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The identification and characterization of strategic mineral resources remain a 

critical challenge for developing countries such as Cameroon, where large 

portions of the territory are still insufficiently explored. This situation is 

particularly evident in the northern region, which hosts significant 

occurrences of carbonate minerals (e.g., calcite, dolomite) and silicate 

minerals (e.g., quartz, feldspars), both of which are of considerable 

importance for industrial applications. 

This study evaluated the effectiveness of ASTER (Advanced Spaceborne 

Thermal Emission and Reflection Radiometer) satellite imagery in 

combination with the Spectral Angle Mapper (SAM) algorithm for detecting 

and mapping carbonate and silicate minerals in Northern Cameroon. The 

supervised SAM classifier was calibrated using spectral signatures from the 

ENVI 5.6 spectral library. The results confirmed that the method successfully 

identified and spatially delineated calcite, albite, and magnetite within the 

selected regions. These findings provide a valuable contribution to mineral 

exploration by improving knowledge of regional mineral distribution while 

simultaneously reducing the time and cost associated with conventional field-

based surveys. 
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1. Introduction 

The Republic of Cameroon, located in Central Africa, forms an integral part of the West African craton and 

presents a highly diverse geological environment, ranging from Precambrian basement rocks to recent 

sedimentary deposits. Despite this diversity, geological mapping and the overall knowledge of the country’s 

mining potential remain limited and, in many cases, outdated. Furthermore, geophysical and geochemical data 

are either insufficient for large areas of the territory or require reinterpretation through more advanced analytical 

techniques. 

Traditional mining exploration in Cameroon still relies heavily on field expeditions for data collection. However, 

the vast size of the country, its dense vegetation, and limited infrastructure pose significant challenges for 

geologists and prospectors. Field verification through geochemical sampling and laboratory testing often proves 

labor-intensive, time-consuming, and costly (Raunet, 2003). These constraints hinder the efficiency of 

conventional exploration methods and emphasize the need for alternative approaches, particularly in the northern 

part of the country (Figure 1). 

 

Figure 1: Location of the North Region (in red) on the map of Cameroon  

The use of satellite remote sensing, combined with artificial intelligence algorithms, offers promising solutions to 

these limitations. Hyperspectral remote sensing, in particular, has emerged over the past three decades as an 

effective tool for mineral exploration, enabling the detection and mapping of mineral deposits at regional and 

local scales (Zhang & Li, 2014). Today, remote sensing is considered indispensable in geological investigations, 

as it allows the identification of mineral signatures across vast and often inaccessible terrains. 

In this context, ASTER (Advanced Spaceborne Thermal Emission and Reflection Radiometer) imagery 

represents a valuable resource for mineral exploration. It provides high-resolution multispectral data with 

spectral coverage well-suited for lithological studies (Ousmanou et al., 2024). Specifically, ASTER records 

reflected radiation in three bands of the visible-near infrared (VNIR, 0.52–0.86 µm) with a spatial resolution of 

15 m, in six bands of the shortwave infrared (SWIR, 1.6–2.43 µm) with a resolution of 30 m, and in five bands of 

the thermal infrared (TIR, 8.125–11.65 µm) with a resolution of 90 m (Qi et al., 2018). 

The identification of minerals using hyperspectral and multispectral imagery remains a complex task due to the 

intricate composition of minerals and the similarity of their spectral responses. Differentiating one mineral from 

another continues to be a challenge, as highlighted by Zeng et al. (2021). Nevertheless, the potential of these 

imaging technologies remains underexploited, particularly for mineral groups such as feldspars and calcites, 

which are of significant industrial importance. Feldspars play a central role in ceramics and glass manufacturing 

(Kyonka & Cook, 1954), while calcite (CaCO₃) is widely used in cement, paint, and other industries (Aquilano et 
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al., 2016). The exploitation of these resources could foster the development of local industries and support 

economic growth in northern Cameroon. 

The presence of carbonate and silicate minerals is consistent with the geological context of the region, 

characterized by granitoid intrusions and feldspathic mineralization (Raunet, 2003). In this study, we aim to 

assess the effectiveness of ASTER satellite data combined with the Spectral Angle Mapper (SAM) algorithm for 

the identification and spatial mapping of carbonate and silicate minerals in the North Region of Cameroon. 

2. Literature review  

A wide variety of classification methods has been developed for hyperspectral image analysis, encompassing 

both supervised and unsupervised approaches (Plaza et al., 2009; Fauvel et al., 2012). Among these, supervised 

classification plays a central role, as it uses labeled training data to guide algorithms toward more accurate class 

discrimination. 

Several studies, including those by Zhang and Li (2014) and Sudharsan et al. (2019a), have highlighted the 

importance of establishing strong correspondences between spectral libraries and the spectra of individual pixels. 

Within this framework, the Spectral Angle Mapper (SAM) has emerged as one of the most widely applied and 

reliable supervised classification techniques. 

SAM measures the similarity between spectral vectors by calculating the spectral angle that separates them. In 

hyperspectral imagery, each pixel can be represented as an n-dimensional vector, where n corresponds to the 

number of spectral bands. The spectral angle between a given pixel and a reference spectrum from the library is 

then computed: the smaller the angle, the stronger the correspondence and the higher the similarity with the 

reference class (Kruse et al., 1993; Sudharsan et al., 2019a). 

Compared with other supervised methods, such as the Maximum Likelihood Classifier (MLC) and Support 

Vector Machines (SVM), SAM offers the advantage of being relatively insensitive to illumination variations. 

This characteristic has made it particularly attractive for applications ranging from vegetation monitoring to 

mineral identification and urban mapping (Boardman, 1993; Li et al., 2012). Nevertheless, its performance 

decreases when discriminating between materials with very similar spectral signatures. To overcome this 

limitation, recent research has focused on hybrid approaches that combine SAM with statistical frameworks or 

deep learning models, thereby enhancing its overall classification performance (Yokoya et al., 2016). 

The similarity between a target spectrum and a reference spectrum increases as the spectral angle decreases. The 

angle between a target spectrum vector a and a reference spectrum vector b is given by: 

         α = cos−1 (
a⋅b

‖a‖‖b‖
)                         (1) 

where ∥ - ∥ enotes the norm function. Equation (1) can also be expressed in expanded form as: 

     α = cos−1 [
∑ aibi
n
i=1

[∑ ai2
n
i=1 ]

1

2[∑ bi2
n
i=1 ]

1

2
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅]                                    (2)   

The ASTER sensor is particularly attractive for geological remote sensing due to its large number of bands, 

relatively wide spectral range, and good spatial resolution. A key advantage of ASTER lies in its ability to detect 

emissions in the thermal infrared (TIR) spectrum, which extends beyond 2500 nm—exceeding the maximum 

wavelength of many modern hyperspectral sensors (Table 1). Moreover, ASTER’s Band 3 in the visible-near 

infrared (VNIR) region provides additional benefits for lithological discrimination. 

When compared with conventional multispectral sensors such as Landsat TM, ASTER offers notable 

improvements in spatial, spectral, and radiometric resolution, even though it is not a typical hyperspectral sensor. 
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These enhancements, together with improved data accessibility, have positioned ASTER as a critical dataset for 

geological mapping and mineral exploration (Rajendran & Nasir, 2017; Son et al., 2022; Islam et al., 2024). 

Table 1: Spectral and spatial characteristics of the ASTER sensor compared with other multispectral and 

hyperspectral sensors. 

ASTER 

Band Spectral Region Wavelength (μm) Resolution (m) 

Band 1 

VNIR 

0.52–0.60 

15 
Band 2 0.63–0.69 

Band 3 0.78–0.86 

Band 4 1.60–1.70 

Band 5 

SWIR 

2.145–2.185 

30 

Band 6 2.185–2.225 

Band 7 2.235–2.285 

Band 8 2.295–2.365 

Band 9 2.360–2.430 

Band 10 

TIR 

8.125–8.475 

90 

Band 11 8.475–8.825 

Band 12 8.925–9.275 

Band 13 10.25–10.95 

Band 14 10.95–11.65 

 

Research has also shown that carbonate and silicate minerals are well detected in the thermal infrared as shown 

in table 2 (Peyghambari & Zhang, 2021). 

Table 2: mineral detection in different spectral bands 

Group Mineral Formula 

Vnir (400-

1000nm) 

Swir (1000-

25000nm) 

Tir/Lwir 

(2500-14500)  Use  

OXIDES  

Hematite  Fe2O3  Well Detected  Not Detected  Not Detected  iron ore  

Magnetite Fe304  Well Detected  Not Detected  Not Detected  iron ore  

Goethite FeO(OH)  Well Detected  Not Detected  Not Detected  iron ore  

Chromite FeCr2O4  Not Detected  Not Detected  Not Detected  foundry,  

SULFIDES  

Galena  PbS Not Detected  Not Detected  Not Detected  lead ore  

Pyrite FeS2  Not Detected  Not Detected  Not Detected  

chemical 

industry 

Bornite 

Cu5FeS4 Not Detected  Not Detected  Not Detected  copper ore  

SULFATES  

Gypsum 

CaSO4H2O 

Not Detected  Well Detected  Well Detected  

plaster and 

panels 

Anhydrite  

CaSO4 

Not Detected  Well Detected  Well Detected  

plaster and 

panels 

Barite 

BaSO4 Not Detected  Well Detected  Well Detected  drilling mud 

CARBONA

TES  

Calcite 

CaCO3 

Not Detected  Moderate  Well Detected  

Portland 

cement  

Dolomite 

CaMg(CO3)2  

Not Detected  Moderate  Well Detected  

Portland 

cement  
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SILICATES  

Quartz  

SiO2 

Not Detected  Not Detected  Well Detected  

glass, 

calculators  

Talc  
Mg3Si4010(OH

)2 Not Detected  Well Detected  Moderate  baby powder  

Kaolinite 

Al4Si4010(OH)

8 Not Detected  Well Detected  Moderate  ceramics  

Feldspar 

(orthoclase)  

(Ba,Ca,Na,K,N

H4)(Al,B,Si)4O

8 Not Detected  Not Detected  Well Detected  

glassmaking, 

ceramics  

Muscovite 

KAl2(AlSi3O10)

(OH,F)2 Not Detected Well Detected Moderate paint, cement 

Chlorite 

(Fe,Mg,Al)6(Si,

Al)4O10(OH)8 Not Detected Well Detected Moderate food industry 

Pyroxene 
XY(SiO3)2 

Well Detected Moderate Well Detected 

cement 

production 

HYDROXI

DES 

Limonite 

FeO(OH),nH2

O Well Detected Not Detected Not Detected 

iron ore 

pigment 

Bauxite 

Al(OH)3, 

nH2O Well Detected Not Detected Not Detected 

aluminium 

ore 

Jarosite 

K+Fe3+3(OH−

)6(SO42−)2 Well Detected Not Detected Not Detected   

 

An automatic method for comparing spectral curves extracted from images with spectral library curves derived 

from field or laboratory measurements is known as the Spectral Angle Mapper (SAM). Spectral curves from 

reference libraries—such as those provided by the USGS laboratory or JPL—or spectral curves derived from 

imagery (referred to as endmembers) can be used as reference inputs. The spectral response values of a pixel in n 

channels can be represented as vector coordinates in an n-dimensional space, with each spectral response 

forming a vector. The SAM algorithm is based on the comparison between these spectral vectors and reference 

spectra from known materials (Hosseinzadeh & Nowrouzi, 2024). 

As a supervised classification method, the SAM algorithm has demonstrated strong efficiency in mineral 

mapping. By calculating the spectral angle between a pixel spectrum and a reference spectrum, SAM effectively 

identifies mineral classes, making it particularly suitable for detecting carbonate and silicate minerals in 

geologically complex terrains (Maimouni et al., 2012). 

The North Region of Cameroon extends between 8° and 10° north latitude and between 12° and 16° east 

longitude. It is bounded to the north by the Far North Region, to the south by the Adamaoua Region, to the east 

by Chad and the Central African Republic, and to the west by Nigeria (Raunet, 2003). 

Geologically, the literature situates the North Cameroon region within the Pan-African belt, a mobile zone that 

includes several domains: South Cameroon, Centre Cameroon (Adamaoua), and North Cameroon. The North 

Cameroon domain is of particular interest for this study because it hosts the Guider and Bossoum-Pologozom 

plutons, which have been the subject of investigations into their petrographic, structural, magnetic, and 

geochronological characteristics, as well as their broader geodynamic implications (Dawaï et al., 2022). 

Research findings also highlight the mineral potential of the North Region, which is notably enriched in 

carbonate and silicate resources. For example, a World Bank-supported study reported the discovery of a feldspar 

https://mjcellpress.com/article/mjes05/
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo
https://doc2lang.com/preview/3Du_bQ9tTHIo


Available at:  https://mjcellpress.com/article/mjes05/ 

deposit at Bogou, located at the foot of Tinguelin Mountain, approximately 15 kilometers from the town of 

Garoua (Boyabe et al., 2020). 

3. Methodology 

3.1. Study Area 

The study site is located in the North Region of Cameroon, precisely around Tinguelin Mountain at coordinates 

9°26′15′′N and 13°27′02′′E. This area is characterized by granitoid formations and plutonic intrusions that 

suggest the potential presence of carbonate and silicate mineralizations. Its semi-arid climate and relatively 

sparse vegetation make it particularly suitable for remote sensing analysis, since the reduced canopy cover limits 

spectral interference. Topographically, the landscape alternates between granitic hills and plains with lateritic 

soils, providing diverse spectral responses (Figure 2).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2: Geographic location of the Tinguelin Mountain study area in the North Region of Cameroon 

(Nasa website: earth data) 

3.2. Data Acquisition and Preprocessing 

Satellite imagery of the study area was acquired from NASA’s TERRA platform. The dataset was imported into 

ENVI 5.6, where Regions of Interest (ROIs) were defined to restrict the analysis to geologically relevant areas. 

An atmospheric correction was then performed using the QUAC (Quick Atmospheric Correction) algorithm in 

order to reduce atmospheric effects and enhance spectral fidelity. 

As illustrated in Figure 3, the methodological workflow consisted of a sequence of preprocessing, endmember 

selection, parameter setting, and mineral classification using the SAM algorithm. The ASTER image used in this 

study was acquired on 10 February 2023. 
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Figure3: General workflow adopted for ASTER data preprocessing and mineral classification using the SAM 

algorithm. 

3.3. Treatment Steps 

3.3. 1. Pre-processing 

The ASTER image was first imported into ENVI 5.6 (Figure 4). The analysis was then restricted by defining 

Regions of Interest (ROIs) covering the zones with the highest geological potential (Figure 5). Radiometric and 

atmospheric corrections were applied to these ROIs using the QUAC algorithm, which improved the quality of 

the reflectance spectra and reduced distortions caused by the atmosphere (Figures 6a and 6b).  

Figure 4: Importation of ASTER Level 1T image into ENVI 5.6. 
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Figure 5: Definition of Regions of Interest (ROIs) within the study area. 

Figure 6a: Radiometric and atmospheric correction of ROI1 using the 

QUAC algorithm. 

Figure 6b: Corrected spectral response of ROI1 after atmospheric adjustment. 
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After preprocessing the ASTER satellite data from the selected Region of Interest (ROI), the Spectral Angle 

Mapper (SAM) algorithm was calibrated using spectral signatures of feldspars and calcite extracted from the 

ENVI spectral library. Once the algorithm was trained, the spectral information from the ROI pixels was 

introduced into the classification process. SAM then compared each pixel spectrum with the reference signatures 

from the library and assigned them to the most similar class. This procedure resulted in a mineralogical 

distribution map where the spatial occurrence of feldspars, calcite, and other detected minerals could be clearly 

distinguished. 

3.3.2 .  Selection of training data 

The Spectral Angle Mapper (SAM) algorithm requires representative reference spectra, or endmembers, to 

perform mineral classification. For this purpose, spectral signatures were extracted directly from the ENVI 

spectral library. Feldspars, which constitute a major group of silicate minerals, were subdivided into their 

principal subgroups available in the library. These included plagioclases such as albite and anorthite, as well as 

potassium feldspars such as sanidine, orthoclase, and microcline. The selection of feldspar endmembers during 

the SAM configuration is shown in Figure 7. 

 

Figure 7: Selection of feldspar endmembers from the ENVI spectral library. 

Similarly, carbonate minerals of particular importance in this study, such as calcite and dolomite, were also 

chosen as endmembers to serve as spectral references (Figure 8). 
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Figure 8. Selection of carbonate endmembers from the ENVI spectral library. 

During the configuration of the SAM function in ENVI, windows appear allowing the user to select the reference 

minerals to be compared with the pixels of the Regions of Interest (ROIs). In this study, two ROIs were defined: 

ROI1, where feldspar signatures were analyzed, and ROI2, where carbonate signatures such as calcite were 

tested. These endmember selections constituted the spectral reference base for the SAM classification. 

After the preprocessing of the ASTER image, the spectral information of the ROIs was introduced into the 

trained algorithm. The SAM routine then compared the spectral responses of each pixel in the ROIs with the 

chosen library signatures. Pixels were classified into the mineralogical class with the smallest spectral angle, and 

the resulting outputs provided a distribution map highlighting the spatial occurrence of feldspars, calcite, and 

other detected minerals. 

Here we select the minerals we are looking for in RO2 in the ENVI spectral library. This window appears when 

the SAM function is executed and is therefore part of its configuration. 

3.3. 3 .   SAM parameters 

The classification of minerals using the Spectral Angle Mapper (SAM) requires the definition of threshold 

parameters that determine the degree of similarity between pixel spectra and reference endmember spectra. In 

this study, the maximum spectral angle threshold was set to 0.1 radians. This value represents the upper limit of 

acceptable similarity: pixels with an angle greater than this threshold are excluded from classification to reduce 

errors and misidentification. 

The parameter configuration was performed in ENVI 5.6 using the SAM function interface (Figure 9). The 

default option of a single threshold value was maintained, ensuring a consistent classification rule across all 

Regions of Interest (ROIs). By adopting this parameter, only pixels exhibiting strong spectral fidelity to feldspar 

and carbonate signatures from the library were retained in the final mineralogical maps. 

.  

Figure 9: Configuration of SAM classification parameters with a 0.1 radian maximum threshold. 
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This step is crucial because the spectral variability of minerals in satellite imagery can be influenced by factors 

such as illumination conditions, surface weathering, and pixel mixing. The use of a strict threshold therefore 

helped to increase the reliability of the mineral detection results, while minimizing false positives. 

4. Results 

Two Regions of Interest (ROIs) were analyzed after applying the Spectral Angle Mapper (SAM) classification. 

The outputs highlight the spatial distribution of feldspars, calcite, and other minerals within the study area. 

ROI1 

In the first Region of Interest (ROI1), the SAM algorithm successfully detected albite, a representative member 

of the plagioclase feldspar group. Albite was mapped in red and white tones depending on the classification 

window, covering approximately 15% of the ROI. In addition to albite, a significant proportion of magnetite was 

identified, represented by purple areas, which occupied nearly 45% of the ROI. Although magnetite was not the 

primary target of this study, its strong spectral response was clearly detected by the algorithm, confirming the 

robustness of the classification (Figures 10). 

 

 

 

 

 

 

 

 

 

 

 

Figure 10:  SAM classification results for ROI1 showing the distribution of albite (≈15%) and magnetite 

(≈45%). 

The mineralogical characterization of ROI1 therefore confirmed the presence of albite, consistent with the 

geological context of the region, while also revealing magnetite as an additional component. This finding 
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illustrates the capacity of SAM to identify minerals beyond the predefined targets when their spectral features are 

sufficiently distinctive. 

ROI2 

In the second Region of Interest (ROI2), the SAM algorithm confirmed the presence of calcite. Depending on the 

visualization parameters in ENVI, calcite appeared in black or yellow, corresponding to whether the mineral was 

actively selected or deselected in the classification window. Approximately 20% of the ROI was classified as 

calcite, providing strong evidence of carbonate mineralization within this part of the study area (Figure 11). 

 

Figure 11: SAM classification results for ROI2 indicating the presence of calcite (≈20%). 

Accuracy and Reliability of SAM Results 

To evaluate the performance of the supervised SAM classification, a confusion matrix was generated (Figure 12). 

This matrix compared the classified pixel values with the corresponding reference spectra, thereby providing a 

quantitative measure of classification reliability.  

 

 

https://mjcellpress.com/article/mjes05/


Available at:  https://mjcellpress.com/article/mjes05/ 

 

Figure 12:  Confusion matrix of the SAM classification results. 

As shown in the confusion matrix, the Kappa coefficient obtained was between 0.8 and 1.0. This high value 

indicates a strong agreement between the classification outputs and the reference data, confirming that the SAM 

algorithm achieved a sufficiently precise and reliable discrimination of mineral classes within the study area. 

5. Discussion 

The combination of ASTER satellite data and the Spectral Angle Mapper (SAM) algorithm proved to be an 

effective approach for the detection and mapping of carbonate and silicate minerals in the northern region of 

Cameroon. The results obtained in ROI1 demonstrated the presence of albite, a plagioclase feldspar, and 

magnetite, while ROI2 confirmed the occurrence of calcite. These findings highlight the potential of supervised 

spectral classification to identify key minerals relevant for both academic research and industrial applications. 

The detection of albite and calcite is consistent with the geological setting of the region, which is characterized 

by granitoid intrusions and carbonate-bearing lithologies. The identification of magnetite, although not initially 

targeted, illustrates the sensitivity of SAM to strong spectral features and confirms its usefulness for broader 

mineralogical surveys. This outcome supports previous studies that have demonstrated the suitability of SAM for 

mineral exploration, particularly for carbonate and feldspar-rich environments (Zhang & Li, 2014; Sudharsan et 

al., 2019b; Bishop et al., 2011). 

One of the main advantages of the SAM algorithm lies in its relative insensitivity to illumination conditions, 

making it suitable for regions such as northern Cameroon where varying topography and seasonal effects can 

complicate spectral analysis. However, the method is not without limitations. The low spectral resolution of 
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ASTER compared to hyperspectral sensors reduces its ability to discriminate between minerals with very similar 

spectral signatures. For instance, other feldspars present in the spectral library were not clearly distinguished in 

the classification results. Mixed pixels within ASTER imagery also contributed to the omission of certain 

mineral classes. 

These limitations suggest that while SAM combined with ASTER data is efficient for a first-level exploration, 

more advanced approaches could further enhance mineral discrimination. Unsupervised deep learning methods, 

particularly Convolutional Neural Networks (CNNs), offer opportunities to integrate both spectral and spatial 

information for improved classification. Likewise, the use of hyperspectral datasets such as those provided by the 

Hyperion sensor aboard the Earth Observer-1 (EO-1) satellite—with its 222 narrow bands—would significantly 

improve spectral discrimination. Such developments could complement the findings of this study by refining the 

detection of feldspar subgroups and carbonate variations in future research. 

Overall, the discussion highlights that the methodology applied here validates earlier findings in the literature 

while also pointing to the potential of emerging artificial intelligence techniques in geological remote sensing. In 

the specific context of Cameroon, where traditional field exploration remains costly and time-consuming, the 

approach provides a valuable alternative for identifying promising mineral targets and guiding future ground 

surveys. 

6. Conclusion 

Remote sensing has proven to be a powerful and cost-effective tool for mineral exploration in regions such as 

northern Cameroon, where accessibility challenges and limited infrastructure make traditional field surveys 

time-consuming and expensive. By integrating ASTER multispectral data with the supervised Spectral Angle 

Mapper (SAM) algorithm in ENVI 5.6, this study demonstrated the reliable identification of carbonate and 

silicate minerals, particularly albite and calcite, within underexplored areas of the North Region. 

The results contribute to improving knowledge of the mineral potential of Cameroon and provide valuable 

insights for the enhancement of the national Geographic and Mining Information System (GMIS). Beyond 

confirming the presence of minerals consistent with the geological setting, the study highlights the practical 

advantages of remote sensing techniques for preliminary exploration campaigns. The ability to map mineral 

distribution at relatively low cost represents a strategic advantage for developing countries, where resources 

for extensive field exploration are often limited. 

At the same time, this research underlines the inherent limitations of ASTER data. The relatively coarse 

spectral resolution restricted the discrimination of certain feldspar subgroups and limited the identification of 

minerals with overlapping spectral features. To address these challenges, future studies should consider the 

use of hyperspectral datasets, such as those provided by the Hyperion sensor aboard Earth Observer-1, which 

offers much finer spectral detail. Likewise, the adoption of advanced classification approaches, including 

deep learning methods such as Convolutional Neural Networks (CNNs), could further improve the robustness 

of mineral mapping by incorporating both spectral and spatial information. 

The scientific contribution of this work lies not only in validating the effectiveness of SAM with ASTER 

imagery for mineral detection but also in opening pathways toward more sophisticated techniques. By 

combining remote sensing technologies with artificial intelligence, future research can strengthen the 

reliability of mineral exploration and support sustainable resource management in Cameroon. 
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