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1 Introduction 

Accurate land use/land cover (LULC) information is 

fundamental for environmental monitoring, urban 

planning, agricultural management, and sustainable 

resource utilization (Gaur & Singh, 2023). Reliable LULC 

data support informed decision-making by providing 

insights into landscape dynamics, ecosystem health, and 

anthropogenic pressures on natural resources. This need 

has become increasingly important in tropical savanna 

regions, where rapid population growth, agricultural 

expansion, urbanization, and environmental degradation 

have accelerated landscape transformation over recent 

decades (Seyam et al., 2023; Awwal et al., 2025a). 

Consequently, timely and accurate mapping of land 

cover patterns has become essential for sustainable land 

management and environmental planning. 

The increasing demand for spatially explicit LULC 

information has coincided with significant advances in 

satellite remote sensing technologies. Remote sensing 

offers a cost-effective means of monitoring large and 

often inaccessible areas while providing repeated 

observations over time (Seyam et al., 2023). Among the 

currently available Earth observation platforms, the 
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Sentinel-2 mission has attracted considerable attention 

owing to its high spatial resolution, short revisit interval, 

and inclusion of red-edge and shortwave infrared bands 

that enhance land cover discrimination capabilities (Xiao 

et al., 2020). As noted by Phiri et al. (2020), the spectral 

richness of Sentinel-2 imagery has substantially improved 

the accuracy of LULC classification, particularly in 

heterogeneous environments where different land cover 

classes exhibit subtle spectral variations. 

While the availability of high-quality satellite imagery 

has expanded opportunities for LULC mapping, the 

effectiveness of such efforts largely depends on the 

classification methods employed. Traditional 

classification approaches often struggle to capture the 

complex and nonlinear relationships that characterize 

remotely sensed data (Awwal et al., 2025a). In response, 

machine learning (ML) algorithms have emerged as 

powerful alternatives because of their ability to model 

intricate patterns within high-dimensional datasets. 

Among the most widely applied ML techniques are 

Random Forest (RF), Support Vector Machine (SVM), and 

Classification and Regression Tree (CART), each  
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possessing distinct theoretical foundations and 

classification strategies. Previous studies have reported 

strong performance of RF in diverse landscapes (Jodhani 

et al., 2025; Awwal et al., 2025b), while SVM has 

demonstrated effectiveness in handling complex decision 

boundaries and high-dimensional feature spaces. 

Similarly, CART remains attractive because of its 

computational efficiency, interpretability, and ease of 

implementation (Tesfaye et al., 2024). However, despite 

their widespread use, the relative performance of these 

classifiers often varies according to landscape 

characteristics, spectral complexity, class heterogeneity, 

and training data structure (Arpitha et al., 2023). As a 

result, classifier performance cannot be generalized 

across environments and requires evaluation under 

specific ecological and geographical conditions. 

This issue is particularly relevant in tropical savanna 

ecosystems, where the coexistence of cultivated lands, 

natural vegetation, built-up areas, exposed soils, and rock 

outcrops creates substantial spectral overlap among land 

cover classes (Awwal et al., 2025a). Although numerous 

LULC studies have been conducted in Nigeria and other 

tropical regions, comparatively few have systematically 

compared multiple ML classifiers using harmonized 

Sentinel-2 spectral datasets within the tropical savanna 

landscapes of northwestern Nigeria. Moreover, many 

existing studies such as Zhao et al. (2024) and Awwal et 

al. (2025a) employ pixel-level random validation 

procedures that may overestimate classification accuracy 

due to spatial autocorrelation between training and 

validation samples (Awwal et al., 2026). Spatially 

independent validation approaches based on polygon 

separation provide a more rigorous assessment of 

classifier generalization capability, yet their application 

remains relatively limited in regional LULC mapping 

studies. 

The present study conducts a comparative assessment 

of RF, SVM, and CART classifiers for LULC mapping in 

the tropical savanna landscape of Sabon Gari and Zaria, 

Kaduna State, Nigeria, using Sentinel-2 spectral bands 

and derived spectral indices. Unlike many previous 

investigations, the study incorporates polygon-based 

holdout validation to ensure spatial independence 

between training and validation datasets. The study 

therefore contributes both methodological and practical 

insights by evaluating classifier suitability under savanna 

conditions while providing a robust assessment 

framework for regional LULC mapping. Specifically, the 

objectives were to (i) generate Sentinel-2-based LULC 

maps using RF, SVM, and CART classifiers, (ii) evaluate 

and compare classifier performance using spatially 

independent validation metrics, and (iii) determine the 

relative importance of spectral variables for LULC 

discrimination within the study area. 

2 Materials and Methods 
2.1 Study Area 

The study was conducted in Sabon Gari and Zaria Local 

Government Areas of Kaduna State, northwestern Nigeria 

(Figure 1). The area lies within the Northern Guinea 

Savanna ecological zone and is characterized by a tropical 

continental climate with distinct wet and dry seasons 

(Abdulkadir et al., 2021). The landscape comprises a 

mosaic of agricultural land, built-up areas, natural 

vegetation, bare surfaces, rock outcrops, and water bodies, 

making it suitable for evaluating the performance of ML 

algorithms for LULC classification. 

 

 

 
Figure 1: Map of Kaduna State Showing Location of Study Area
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2.2 Satellite Data Acquisition and Pre-processing 

Sentinel-2 Surface Reflectance Harmonized imagery was 

acquired from the Copernicus programme through the 

Google Earth Engine (GEE) platform. Images covering 

the period from November 2024 to March 2025 were 

selected to ensure adequate temporal representation 

while minimizing seasonal data gaps. Only scenes with 

cloud cover less than 10% were retained for analysis. All 

images were radiometrically scaled by dividing digital 

numbers by 10,000 to obtain surface reflectance values. A 

median composite image was subsequently generated to 

reduce residual cloud contamination and temporal noise. 

The composite image was clipped to the study area 

boundary and used for all classification analyses. 

2.3 Spectral Feature Extraction 

Land cover classification was based exclusively on 

spectral information derived from Sentinel-2 imagery. Ten 

spectral bands representing the visible, red-edge, near-

infrared, and shortwave infrared regions were selected, 

and to enhance class separability, widely used spectral 

indices such as Normalized Difference Vegetation Index 

(NDVI), Normalized Difference Built-up Index (NDBI), 

Normalized Difference Wetness Index (NDWI), and Bare 

Soil Index (BSI) were computed. Table 1 summarizes 

variable sources utilized for the LULC classification. The 

final predictor dataset therefore consisted of fourteen 

variables comprising ten spectral bands and four spectral 

indices. 

 
Table 1: Spectral predictor variables used for land use/land cover classification  

Variable Description Band(s)/Formula Resolution 
(m) 

Source 

Blue Visible blue reflectance Band 2 (490 nm) 10 Sentinel-2 MSI 

Green Visible green reflectance Band 3 (560 nm) 10 Sentinel-2 MSI 

Red Visible red reflectance Band 4 (665 nm) 10 Sentinel-2 MSI 

Red 1 Red-edge reflectance Band 5 (705 nm) 20 Sentinel-2 MSI 

Red 2 Red-edge reflectance Band 6 (740 nm) 20 Sentinel-2 MSI 

Red 3 Red-edge reflectance Band 7 (783 nm) 20 Sentinel-2 MSI 

NIR Near-infrared reflectance Band 8 (842 nm) 10 Sentinel-2 MSI 

Narrow NIR Narrow near-infrared reflectance Band 8A (865 nm) 20 Sentinel-2 MSI 

SWIR 1 Shortwave infrared reflectance Band 11 (1610 nm) 20 Sentinel-2 MSI 

SWIR 2 Shortwave infrared reflectance Band 12 (2190 nm) 20 Sentinel-2 MSI 

NDVI Normalized Difference Vegetation Index (𝐵8 − 𝐵4)

(𝐵8 + 𝐵4)
 

10 Derived from 
Sentinel-2 

NDWI Normalized Difference Water Index (𝐵3 − 𝐵8)

(𝐵3 + 𝐵8)
 

10 Derived from 
Sentinel-2 

BSI Bare Soil Index (𝐵11 + 𝐵4) − (𝐵8 + 𝐵2)

(𝐵11 + 𝐵4) + (𝐵8 + 𝐵2)
 

10 Derived from 
Sentinel-2 

Note: B2, 3, 4, 8, 11 refer to Band 2, 3, 4, 8, and 11 

2.4 Reference Data Collection and Class Definition 

Reference samples representing major land use and land 

cover categories were digitized using high-resolution 

imagery and local knowledge of the study area. For the 

purpose of this study, six LULC classes were defined for 

the classification process, namely built-up, savanna 

grassland, dense vegetation, farmland, water bodies, and 

wasteland or rock outcrops. Reference samples were 

converted into polygon features and assigned class labels. 

Spectral values corresponding to each sample point were 

extracted from the Sentinel-2 composite image at a spatial 

resolution of 10 m. 

2.5 Polygon-Based Spatial Training and Validation Design 

To ensure spatial independence between training and 

validation data and to minimize spatial autocorrelation 

effects, an object-based holdout validation strategy was 

adopted. All reference polygons were assigned class labels 

and then randomly partitioned at the polygon level using 

a 70:30 split. Specifically, 70% of polygons from each class 

were allocated to model training, while the remaining 30% 

were reserved exclusively for independent validation. 

This design ensured that all pixels extracted from a given 

polygon belonged to either the training or validation 

dataset, but never both, thereby eliminating spectral and 

spatial leakage between datasets (Kılıç, 2026).  

2.6 Machine Learning Classification and LULC Map 
Generation 

Three supervised machine learning algorithms were 

evaluated for LULC mapping, viz; Random Forest (RF), 

Support Vector Machine (SVM), and Classification and 

Regression Tree (CART). Random Forest is an ensemble 

learning algorithm that constructs multiple decision trees 

and combines their outputs through majority voting. The 
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algorithm is known for its robustness to noise, ability to 

handle high-dimensional datasets, and resistance to 

overfitting (Breiman, 2001). In this study, the RF model 

was implemented using 100 trees within the GEE 

environment. Support Vector Machine is a non-

parametric classification algorithm that identifies optimal 

decision boundaries between classes in a 

multidimensional feature space (Salleh et al., 2024). A 

radial basis function (RBF) kernel was employed with a 

gamma value of 0.5 and a cost parameter of 10. Lastly, the 

CART algorithm constructs a binary decision tree by 

recursively partitioning the predictor space based on 

impurity reduction criteria. CART provides an 

interpretable classification framework and serves as a 

useful benchmark against more complex ML approaches 

(Zafar et al., 2024). To ensure a controlled comparison 

among the classifiers, hyperparameter tuning was not 

performed; instead, fixed parameter settings were 

specified a priori for each algorithm. All classifiers were 

trained using the same predictor variables and training 

dataset. Each trained classifier was applied to the 

Sentinel-2 composite image to generate a classified LULC 

map of the study area. Classification outputs were 

produced at a spatial resolution of 10 m and exported for 

subsequent analysis and visualization. 

2.7 Accuracy Assessment 

The performance of the machine learning classifiers was 

evaluated using an independent validation dataset 

derived from polygons excluded during model training. 

Classification accuracy was assessed using confusion 

matrices generated for each classifier. The metrics 

employed included Kappa coefficient, Overall Accuracy 

(OA), User’s Accuracy (UA), Producer’s Accuracy (PA), 

and F1-score. 

Overall Accuracy, which represents the proportion of 

correctly classified samples relative to the total number of 

validation samples, was computed as: 

 

𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
∑ 𝑇𝑖𝑖

𝑛
𝑖=1

𝑁
                   Eq. (1) 

 

where Tii denotes the number of correctly classified 

samples belonging to class i, n is the total number of 

classes, and N represents the total number of validation 

samples. 

Producer’s Accuracy (PA), which measures the 

probability that a reference sample is correctly classified 

(i.e., the ability of the classifier to correctly map actual 

ground truth samples), was computed as: 

 

𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑟′𝑠 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑖𝑖

∑ 𝑇𝑖𝑗
𝑛
𝑗=1

  Eq. (2) 

 

where Tii represents correctly classified samples in class i, 

while ∑ 𝑇𝑖𝑗
𝑛
𝑗=1  denotes the total number of reference 

samples belonging to class i.  

User’s Accuracy (UA), which indicates the probability 

that a sample classified into a given category actually 

represents that category on the ground, was computed as: 

 

𝑈𝑠𝑒𝑟′𝑠 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑖𝑖

∑ 𝑇𝑗𝑖
𝑛
𝑗=1

    Eq. (3) 

 

where Tii is the number of correctly classified samples in 

class i, and  ∑ 𝑇𝑗𝑖
𝑛
𝑗=1  represents the total number of samples 

classified into class i.  

The F1-score, which provides a harmonic mean of 

Producer’s Accuracy (Recall) and User’s Accuracy 

(Precision), was used to provide a balanced assessment of 

classification performance. It was computed as: 

 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 ×  
𝑃𝐴 × 𝑈𝐴

𝑃𝐴 + 𝑈𝐴
         Eq. (4) 

 

Cohen’s Kappa coefficient (κ) was employed to evaluate 

the degree of agreement between classified and reference 

pixels after accounting for agreement occurring by chance. 

It was estimated as: 

 

𝑘 =  
𝑝0− 𝑝𝑒

1− 𝑝𝑒
        Eq. (5) 

where 𝑝0  represents the observed agreement, equivalent 

to Overall Accuracy, while 𝑝𝑒  denotes the probability of 

chance agreement, computed as: 

 

𝑝𝑒 =  ∑ (
(∑ 𝑇𝑖𝑗

𝑛
𝑗=1 )(∑ 𝑇𝑗𝑖

𝑛
𝑗=1 )

𝑁2 )𝑛
𝑖=1             Eq. (6) 

 

Here, (∑ 𝑇𝑖𝑗
𝑛
𝑗=1 ) and (∑ 𝑇𝑗𝑖

𝑛
𝑗=1 ) correspond to the row and 

column totals, respectively, for class i, and N is the total 

number of validation samples. Higher κ values indicate 

stronger agreement between predicted and reference 

classifications, with values approaching 1.0 reflecting 

near-perfect classification performance. 

2.8 Variable Importance Analysis 

To assess the contribution of individual spectral variables, 

feature importance scores were extracted from the RF 

model. The importance values were used to identify the 

most influential spectral bands and indices for 

discriminating LULC classes within the tropical savanna 

environment.  

3 Results and Discussion 
3.1 Spectral Index Characteristics 

The spatial distribution of the spectral indices derived 

from Sentinel-2 imagery is presented in Figure 2(a-d). The 

Normalized Difference Vegetation Index (NDVI) ranged 

from -0.66 to 0.86, indicating substantial variation in 

vegetation cover across the study area. Higher NDVI 

values were concentrated in areas characterized by dense 
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vegetation and cultivated lands, whereas lower values 

were associated with built-up surfaces, exposed soils, 

water bodies, and rock outcrops.  

 

 

 
 

 

 

 
   

 

 

 
Figure 2: Spatial Distribution of Sentinel-2 Derived Spectral Indices (a) NDVI (b) NDBI (c) NDWI, and (d) BSI in the Study 

Area 

 

The Normalized Difference Built-up Index (NDBI) 

exhibited values ranging from 0.94 to 0.99, reflecting the 

spatial distribution of urbanized and impervious 

surfaces. Normalized Difference Water Index (NDWI) 

varied between -0.81 and 0.73, with positive values 

delineating water bodies and moisture-rich environments, 

while negative values corresponded largely to terrestrial 
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surfaces. The Bare Soil Index (BSI) ranged from 0.91 to 

0.99, highlighting areas of exposed soil and sparsely 

vegetated surfaces within the landscape. Collectively, the 

spectral indices revealed considerable spatial 

heterogeneity, displaying complementary information 

capable of aiding discrimination between different LULC 

classes in the tropical savanna environment. 

3.2 Land Use/Land Cover Maps from Individual Classifiers 

The LULC maps generated using the CART, SVM, and RF 

classifiers are presented in Figure 3(a-c). Visual 

comparison of the classification outputs showed that all 

three algorithms successfully identified the major land use 

and land cover classes within the study area, including 

built-up areas, savanna vegetation, dense vegetation, 

farmland, water bodies, and rock outcrops. Although the 

overall spatial patterns were broadly similar among the 

classifiers, noticeable differences were observed in the 

delineation and extent of certain classes, particularly 

farmland, savanna vegetation, and rock outcrops (Figure 

4). 

 

 
Figure 3: Land Use/Land Cover Maps Derived from CART, SVM, and Random Forest Classifiers in Sabon Gari–Zaria Area 

 
Figure 4: Comparative Area Statistics of Land Use/Land Cover Classes Derived from CART, SVM, and Random Forest Classifiers 

The CART classifier produced estimates of 7,577.46 ha for 

built-up areas, 24,730.49 ha for savanna vegetation, 287.80 

ha for dense vegetation, 16,991.89 ha for farmland, 457.95 

ha for water bodies, and 3,859.04 ha for rock outcrops 

(Figure 4). The SVM classifier mapped 7,093.99 ha of 

built-up land, 23,429.62 ha of savanna vegetation, 245.88 

ha of dense vegetation, 19,700.75 ha of farmland, 394.36 ha 

of water bodies, and 3,040.03 ha of rock outcrops. 

Similarly, the RF classifier estimated 7,546.30 ha of built-

up land, 23,964.89 ha of savanna vegetation, 260.09 ha of 

dense vegetation, 19,028.90 ha of farmland, 401.21 ha of 

water bodies, and 2,703.24 ha of rock outcrops. 
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Across all classifiers, savanna vegetation constituted 

the dominant land cover type, occupying between 

23,429.62 and 24,730.49 ha, followed by farmland, which 

ranged from 16,991.89 to 19,700.75 ha. Dense vegetation 

represented the least extensive class, accounting for less 

than 300 ha irrespective of the classifier used. Differences 

among the classifiers were most evident in the estimation 

of farmland and rock outcrop areas, whereas built-up 

areas, water bodies, and dense vegetation exhibited 

comparatively smaller variations. 

3.3 Spatial Agreement Analysis 

Spatial agreement between the RF classifier and the 

alternative classification approaches is illustrated in 

Figure 5. Comparison between RF and SVM (Figure 5a) 

revealed an agreement area of 45,775.25 ha and a 

disagreement area of 8,129.38 ha. In contrast, the RF–

CART comparison yielded a larger agreement area of 

48,964.57 ha and a smaller disagreement area of 4,940.06 

ha (Figure 5b). These results indicate a higher level of 

spatial consistency between the RF and CART 

classification outputs than between RF and SVM. 

 
Figure 5: Spatial Agreement and Disagreement between RF and other Classifiers (SVM & CART) 

Visual inspection of the agreement maps showed that 

disagreement was not concentrated in any single land-

use or land-cover category. Instead, disagreement pixels 

occurred as dispersed patches throughout the study area, 

frequently appearing along class boundaries and 

transition zones. This pattern suggests that classification 

uncertainty was primarily associated with edge effects 

and spectrally mixed areas rather than systematic 

confusion involving a particular land cover class. 

However, the large extent of agreement relative to 

disagreement demonstrates a substantial degree of 

consistency among the machine learning classifiers in 

representing the spatial structure of the landscape. 

3.4 Classification Accuracy Assessment 

The classification accuracy metrics for the RF, SVM, and 

CART classifiers are presented in Table 2, while the 

comparative Overall Accuracy (OA) and Kappa 

coefficient (κ) values are illustrated in Figure 6. 

Considerable differences in classification performance 

were observed among the evaluated ML algorithms. 
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Table 2: Class-wise Accuracy Assessment of LULC Classification Using RF, SVM, and CART Models 

LULC  RF 
 

SVM 
 

CART 
 

PA UA F1 
 

PA UA F1 
 

PA UA F1 

Built-up 92.58 93.25 92.91 
 

88.33 88.66 88.50 
 

88.16 88.66 88.41 

Savanna 65.78 98.86 78.00 
 

53.99 83.04 65.43 
 

67.68 84.68 75.21 

Dense Veg. 15.15 100.00 26.32 
 

15.15 100.00 26.32 
 

15.15 82.10 25.61 

Farmland 99.85 85.48 91.87 
 

96.78 81.83 88.68 
 

98.10 84.72 90.92 

Water 99.19 100.00 99.59 
 

98.71 100.00 99.35 
 

99.84 100.00 99.92 

Rock Outcrops 99.47 99.47 99.47 
 

97.34 96.71 97.02 
 

97.61 97.21 97.41 

Note: RF – random forest; SVM – support vector machines; CART – classification and regression trees; PA – producer’s accuracy 

(%); UA – user’s accuracy (%); F1 – F1 score (%).  

 

 

 

 
Figure 6: Comparison of (a) Overall Accuracy and (b) Kappa Coefficient for RF, SVM & CART 

The RF classifier achieved the highest overall 

classification performance, producing an OA of 91.13% 

and a κ of 0.894 (Figure 6a-b). The CART classifier ranked 

second with an OA of 84.62% and a κ of 0.832, whereas 

the SVM classifier recorded the lowest OA (82.89%) and 

κ (0.809). At the class level, all classifiers performed 

exceptionally well in identifying water bodies and rock 

outcrops, with PA and UA values generally exceeding 

97%. Farmland was also mapped with high reliability, 

particularly by the RF classifier, which achieved a PA of 

99.85% and an F1-score of 91.87%. Built-up areas 

exhibited consistently high classification accuracies 

across all classifiers, although RF again produced the 

strongest performance. In contrast, Dense Vegetation 

represented the most challenging class, recording a PA of 

only 15.15% across all classifiers despite relatively high 

UA values. Savanna vegetation exhibited moderate 

classification performance, with PA values ranging from 

53.99% for SVM to 67.68% for CART. 

The results demonstrate the superior performance of 

the RF algorithm in discriminating LULC classes within 

the study area, as evidenced by its higher overall 

agreement statistics and stronger class-specific accuracy 

measures. Based on the accuracy assessment results, the 

RF classifier was selected as the optimal model for LULC 

mapping in the study area, outperforming both CART and 

SVM. Consequently, the RF-derived LULC map was 

considered the most reliable representation of the spatial 

distribution of land use and land cover classes within the 

study area (Figure 7). 

A visual comparison of the classification outputs 

against high-resolution Google imagery in the vicinity of 

Shika Dam further supported the superiority of the RF 

classifier (Figure 8a-d). Although all three classifiers 

successfully identified the major land cover categories, the 

RF output exhibited greater spatial coherence and clearer 

delineation of landscape features. Class boundaries 

appeared more distinct, while the spatial arrangement of 

mapped features corresponded more closely with the 

reference imagery. In contrast, the SVM and CART 

outputs showed a comparatively fragmented 

classification pattern, with a greater occurrence of isolated 

pixels and localized inconsistencies along class 

boundaries. Differences among the classifiers were 

particularly evident in transitional areas where 

vegetation, farmland, and built-up surfaces occurred in 
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proximity.  

 
Figure 7: Final Land Use/Land Cover Map of the Study Area Derived from RF Classifier (2025) 

 



574 Awwal et al. (2026) 
  

 

 
Figure 8: Spatial Comparison of Classifier Outputs with Google Earth Imagery in the Vicinity of Shika Dam showing (a) Google 

Imagery (b) RF Classification (c) SVM Classification (d) CART Classification 

3.5 Feature Importance Analysis 

The relative importance of predictor variables derived 

from the RF classifier is presented in Figure 9. The results 

revealed substantial differences in the contribution of 

spectral bands and indices to classification performance. 

The most influential variable was the shortwave infrared 

band B11, with an importance score of 327.42, followed 

by B12 (314.53), B8A (299.85), B5 (289.50), B6 (272.63), and 

B7 (268.30). Among the derived spectral indices, NDWI 

recorded the highest importance score (236.94), followed 

by BSI (223.12), NDVI (222.84), and NDBI (205.84). 

Although the spectral indices contributed meaningfully 

to classification performance, their importance scores 

were generally lower than those of the most influential 

spectral bands. The visible bands B2, B3, and B4 exhibited 

moderate importance, with values ranging from 207.58 to 

229.75, while the broad near-infrared band B8 recorded 

the lowest importance score (198.36). 

 
Figure 9: Random Forest Variable Importance Ranking for 

Sentinel-2 Spectral Bands and Derived Indices. 

4 Discussions 

The primary objective of this study was to evaluate the 

performance of three ML algorithms for LULC mapping 

in a tropical savanna environment using Sentinel-2 

spectral information and derived indices. The results 

demonstrate that all three classifiers successfully captured 

the major land cover patterns of the Sabon Gari–Zaria 

landscape; however, substantial differences existed in 

their classification accuracy, spatial consistency, and 

representation of individual land cover classes. These 
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findings confirm that classifier selection remains an 

important determinant of mapping quality, even when 

identical training data and predictor variables are 

employed. 

4.1 Contribution of Spectral Variables to Land Cover 
Discrimination 

The spectral index maps revealed considerable 

heterogeneity in vegetation condition, moisture status, 

built-up development, and bare surface exposure across 

the study area. Such variability is expected in tropical 

savanna ecosystems, where agricultural lands, natural 

vegetation, settlements, and exposed surfaces often occur 

in close spatial proximity (Koko et al., 2020). The 

observed NDVI range (-0.66 to 0.86) indicates the 

presence of both highly vegetated and sparsely vegetated 

surfaces, while the NDWI and BSI distributions highlight 

substantial contrasts in surface moisture and soil 

exposure. These spectral differences enhanced class 

separability and contributed to the generally high 

classification accuracies achieved by the models. 

The feature importance analysis further demonstrates 

that classification performance was driven primarily by 

shortwave infrared (SWIR) and red-edge wavelengths. In 

particular, B11 and B12 emerged as the most influential 

variables, followed by B8A and the red-edge bands. This 

finding is consistent with previous studies that reported 

the superior capability of SWIR and red-edge regions for 

discriminating vegetation conditions, soil exposure, and 

moisture-related land cover characteristics in semi-arid 

and savanna environments (Xiao et al., 2020; Lin et al., 

2020). According to Solgi et al. (2023), SWIR wavelengths 

are particularly sensitive to vegetation water content and 

soil moisture, making them effective for separating 

cropland, natural vegetation, and exposed surfaces. 

Similarly, the strong contribution of the red-edge bands 

may be attributed to their sensitivity to chlorophyll 

content and vegetation vigor, properties that are highly 

relevant for distinguishing savanna vegetation from 

cultivated fields and dense vegetation (Xiao et al., 2020). 

Interestingly, the derived indices were less important 

than several of the original spectral bands. Although 

NDWI, BSI, and NDVI ranked among the more 

influential predictors, none surpassed the importance of 

B11, B12, or B8A. This pattern likely reflects the ability of 

RF to exploit the raw spectral information contained in 

individual bands directly, including nonlinear 

relationships and interactions among predictors, without 

requiring the information to be transformed into spectral 

indices. This suggests that while spectral indices enhance 

class discrimination by emphasizing specific land surface 

properties, substantial discriminatory information 

remained embedded within the original Sentinel-2 

spectral bands. Similar observations have been reported 

by Tesfaye et al. (2024) and Zhao et al. (2024), who found 

that ML algorithms often extract greater predictive value 

from the complete spectral dataset than from a limited set 

of derived indices alone. 

4.2 Differences in Land Cover Estimates Among Classifiers 

Although the three classifiers produced broadly similar 

spatial patterns, notable differences were observed in the 

estimated extents of farmland, savanna vegetation, and 

rock outcrops. Such variations are not unexpected because 

each algorithm partitions feature space differently and 

responds uniquely to spectral overlap among classes 

(Zhao et al., 2024). Farmland exhibited the greatest 

variability, ranging from approximately 16,992 ha under 

CART to 19,701 ha under SVM. This disparity likely 

reflects the spectral complexity of agricultural landscapes 

within the study area, where cultivated fields may occur 

in different phenological stages and share spectral 

characteristics with surrounding savanna vegetation. 

Similarly, the differences observed in rock outcrop 

estimates may be associated with spectral confusion 

between exposed rock surfaces, bare soils, and sparsely 

vegetated areas. In tropical savanna environments, these 

classes frequently exhibit overlapping reflectance 

characteristics, particularly during the dry season when 

vegetation cover is reduced (Obade & Lal, 2013). The 

relatively smaller differences observed for built-up areas 

and water bodies suggest that these classes possess more 

distinctive spectral signatures, allowing them to be 

consistently identified irrespective of classifier choice. 

The dominance of savanna vegetation across all 

classification outputs is consistent with the ecological 

characteristics of the study area and aligns with previous 

land cover assessments conducted within the northern 

Guinea savanna zone of Nigeria (Akintuyi et al., 2021; 

Awwal et al., 2025a). Likewise, the limited extent of dense 

vegetation reflects the fragmented nature of closed-

canopy vegetation in this predominantly agricultural and 

urbanizing landscape. 

4.3 Spatial Agreement and Sources of Classification 
Uncertainty 

The spatial agreement analysis provides additional 

insight into classifier behaviour beyond conventional 

accuracy statistics. Although RF achieved the highest 

overall performance, its agreement with CART (48,964.57 

ha) exceeded its agreement with SVM (45,775.25 ha). This 

suggests that RF and CART produced more similar spatial 

representations of land cover despite differences in their 

overall accuracies. The dispersed nature of disagreement 

pixels is particularly noteworthy. Rather than being 

concentrated within specific land cover classes, 

disagreements occurred predominantly along class 

boundaries and transitional zones. Such patterns are 

characteristic of mixed-pixel effects and spatial 

heterogeneity, where a single pixel may contain multiple 
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land cover components (He et al., 2023). Transition zones 

between farmland and savanna vegetation are especially 

susceptible to this phenomenon because vegetation cover 

often varies continuously rather than abruptly. 

This finding indicates that classification uncertainty 

within the study area is primarily spatial rather than 

thematic. In other words, the classifiers generally agreed 

on the identity of major land cover classes but differed in 

the precise placement of boundaries. Similar patterns 

have been reported in savanna and agricultural mosaics 

where gradual ecological transitions create ambiguity in 

class assignment (Akintuyi et al., 2021). 

4.4 Comparative Performance of RF, SVM, and CART 

The accuracy assessment clearly identified RF as the best-

performing classifier, achieving an Overall Accuracy of 

91.13% and a Kappa coefficient of 0.894. These values 

indicate excellent classification performance and 

substantial agreement between classified and reference 

data (Usman & Awwal, 2025). The superiority of RF over 

SVM and CART has been widely documented in remote 

sensing literature (Chafiq et al., 2024; Tesfaye et al., 2024; 

Zafar et al., 2024), particularly for heterogeneous 

landscapes characterized by complex spectral 

relationships. 

Several factors likely contributed to the superior 

performance of RF in this study. First, RF employs an 

ensemble learning strategy that combines predictions 

from numerous decision trees, thereby reducing variance 

and improving model stability (Cai et al., 2025). Second, 

the algorithm is capable of modelling complex nonlinear 

relationships among predictor variables without 

requiring assumptions regarding data distributions. 

Third, RF is relatively robust to noise, multicollinearity, 

and high-dimensional datasets, characteristics that are 

particularly advantageous when using multiple spectral 

bands and derived indices (Breiman, 2001). 

In contrast, SVM produced the lowest overall 

performance despite its reputation as a powerful 

classifier. The comparatively lower accuracy may be 

linked to the heterogeneous nature of the study landscape 

and the spectral overlap among vegetation-related 

classes. While SVM performs exceptionally well when 

class boundaries are distinct, its performance can decline 

when classes exhibit substantial spectral mixing or when 

parameter selection is suboptimal (Zafar et al., 2024). The 

moderate performance of CART likely reflects the 

limitations of single-tree classifiers, which are generally 

more susceptible to overfitting and may not capture 

complex interactions among predictor variables as 

effectively as ensemble methods (Jodhani et al., 2025). 

The visual comparison around Shika Dam further 

reinforces these quantitative findings. The RF output 

displayed greater spatial coherence, more realistic land 

cover patches, and clearer delineation of landscape 

features. Such characteristics are consistent with the 

smoothing effect often associated with ensemble-based 

classifiers, which tend to suppress isolated classification 

artefacts while preserving meaningful spatial patterns 

(Yassin et al., 2026). Conversely, the more fragmented 

appearance of the SVM and CART outputs suggests 

greater sensitivity to local spectral variability and 

boundary effects. 

4.5 Class-Specific Performance and Classification Challenges 

The class-level accuracy metrics provide additional 

insight into the strengths and limitations of the evaluated 

classifiers. Water bodies consistently achieved the highest 

accuracy across all models, with both PA and UA 

approaching or reaching 100%. This result is unsurprising 

because water possesses a highly distinctive spectral 

signature, particularly within the NIR and SWIR regions 

where reflectance values are markedly lower than those of 

terrestrial surfaces (Xiao et al., 2020). 

Rock outcrops also exhibited exceptionally high 

classification accuracies. The strong performance of this 

class may be attributed to its unique spectral response and 

the effectiveness of SWIR-based variables in 

distinguishing exposed rock surfaces from surrounding 

land cover types. The importance ranking of B11 and B12 

supports this interpretation (Yu et al., 2020). Farmland and 

built-up areas similarly achieved high accuracies, 

particularly under RF. The strong performance of these 

classes suggests that the combination of Sentinel-2 

spectral bands and derived indices effectively captured 

the spectral properties associated with cultivated fields 

and urban surfaces. The contribution of NDWI, BSI, and 

NDBI likely enhanced discrimination by emphasizing 

moisture conditions, bare surfaces, and impervious 

features, respectively. 

The most challenging class was dense vegetation, 

which recorded a PA of only 15.15% across all classifiers. 

This indicates that a large proportion of reference dense 

vegetation samples were omitted and assigned to other 

classes. Given the relatively small mapped extent of dense 

vegetation (<300 ha), this outcome may reflect class 

imbalance, whereby minority classes are 

underrepresented relative to dominant classes such as 

savanna vegetation and farmland (Zafar et al., 2024). 

Furthermore, dense vegetation patches within the study 

area are often small, fragmented, and embedded within 

broader vegetation mosaics, increasing the likelihood of 

mixed pixels and spectral confusion. 

Savanna vegetation also exhibited comparatively 

lower PA values. This result likely reflects the transitional 

nature of savanna ecosystems, where vegetation structure 

and composition vary continuously across space. The 

spectral similarity between savanna vegetation and 
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agricultural fields, particularly during active growing 

periods, may have contributed to increased confusion 

between these classes. Comparable challenges have been 

reported in other tropical savanna studies where 

agricultural and natural vegetation classes display 

overlapping spectral characteristics (Akintuyi et al., 2021; 

Awwal et al., 2026). 

These findings indicate that while all three ML 

algorithms successfully mapped the principal land cover 

classes of the study area, RF provided higher accuracy, 

spatial coherence, and operationally reliable 

classification. The results therefore support the use of RF 

for Sentinel-2-based LULC mapping in tropical savanna 

landscapes characterized by heterogeneous land cover 

assemblages and complex vegetation–agriculture 

mosaics. However, these findings should be interpreted 

in light of several limitations. The use of a single Sentinel-

2 composite may not fully capture seasonal variability, 

while reference data derived primarily from high-

resolution imagery and local knowledge may introduce 

uncertainty in class delineation. Although polygon-level 

partitioning reduced spatial leakage, residual spatial 

autocorrelation may persist among nearby polygons. The 

use of spectral predictors alone, absence of 

hyperparameter tuning, and resampling of some 20-m 

bands to 10 m may also constrain the generalization of 

these findings. 

5 Conclusion  

This study evaluated the performance of RF, SVM, and 

CART algorithms for LULC mapping in the tropical 

savanna landscape of Sabon Gari and Zaria, Kaduna 

State, Nigeria, using Sentinel-2 spectral bands and 

derived indices. The results demonstrated that all three 

classifiers successfully identified the major LULC classes; 

however, their classification accuracies and spatial 

representations differed considerably. Among the 

evaluated models, RF achieved the highest classification 

performance, recording an OA of 91.13% and κ of 0.894, 

thereby outperforming both CART and SVM. 

The classification outputs revealed that savanna 

vegetation and farmland constitute the dominant land 

cover types within the study area, while dense vegetation 

occupies only a limited proportion of the landscape. 

Spatial agreement analysis showed substantial 

consistency among the classifiers, with most 

disagreements occurring along class boundaries and 

transitional zones rather than within specific land cover 

classes. Feature importance analysis further indicated that 

shortwave infrared and red-edge bands contributed most 

strongly to class discrimination, highlighting the 

importance of moisture, vegetation condition, and soil 

exposure in differentiating tropical savanna land covers. 

In conclusion, the findings confirm the suitability of 

Sentinel-2 data and ML approaches for LULC mapping in 

heterogeneous savanna environments and demonstrate 

the superior capability of the RF algorithm for producing 

accurate and spatially coherent classification outputs. The 

study therefore supports the use of RF for LULC mapping 

and environmental monitoring in tropical savanna 

landscapes with similar ecological characteristics. 

However, the findings should be interpreted within the 

spatial and methodological context of this study, 

particularly the relatively limited study extent, seasonal 

image composite, spectral-only predictor set, and 

predefined model parameters. Further evaluation across 

larger areas, multiple seasons, and independently 

collected field reference data would strengthen the 

transferability of the workflow to other savanna 

landscapes. 
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