/3-
2/5-2/6, were generated based on previous lithological 
mapping studies in the Langkawi archipelago and similar 
geological settings [2], [21]. These ratio combinations 
were selected because they involve visible, near-infrared, 
and shortwave infrared bands that are sensitive to 
variations in vegetation condition, surface moisture, clay-
bearing materials, and carbonate- or silica-rich 
lithological surfaces. Therefore, they are useful for 
enhancing relative spectral contrasts among major 
lithological groups and for providing supplementary 
lithological information beyond the original multispectral 
composites. 

The band-ratio composites enhanced broad spectral 
differences among granitic terrain, carbonate-bearing 
formations, and Quaternary alluvium (Figure 6). Qal 
showed relatively distinctive and spatially consistent 
responses in both composites, reflecting its lowland 
alluvial setting. In contrast, PT-Ls/Mb and OS-Ls/SS 
showed similar spectral responses, indicating overlap 
between carbonate-bearing and carbonate–clastic 
surfaces under vegetation and weathering conditions 
(Figure 6 a,b). Cm-SS/Sh/Md showed textural features but 
partially overlapped with Tr-Gr. Therefore, the selected 
ratio schemes were useful for enhancing broad 
lithological contrasts, but their interpretation should be 
integrated with geological context and separability 
analysis rather than used as direct diagnostic evidence. 

 

 

Figure 6. Landsat-9 OLI-2 band-ratio composites used for lithological enhancement (a) RGB 5/3–6/4–5/4 and (b) RGB 2/3–2/5–2/6. 
 
Table 7. PCA Eigenvectors matrix of the PCA calculated for Landsat OLI-2 data. 

Bands/PC PC1 PC2 PC3 PC4 PC5 PC6 PC7 

Eigenvalues % 92.555 6.251 1.064 0.073 0.044 0.011 0.002 

Band 1 0.165 0.069 -0.514 0.003 -0.530 0.290 0.582 

Band 2 0.143 0.102 -0.472 -0.026 -0.308 0.103 -0.800 

Band 3 0.193 0.111 -0.456 -0.183 0.224 -0.801 0.134 

Band 4 0.179 0.273 -0.334 -0.026 0.734 0.490 0.046 

Band 5 0.769 -0.612 0.092 0.138 0.067 0.033 -0.020 

Band 6 0.470 0.507 0.404 -0.575 -0.164 0.038 -0.003 

Band 7 0.264 0.516 0.149 0.785 -0.064 -0.146 0.006 

Note. Bold values indicate dominant band loadings for each principal component. 

 
5.3. Principal Component Analysis (PCA) 

The principal component analysis (PCA) results derived 
from Landsat OLI-2 imagery (Table 7) and illustrated in 
Figure 7. PCA was applied to the atmospherically 

corrected Landsat-9 OLI-2 reflective Bands 1-7 to reduce 
spectral redundancy and enhance dominant spectral 
patterns related to lithological and surface-cover 
variation. The eigenvalue contribution in Table 7 shows 
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that most spectral variance was concentrated in PC1 and 
PC2. The first three components accounted for most of the 
total variance: PC1, 92.555%; PC2, 6.251%; and PC3, 
1.064%. PC1 mainly represents overall surface brightness, 
vegetation-related reflectance, and illumination variation 
because all reflective bands contributed positively. PC2 
enhances contrast between near-infrared and shortwave-
infrared responses, making it useful for interpreting broad 
differences among vegetation-covered surfaces, 
carbonate-bearing formations, and granitic terrains. PC3 
mainly captures additional visible-band variation and 
provides limited supplementary information for alluvial 
and exposed surface materials. 

 

 

Figure 7. RGB composite of PC1, PC2, and PC4. PC1 explains 
92.555% of the variance, PC2 explains 6.251%, and 
PC4 explains 0.073%.  

 
Although PC4 explained only 0.073% of the total variance, 
it was retained in the PC1, PC2, and PC4 RGB composite 

as a supplementary enhancement layer because it locally 
enhances SWIR-related contrast between carbonate-
bearing and granitic terrains. Therefore, PC4 was 
interpreted cautiously and was not used as an 
independent basis for lithological discrimination. The PC1, 
PC2, and PC4 composites provide an interpretable PCA 
product for regional lithological analysis, especially for 
broad contrasts among Alluvium, granitic terrain, and 
carbonate-bearing areas. However, local spectral mixing 
remains evident in vegetation-covered zones and along 
lithological transitions, indicating that PCA can enhance 
dominant lithological patterns but cannot fully resolve 
spectral overlap among formations with similar surface 
composition or limited bedrock exposure. 
 
5.4. Maximum Likelihood Classification (MLC) 

The MLC-derived lithological classification reproduced 
some broad regional lithological patterns, but substantial 
class confusion remained when compared with the 
reference geological map (Figure 8a,b). Compared with 
previous localized studies in Langkawi and nearby islands, 
the present island-scale classification showed stronger 
confusion among PT-Ls/Mb, OS-Ls/SS, and DP-St/Md, 
highlighting the influence of larger spatial extent, greater 
lithological heterogeneity, dense vegetation cover, and 
more complex surface conditions on multispectral 
lithological mapping performance [2], [21]. 

The MLC-derived lithological classification achieved 
an overall map-derived agreement of 51.72% and a kappa 
coefficient of 0.4177, indicating moderate agreement 
with the reference geological map (Table 8). Class-level 
agreement varied substantially. Qal showed the highest 
producer’s agreement (90.21%) but only moderate user’s 
agreement (50.63%), indicating notable commission error. 
OS-Ls/SS had the highest user’s agreement (74.93%), 
whereas DP-St/Md showed the lowest producer’s 
agreement (23.09%) and was strongly confused with Qal 
and Tr-Gr. PT-Ls/Mb also showed severe commission error, 
with a very low user’s agreement of 17.34%, especially in 
areas corresponding to OS-Ls/SS and DP-St/Md. 

 
Table 8. Confusion matrix and class-level map-derived agreement statistics for the MLC-derived lithological classification. 

Classified class Qal Tr-Gr PT-Ls/Mb DP-St/Md OS-Ls/SS Cm-SS/Sh/Md Total UA (%) 

Qal 72,267 23,142 516 35,329 9,993 1,495 142,742 50.63 

Tr-Gr 232 45,620 1,964 24,880 6,262 8,666 87,624 52.06 

PT-Ls/Mb 2,326 7,894 10,245 11,518 21,903 5,179 59,065 17.34 

DP-St/Md 2,149 15,741 656 25,859 4,590 2,497 51,492 50.22 

OS-Ls/SS 2,699 5,079 2,090 5,280 48,651 1,127 64,926 74.93 

Cm-SS/Sh/Md 437 7,712 362 9,103 2,645 36,775 57,034 64.48 

Total 80,110 105,188 15,833 111,969 94,044 55,739 462,883 
 

PA (%) 90.21 43.37 64.71 23.09 51.73 65.98   

F1-score (%) 64.86 47.32 27.35 31.63 61.21 65.22   

Note. Values represent pixel counts. Rows indicate MLC-classified lithological classes, whereas columns indicate reference geological-map classes. UA 
= user’s agreement; PA = producer’s agreement. These values represent class-level map-derived agreement statistics based on reference-map comparison 
rather than independent field-based lithological accuracy. Map-derived agreement = 51.72%; Kappa coefficient = 0.4177. 
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Figure 8. Side-by-side comparison between (a) reference geological map and (b) MLC classification for the Langkawi study area. 
 
Table 9. NDVI-stratified map-derived agreement statistics. 

NDVI class Low Moderate Dense 

NDVI range 0.024 – 0.478 0.478 – 0.712 0.712 – 0.993 

Total pixels 22931 69567 370385 

Correct pixels 13580 31176 194126 

Map-derived agreement (%) 59.22% 44.81% 52.41% 

 
F1-scores further confirmed the imbalance in class-level 
performance. Cm-SS/Sh/Md (65.22%), Qal (64.86%), and 
OS-Ls/SS (61.21%) showed relatively higher balanced 
performance, whereas PT-Ls/Mb (27.35%) and DP-St/Md 
(31.63%) showed weaker performance. These results 
indicate that carbonate-bearing and fine-grained 
sedimentary units were the most difficult to discriminate. 

The JM separability matrix provides additional 
context for interpreting the confusion matrix. Although 
most training ROI pairs showed high statistical 
separability, relatively lower JM values were observed for 
OS-Ls/SS vs PT-Ls/Mb (1.807), DP-St/Md vs Tr-Gr (1.868), 
and DP-St/Md vs PT-Ls/Mb (1.892). These lower values 
are consistent with the stronger confusion among 
carbonate-bearing units, fine-grained sedimentary units, 
and weathered granitic terrain. However, high ROI-level 
separability did not necessarily translate into high island-
scale agreement because the full-island classification 
included heterogeneous surfaces, transitional boundaries, 
vegetation cover, regolith, and mixed pixels. 

To further examine the influence of vegetation cover, 
an NDVI-stratified map-derived agreement assessment 
was conducted. Water pixels were excluded, and the MLC 
classification was compared with the reference geological 
map within low-, moderate-, and dense-vegetation 
classes. The NDVI-stratified results (Table 9) show that 
map-derived agreement varied among vegetation-cover 
classes (Figure 9). Low-vegetation areas achieved the 

highest overall agreement (59.22%), followed by dense 
vegetation (52.41%) and moderate vegetation (44.81%). 
This non-linear pattern suggests that vegetation cover 
influenced lithological separability. However, the 
particularly low agreement in moderate-vegetation areas 
also reflects heterogeneous surfaces, including 
agriculture, settlement margins, exposed soil, regolith, 
and mixed pixels. 

 

 

Figure 9. Heatmap of map-derived agreement (%) between 
lithological classes and NDVI-derived vegetation 
density classes. 
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The lithology-by-NDVI heatmap (Figure 9) further shows 
that vegetation-related effects were not uniform across 
lithological units. Qal maintained high agreement across 
all NDVI classes, whereas DP-St/Md showed consistently 
low agreement. Some carbonate-bearing and clastic units 
showed higher agreement in dense-vegetation areas than 
in moderate-vegetation areas, suggesting that dense-
vegetation zones may coincide with more continuous 
lithological domains. In contrast, moderate-vegetation 
zones include more mixed and transitional surfaces. 
 
 

6. DISCUSSION 

6.1. Baseline Value of Landsat-9 OLI-2 Methods 

The results confirm that classical Landsat-9 OLI-2 
multispectral methods remain useful for first-order 
lithological interpretation across Langkawi Island. FCC, 
band ratios, OIF-guided band selection, and PCA 
enhanced broad contrasts among Alluvium, granitic 
terrain, and carbonate-bearing formations, while MLC 
reproduced part of the generalized geological framework. 
This supports previous findings that classical 
multispectral enhancement and classification methods 
can provide useful lithological information, but their value 
is mainly as a baseline or reconnaissance tool rather than 
as a definitive mapping approach [2], [8], [21], [24]. 

However, the moderate overall map-derived 
agreement of the MLC result and the uneven class-level 
performance indicate that Landsat-9 OLI-2 alone is 
insufficient for detailed unit-level discrimination in a 
densely vegetated tropical island environment. Therefore, 
the main value of the present workflow lies not in 
producing a definitive geological map, but in identifying 
which lithological units are broadly separable, which 
units remain confused, and where future multi-source or 
field-supported refinement is needed. 
 
6.2. Island-scale Complexity Compared with Localized 

Langkawi Studies 

Previous remote-sensing studies in the Langkawi 
archipelago mainly focused on localized areas. Simon et 
al. [2] identified useful band-ratio combinations for 
lithological discrimination in Dayang Bunting and Tuba 
Islands, while Du et al. [21] applied band-ratio techniques 
to lithological mapping in southern Langkawi. Compared 
with these local-scale studies, the full-island analysis 
conducted here spans a larger spatial extent, includes 
more diverse lithological assemblages, has more 
continuous vegetation cover, and involves more complex 
transitions among carbonate, clastic, granitic, and alluvial 
units. These conditions explain why the island-scale MLC 
result showed greater class confusion and only moderate 
map-derived agreement with the reference geological 
map. 

This comparison suggests that results from localized 
areas should not be directly generalized to full-island 

mapping. At the local scale, fewer lithological classes, 
more restricted surface conditions, and smaller 
geological variability may allow band ratios and PCA to 
show clearer visual contrasts. At the island scale, however, 
the same methods are more strongly affected by mixed 
pixels, transitional boundaries, weathering, and 
vegetation cover. The contribution of this study is 
therefore to provide a full-island Landsat-9 baseline for 
Langkawi, against which future high-resolution, multi-
source, or machine-learning-based mapping approaches 
can be evaluated. 
 
6.3. Vegetation Influence on Lithological Separability 

Vegetation cover was one of the main factors limiting 
lithological separability in this study. The NDVI analysis 
showed that Langkawi Island is dominated by dense 
vegetation, suggesting that many Landsat pixels likely 
contain mixed spectral contributions from vegetation, soil, 
weathered materials, and exposed rock rather than pure 
bedrock. As Chen et al. [25] emphasized, vegetation-
covered regions are among the most challenging 
environments for lithological mapping because 
vegetation can obscure spectral information related to 
bedrock. This explains why lithological contrast in both 
image enhancement products and classification outputs 
was weakened in many parts of Langkawi, especially for 
units with similar surface expression or transitional 
boundaries. 

The NDVI-stratified agreement assessment further 
supports this interpretation. Low-vegetation areas 
produced the highest map-derived agreement, suggesting 
stronger spectral contributions from exposed or 
weathered lithological surfaces, whereas moderate- and 
dense-vegetation areas showed lower agreement. 
However, the relationship between NDVI and map-derived 
agreement was not strictly linear: moderate-vegetation 
areas showed lower agreement than dense-vegetation 
areas, probably because they include more 
heterogeneous surfaces such as agricultural land, 
settlement margins, exposed soil, regolith, transition 
zones, and mixed pixels. Therefore, vegetation should not 
be interpreted as a single linear control on classification 
performance. Instead, lithological separability in 
Langkawi is likely influenced by multiple interacting 
factors, including vegetation cover, lithological 
distribution, terrain conditions, weathering intensity, 
mixed pixels, and uncertainty in reference map 
boundaries. This interpretation is supported by studies 
showing the value of DEM-derived variables [9], Sentinel-
2/Sentinel-1/DEM fusion [16], and vegetation spectral 
features for improving lithological mapping in vegetated 
regions [57]. 

The higher agreement in dense-vegetation areas 
than in moderate-vegetation areas should not be 
interpreted as evidence that dense vegetation improves 
lithological discrimination. A more plausible explanation 
is that dense-vegetation zones are spatially associated 
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with more continuous upland lithological domains. In 
contrast, moderate-vegetation areas include more 
heterogeneous surfaces such as agriculture, settlement 
margins, exposed soil, regolith, and mixed vegetation. 
Consequently, moderate NDVI areas may contain stronger 
spectral mixing and more complex land-cover–lithology 
interactions, leading to lower map-derived agreement. 

Although the NDVI-stratified agreement assessment 
helps reveal broad vegetation-related effects, it does not 
fully separate the influence of vegetation cover from 
lithological distribution, agricultural surfaces, settlement 
margins, exposed soil, regolith, and geological-map 
boundary uncertainty. A more detailed lithology-by-NDVI 
cross-analysis would further clarify how vegetation 
affects each lithological unit separately. However, 
because the present study aims to establish a Landsat-9 
OLI-2 map-derived baseline rather than a full land-cover–
lithology interaction model, this analysis is left for future 
work using field observations, higher-resolution imagery, 
and independent land-cover information. 
 
6.4. Class Confusion and Lithological Interpretation 

The MLC map-derived agreement results show clear 
differences among lithological units, indicating that class 
separability was influenced by spectral response, 
geomorphological setting, surface weathering, 
vegetation cover, and mixed pixels. Qal achieved the 
highest producer’s agreement, suggesting that alluvial 
deposits were broadly detected because of their distinct 
lowland and coastal geomorphological setting. However, 
its moderate user’s agreement indicates commission error, 
implying that some weathered regolith, exposed soil, and 
low-relief mixed surfaces were also classified as Alluvium. 
Similar uncertainty exists among surficial deposits, 
weathered materials, and exposed soil in Landsat- and 
ASTER-based lithological mapping studies [4], [22]. 

DP-St/Md was the most difficult unit to classify, with 
strong confusion, particularly with Qal and Tr-Gr. This is 
likely related to the subdued spectral response of dark 
fine-grained siltstone and mudstone, which can be further 
masked by tropical weathering, regolith development, soil 
cover, and vegetation. Chen et al. [25] similarly 
emphasized that vegetation, regolith, soil cover, mixed 
pixels, and limited bedrock exposure strongly constrain 
lithological mapping in vegetation-covered regions. 

Carbonate-bearing units also showed classification 
uncertainty. The very low user agreement of PT-Ls/Mb 
suggests that the classifier over-assigned pixels to this 
class, while the confusion between OS-Ls/SS and PT-
Ls/Mb may reflect spectral similarity among weathered 
limestone, carbonate-bearing surfaces, mixed carbonate–
clastic materials, and vegetation-covered bedrock. 
Mohamed et al. [58] and Ghoneim et al. [17] also showed 
that conventional multispectral enhancement and 
classification methods can support broad lithological 
discrimination. However, class-level agreement may 
decline where lithological units have overlapping spectral 

responses. Therefore, the carbonate-related confusion 
observed in Langkawi helps define the practical boundary 
of classical Landsat-based mapping for separating 
spectrally similar formations under dense vegetation and 
tropical weathering conditions. 

The difference between generally high JM 
separability and only moderate island-scale map-derived 
agreement is methodologically important. JM distance 
was calculated from selected training ROIs, intentionally 
chosen from relatively homogeneous areas and therefore 
representing the best-available spectral distinction 
among lithological classes. In contrast, the full-island 
classification includes heterogeneous vegetation cover, 
regolith, transitional lithological boundaries, coastal 
deposits, agricultural surfaces, settlement margins, and 
30 m mixed pixels. Therefore, high ROI-level separability 
indicates that the training samples were statistically 
distinguishable, but it does not guarantee high agreement 
across the full island landscape. 

In addition, the 30 m spatial resolution of Landsat-9 
OLI-2 likely amplified mixed-pixel effects along 
lithological boundaries, narrow carbonate belts, coastal 
deposits, and heterogeneous agricultural or settlement 
margins. Some disagreement may also reflect differences 
between the generalized geological map boundaries and 
the spectral boundaries observable in satellite imagery. 
Therefore, part of the map-derived disagreement should 
be interpreted as a combined effect of sensor resolution, 
surface heterogeneity, transitional lithological 
boundaries, and reference-map uncertainty, rather than 
as classification error alone. 
 
6.5. Implications, Limitations and Future Directions 

The resulting lithological map should be interpreted as a 
reconnaissance-level, map-derived baseline rather than a 
substitute for detailed geological mapping. Its practical 
value lies in identifying broad lithological domains, 
highlighting areas of likely confusion, and indicating 
where future field checking or multi-source refinement is 
most needed. Persistent disagreement is particularly 
useful because it reveals where optical-only Landsat-9 
OLI-2 is insufficient under dense vegetation, regolith 
cover, surface heterogeneity, and 30 m mixed-pixel 
conditions. 

This baseline also provides a diagnostic reference for 
designing future multi-source lithological mapping 
strategies. Sentinel-1 SAR may add structural and 
surface-roughness information, DEM-derived variables 
may improve terrain-controlled lithological interpretation, 
and Sentinel-2 or ASTER data may improve spectral 
separability. Future studies should combine these data 
sources with field observations and advanced classifiers 
to test whether the limitations identified in this study can 
be reduced. 
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7. CONCLUSION 

This study evaluated the applicability and limitations of 
Landsat-9 OLI-2 and classical multispectral techniques 
for island-scale lithological discrimination in Langkawi 
Island. FCC, OIF-based band selection, band-ratio analysis, 
and PCA enhanced broad lithological contrasts among 
Alluvium, granitic terrain, and carbonate-bearing 
formations. The MLC classification achieved an overall 
map-derived agreement of 51.72% and a kappa 
coefficient of 0.4177 when compared with the published 
geological map, indicating moderate agreement with the 
existing geological framework. 

The findings show that detailed lithological 
discrimination remains limited in densely vegetated 
humid tropical island environments. Qal was more readily 
detected, whereas DP-St/Md, Tr-Gr, and carbonate-
bearing units showed stronger confusion. The NDVI-
stratified and lithology-by-NDVI results further indicate 
that vegetation effects were not uniform across 
lithological units and that moderate-vegetation zones 
may contain especially heterogeneous surfaces. These 
limitations are associated with vegetation cover, tropical 
weathering, regolith and soil cover, mixed pixels, 
lithological similarity, reference-map uncertainty, and the 
30 m spatial resolution of Landsat-9 OLI-2. 

The study provides a full-island, map-derived 
baseline rather than an independently field-validated 
lithological map. Future work should integrate Sentinel-1 
SAR, DEM-derived variables, Sentinel-2 or ASTER data, 
field observations, and advanced classifiers to improve 
lithological discrimination in humid tropical island 
settings. 
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