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Abstract:  Monitoring vegetation canopy cover is vital for ecological balance, biodiversity preservation, 

and sustainable land management in the Marathwada region of Maharashtra, India, where agricultural 

growth, deforestation, and climate variability have driven significant environmental shifts. This study 

employs MODIS satellite imagery (2013–2023) to assess vegetation dynamics through integrated remote 

sensing and machine learning approaches. Pre-processing involved Dark Object Subtraction (DOS) for 

atmospheric correction, pixel normalization, and geometric alignment to ensure data accuracy. The 

Normalized Difference Vegetation Index (NDVI) served as the primary metric for vegetation density, with 

classification performed using supervised methods (Random Forest, XGBoost, Maximum Likelihood 

Classification) and unsupervised techniques (PCA + K-Means clustering). Random Forest achieved 

perfect classification accuracy (100%), followed closely by XGBoost (99.29%), surpassing Maximum 

Likelihood Classification (98.31%) and K-Means clustering. Temporal analysis revealed canopy cover 

fluctuations, with losses linked to urbanization and deforestation, alongside localized regrowth. PCA-

based feature reduction preserved 94% of data variance, enhancing classification efficiency. The study 

achieved over 85% overall accuracy, highlighting the efficacy of ensemble classifiers (Random Forest and 

XGBoost) for precise land cover mapping and the utility of PCA + K-Means for initial vegetation analysis. 

These insights support environmental monitoring, climate impact evaluation, and sustainable land-use 

strategies in ecologically critical regions. 

Index Terms - NDVI, Vegetation Canopy Cover (VCC), Remote Sensing, Maximum Likelihood 

Classification, MODIS Imagery, PCA + K-Means 

 

I. INTRODUCTION 

Vegetation canopy cover represents a critical ecological parameter that provides fundamental insights into 

ecosystem dynamics, climate regulation, and biodiversity conservation [1]. The spatial and temporal 

variations in vegetation cover significantly impact global environmental processes, including carbon 

sequestration, hydrological cycles, and climate change mitigation [2, 3]. Remote sensing (RS) 

technologies have emerged as powerful tools for monitoring and analyzing vegetation dynamics across 

large geographical scales, offering comprehensive and cost-effective approaches to landscape assessment 

[4-6]. 
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In recent decades, the integration of satellite-based RS and advanced machine learning (ML) techniques 

has revolutionized vegetation monitoring methodologies [7]. Normalized Difference Vegetation Index 

(NDVI), a widely used spectral vegetation indicator, enables researchers to quantify vegetation density 

and health by leveraging the differential reflectance characteristics of vegetation in red and near-infrared 

spectral bands [8, 9]. Gandhi, G. Meera, et al.(2015) highlighted the significance of NDVI in assessing 

vegetation cover dynamics, particularly in regions experiencing complex land-use transformations [10, 

11]. 

The Marathwada region in Maharashtra, India, presents a unique ecological landscape characterized by 

significant agricultural and environmental transitions. Previous studies have demonstrated substantial 

land-use changes in this region, underscoring the importance of comprehensive vegetation cover 

monitoring [12, 13]. However, existing classification methodologies face challenges related to spectral 

variability, mixed land cover types, and the requirement for accurate ground truth data [14]. 

This research aims to address these challenges by: 

 Developing a robust vegetation canopy cover classification methodology 

 Comparing unsupervised (K-Means) and supervised (Maximum Likelihood Classification) 

approaches 

 Evaluating the effectiveness of NDVI-based classification techniques 

 Contributing to advanced vegetation monitoring strategies in the Marathwada region 

The study leverages a decade-long MODIS satellite imagery dataset (2013-2023), employing sophisticated 

preprocessing techniques and machine learning algorithms to extract precise vegetation cover information. 

By integrating Dark Object Subtraction (DOS), pixel normalization, and geometric correction, we enhance 

the accuracy and reliability of our classification process [15, 16]. 

Google Earth Engine (GEE) API for Python 

The Google Earth Engine (GEE) Python API provides a strong interface for retrieving and examining 

satellite imagery and geographical data within a cloud-based system. The API, designed for researchers, 

scholars, and developers, enables comprehensive geospatial analysis, supporting applications such as 

remote sensing, environmental oversight, and resource management[17]. Users can effortlessly analyze, 

visualize, and obtain insights from a multi-petabyte dataset of satellite images. The Python API seamlessly 

works with major libraries like NumPy, Pandas, and TensorFlow, enabling advanced machine learning 

and data analysis tasks[18]. GEE remains free of charge for academic and research purposes, making it an 

essential tool for extensive environmental research and decision-making.  

II. RELATED STUDIES 

The classification of vegetation canopy cover by remote sensing and machine learning approaches is an 

advancing domain that utilizes sophisticated technologies to enhance precision and efficacy in 

environmental monitoring. Remote sensing offers a non-intrusive method for data collection across 

extensive regions, whereas machine learning methods improve the accuracy of canopy cover assessments. 

This integration is essential for applications spanning agriculture, urban planning, and forest management. 

The subsequent sections delineate diverse methodologies and conclusions derived from recent research. 

2.1 Remote Sensing Techniques 

High-resolution hyperspectral and multispectral images obtained from UAVs and gantry-based scanners 

is utilized to assess canopy cover. These methods employ the distinctive spectral patterns of vegetation in 

the visible and near-infrared wavelengths to differentiate vegetation from other components [19]. 

PlanetScope imagery, with its multispectral bands, is utilized to calculate vegetation indices for canopy 

cover modelling, illustrating the efficacy of satellite data in forest management [20]. 

2.2 Machine Learning Approaches 

Rule-based approaches, Support Vector Machines (SVM), and Random Forest (RF) are frequently 

employed for canopy cover categorization. The rule-based approach, albeit responsive to mixed pixels, 

provides quicker processing speeds than SVM and RF, rendering it appropriate for high-throughput 

applications [21]. Deep learning methods, such as U-Net CNN, provide enhanced accuracy in analysing 

urban tree canopy coverage, albeit necessitating extended training duration [22]. The Light Gradient 

Boosting Machine has been recognized as the optimal model for predicting canopy cover in young boreal 
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forests, surpassing other regression models in fit statistics [20]. Whereas this research underscores the 

efficacy of remote sensing and machine learning in canopy cover assessment, problems persist. The 

susceptibility of specific approaches to mixed pixels and the requirement for substantial training data for 

deep learning models are significant constraints. The amalgamation of diverse data sources, including 

Landsat and Sentinel-2A, can augment temporal and spatial analysis, providing a more thorough 

comprehension of vegetation dynamics [23]. Table 1 provides a comparative review of multiple research 

articles that examine canopy cover assessment through remote sensing and machine learning 

methodologies. The research utilises many strategies, encompassing conventional machine learning 

classifiers like Support Vector Machines (SVM) and Random Forest (RF), in addition to sophisticated 

deep learning techniques such as U-Net CNN. 

Table 1:Summary of Canopy Cover Assessment Studies 

Studied by  Methods Used Results Dataset 

 Maimaitijiang, 

M., et al 2021 [21] 

Rule-based approach 

utilizing spectral 

patterns in the visible 

and near-infrared 

regions; evaluated 

against Support 

Vector Machine and 

Random Forest 

algorithms. 

 

The rule-based technique 

demonstrated accuracy 

comparable to that of SVM 

and RF. Enhanced 

identification of diminutive 

leaves; Accelerated 

processing, although 

susceptible to mixed pixels 

and darkened regions. 

High-resolution 

multispectral and 

hyperspectral imagery 

from agricultural fields in 

Maricopa (AZ), Columbia 

(MO), and Urbana (IL) 

collected between 2017 

and 2020 using UAV and 

Gantry platforms. 

Morgan, G.R., et a 

[22]  

U-Net CNN, SVM, 

and RF classifiers for 

urban tree canopy 

assessment 

 

U-Net CNN exhibited the 

highest accuracy (89.8%-

91.4%) but necessitated 

extended training duration; 

urban tree loss correlated 

with rising temperatures. 

 

Aerial photography from 

2012 over two southern 

U.S. cities; Recent 

imagery utilized to assess a 

decade of canopy change; 

Landsat 9 thermal data 

employed for urban heat 

mapping. 

Gyawali, A., et al 

[20] 

Linear Regression, 

Elastic Net,SVM, RF, 

Extreme Gradient 

Boosting, LightGBM. 

 

LightGBM exhibited 

superior performance (R²: 

0.69 for training, 0.64 for 

testing; RMSE: 0.16; MAE: 

0.12) 

PlanetScope multispectral 

imaging (green, blue, red, 

NIR); 43 vegetation 

indices calculated 

 

Rohith, K., et al. 

[24] 

Machine learning and 

image processing for 

vegetation 

classification; 

Sentinel-2A  

Enhanced categorisation 

precision; Efficient 

monitoring of vegetative 

alterations throughout time. 

Landsat multispectral 

images; Sentinel-2A data 

for temporal analysis 

 

Smith, O. and H. 

Cho [25] 

CanoClass system 

employing RF and 

Extra Trees 

algorithms (scikit-

learn); ARVI index 

for atmospheric 

adjustment 

 

CanoClass exhibited a speed 

increase of 283% to 464% 

compared to Feature 

Analyst, with an accuracy 

ranging from 87.56% to 

87.62%. 

 

NAIP four-band (RGB + 

NIR) images from 2015, 

comprising 731 GB of data 

across 3913 quarter quad 

tiles. Compatible with 

Landsat 8 and Sentinel-2 

satellites 

Nasiri, Vahid, et 

al.[26] 

RF, SVM, Elastic Net 

(ENET), and Extreme 

Gradient Boosting 

(XGBoost). 

 

RF had superior 

performance (R² = 0.67, 

RMSE = 18.87%, MAE = 

15.35%), but Elastic Net 

shown inferior performance 

(R² = 0.63, RMSE = 

20.04%, MAE = 16.44%). 

Sentinel-2 multispectral 

bands, UAV-derived 

canopy data, vegetation 

indices (NDVI, NDRE, 

NDI45). 
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Saini, Rashmi[27] RF, AdaBoost 

 

RF attained an accuracy of 

91.23% (kappa = 0.89), 

whereas AdaBoost earned 

an accuracy of 88.59% 

(kappa = 0.86). 

RapidEye satellite images 

and vegetation indices 

 

 

III. METHODOLOGY 

3.1 Study Area 

The study focuses on the Marathwada region in Maharashtra, India. This region comprises eight districts: 

Aurangabad, Jalna, Bid (Beed), Parbhani, Latur, Nanded, Osmanabad, and Hingoli as showing figure 1. 

Marathwada has a semi-arid environment, characterized by undulating terrain and varied soil types, hence 

designating it as a significant agricultural area[28]. The region has monsoon rainfall from June to 

September, with an annual average ranging from 600 to 900 mm, depending on the district.  Summers 

often exhibit high temperatures ranging from 40 to 45°C, and winters are characterized by moderate 

conditions, averaging from 10 to 15°C[29]. The southern and western regions include black soil, optimal 

for cultivating cotton and soybeans, whilst the eastern part is distinguished by red and lateritic soils, 

suitable for pulses and oilseeds[29]. The Godavari River Basin influences the region's hydrology, 

providing agricultural water and sustaining wildlife. The shapefile was obtained from the official survey 

of India online maps portal[30]. The geometries of the selected districts are amalgamated to create a 

unified research region, enabling efficient geospatial analysis. 

 

Figure 1: Study Area Map Location of Marathwada Region 

3.2 Dataset 

The present study uses NDVI imagery obtained from MODIS (Moderate Resolution Imaging 

Spectroradiometer) satellite data, particularly from the MOD09A1 product (Collection 061). The dataset 

covers the Marathwada area of Maharashtra, India, from 2013 to 2023. The MOD09A1 product offers 8-

day surface reflectance composites with a spatial resolution of 500 meters, making it suitable for 

vegetation study. Data is obtained using GEE api using python by filtering photos according to 

geographical bounds (marathwada_geometry) and a temporal range (start_date to end_date). NDVI is 

calculated using three essential spectral bands: Red (Band 1 - sur_refl_b01), Near-Infrared (NIR) (Band 2 

- sur_refl_b02), and Blue (Band 3 - sur_refl_b03). The NIR band (Band 2) is crucial for vegetation 

analysis, as healthy plants exhibit significant reflection of near-infrared light while absorbing visible light, 

particularly in the red spectrum. The pronounced reflectance in the near-infrared spectrum, relative to red 

light absorption, facilitates the differentiation of vegetation from other land cover types and the evaluation 

of plant health. Elevated NIR reflectance signifies abundant and robust vegetation, whereas decreased 
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values imply stress, sparse vegetation, or non-vegetated regions. To improve data quality, preprocessing 

involves cropping photos to the Marathwada area, calculating a median composite to reduce noise and 

cloud interference, and reprojecting the data to a uniform 1000m resolution for uniformity. The final 

processed images are exported in GeoTIFF format for subsequent analysis.  

a 

b 

 

True color composites are generated by allocating distinct spectral bands to the red, green, and 

blue channels to improve the interpretability of satellite images. The conventional true-color composite 

(RGB: 1, 2, 3) closely mirrors natural human perception, with flora shown in green, aquatic bodies in blue, 

and arid areas in brown as shown in figure 2 (a). Furthermore, false-color composites (RGB: 2, 1, 3) are 

used to emphasize vegetation health, with near-infrared (NIR) reflectance allocated to the red channel, 

resulting in healthy vegetation appearing brilliant red, whereas non-vegetated regions manifest in hues of 

brown or gray as shown in figure 2 (b). ‘ 

 

 

 

 

 

 

 

 

Figure 2:Samples images of True-color composite and False Color-color composite 
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3.3 Methodology 

Figure 3 illustrates a systematic process for classifying vegetative canopy cover (VCC) utilising remote 

sensing data and machine learning algorithms. The procedure has five primary stages: Data Collection, 

Pre-processing, Calculation of Vegetation Indices, Selection of Training Samples, and Classification.  

 

Figure 3:Methodology for Vegetation Canopy Cover (VCC) Classification 

 

Data Collecting: The data collecting step use GEE, a cloud-based platform for acquiring remote sensing 

data. The study area is delineated according to established geographic boundaries. Filters are utilised to 

enhance the dataset by eliminating undesirable variations, and a designated time frame is chosen to 

maintain temporal consistency in the data.  

Preprocess the Images: The pre-processing of satellite imagery entails several correction approaches to 

improve data quality and precision. Dark Object Subtraction (DOS) is a technique for atmospheric 

correction employed to reduce the impact of haze and aerosols in satellite images[31]. It establishes the 

lowest atmospheric influence by determining the first percentile pixel value of the image and removing it 

from each pixel value. To avert distortions, all adverse events are assigned a value of zero. This procedure 

enhances the precision of remote sensing data by mitigating atmospheric effects. This is accomplished by 

deducting the darkest pixel value at the 1st percentile (𝑳𝒎𝒊𝒏) from the raw satellite pixel value (𝑳𝒓𝒂𝒘). The 

adjusted pixel value (𝑳𝑫𝑶𝑺) is subsequently derived using the equation (1). 

 
𝑳𝑫𝑶𝑺 = 𝑳𝒓𝒂𝒘 − 𝑳𝒎𝒊𝒏           … … … … … . . (1) 

For sure accurate outcomes, any negative pixel values resulting from subtraction are assigned a value of 

zero, mathematically represented as equation (2) 

𝑳𝑫𝑶𝑺 = 𝒎𝒂𝒙(𝟎, 𝑳𝒓𝒂𝒘 − 𝑳𝐦𝐢𝐧) … … … … . . (2) 

Radiometric Correction is performed to correct sensor-related variations and ensure consistency in 

satellite imagery by converting raw digital numbers into reflectance values[32]. This process involves 

applying a gain and offset transformation, where the pixel values obtained after atmospheric correction[33, 

34]. 𝑳𝑫𝑶𝑺 are modified by a sensor-specific calibration coefficient (Gain) and refined using an additional 

correction factor (Offset). This is mathematically represented as Equation (3). 

𝑳𝒄𝒐𝒓𝒓𝒆𝒄𝒕𝒆𝒅  =  (𝑳𝑫𝑶𝑺  × 𝑮𝒂𝒊𝒏 ) + 𝑶𝒇𝒇𝒔𝒆𝒕 … … … … … . (3) 

Here, Gain corrects sensor sensitivity differences; Offset fixes systematic measurement biases. This 

change ensures that data from different imaging conditions or sensors remains consistent. Moreover, any 

negative post-transformation results are given a value of zero to prevent false values, hence ensuring 
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physically relevant reflectance values. Exact Top of Atmosphere (TOA) reflectance is obtained by means 

of this process, which is required for quantitative remote sensing study.  

Geometric correction is an essential procedure that aligns satellite imagery with actual geographic 

coordinates through the use of Ground Control Points (GCPs)[35]. GCPs are reference markers with 

established latitude and longitude coordinates that facilitate precise mapping between picture pixels and 

corresponding locations on the Earth's surface. Utilising these control points, the distorted or misaligned 

satellite image is rectified to ensure its characteristics correspond accurately with established geographic 

locations. A transformation matrix is utilised to execute geometric correction by repositioning pixels 

according to their original coordinates (𝑥, 𝑦) and converting them into corrected coordinates (𝑥′, 𝑦′). The 

transformation parameters (𝑎, 𝑏, 𝑐, 𝑑, 𝑒, 𝑓) are ascertained by interpolation methods, such Thin Plate 

Spline (TPS) interpolation or Affine Transformation. The TPS approach guarantees seamless and 

adaptable image warping to rectify distortions while preserving geometric precision. The transformation 

equation for geometric correction is represented as equation (4) 

[
𝑥′

𝑦′

1

] = [
𝑎 𝑏 𝑐
𝑑 𝑒 𝑓
0 0 1

] [
𝑥   

𝑦  

1
] … … … … . . (4) 

Here, (𝑥′, 𝑦′) represent the adjusted pixel coordinates. Coordinates (x, y) represent the original pixel 

locations. a, b, c, d, e, f are transformation parameters obtained via Thin Plate Spline (TPS) or Affine 

Transformation.  

Compute Vegetation Indices: Following to executing geometric correction, vegetation indices (VIs) are 

computed to assess vegetation health and density in satellite data. The Normalised Difference Vegetation 

Index (NDVI) is the most prevalent statistic among these. NDVI evaluates vegetation vitality by 

quantifying the disparity between near-infrared (NIR) and red-light reflectance, as healthy plants exhibit 

high NIR reflectance and absorb red light for photosynthesis[36-38]. The NDVI is calculated using the 

following equation (5). NDVI values go from -1 to +1, offering insights into surface attributes[39]. 

Negative readings, generally near -1, signify the existence of water, snow, or clouds[40]. Values near 0 

indicate desolate terrain, stony landscapes, or urbanised regions with scant flora[41]. NDVI values ranging 

from 0.2 to 0.5 indicate sparse vegetation or grasslands, signifying moderate plant coverage[42]. Values 

over 0.6 denote dense and thriving vegetation, including woods or well-irrigated agricultural areas, 

reflecting vigorous plant growth and chlorophyll activity[43, 44]. 

𝑁𝐷𝑉𝐼 = (
𝑁𝐼𝑅 +  𝑅𝑒𝑑

𝑁𝐼𝑅 −  𝑅𝑒𝑑
) … … … … (5) 

Here, NIR (Near-Infrared Band): Indicates the reflectance in the near-infrared spectrum, which is 

significantly reflected by healthy plants. Red (Red Band): Denotes the reflectance within the visible red 

spectrum, which is absorbed by chlorophyll in vegetation. 

 

Figure 4:Normalised Difference Vegetation 

Index (NDVI) 

 

Figure 5:Mean NDVI by Year 

 

The NDVI maps for several months and years are shown in Figure 4, which shows the density and health 

of the vegetation in the research area. Healthy vegetation is indicated by higher NDVI values (green), 

whereas sparse or stressed vegetation is indicated by lower values (red). The yearly mean NDVI values 

from 2013 to 2023 are displayed in Figure 5, emphasising the interannual differences in vegetative health. 
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While preceding years exhibit minor swings, 2020 saw the greatest mean NDVI (0.431), indicating a time 

of improving vegetative conditions. 

Vegetation Canopy Cover (VCC) Classification: After to computing the Normalised Difference 

Vegetation Index (NDVI), the ensuing procedures are executed to identify vegetation and analyse land 

cover proficiently. The Vegetation Canopy Cover (VCC) classification employs a rule-based methodology 

to classify vegetation density levels according to NDVI readings as show in table 2. This classification 

aids in recognising various land cover types and evaluating vegetation health. 

Table 2:Classification Rules for Vegetation Canopy Cover Assessment[45, 46]. 

NDVI Range VCC 

Value 

Vegetation Type 

NDVI < 0.1 0 Bare Land / Water 

0.1 ≤ NDVI < 0.3 1 Sparse Vegetation 

0.3 ≤ NDVI < 0.5 2 Moderate Vegetation 

0.5 ≤ NDVI < 0.7 3 Dense Vegetation 

NDVI ≥ 0.7 4 Very Dense Vegetation 

Once the VCC classification criteria are established, the next critical step is training sample selection to 

ensure accurate vegetation categorization. The process involves creating labeled training sample points 

from the pre-processed NDVI and VCC datasets, which serve as reference or ground truth data for training 

and evaluating machine learning classification models. A total of 124,548,600 samples were generated, 

consisting of NDVI values as input features and corresponding VCC classes as reference labels to guide 

the learning process and assess model performance. To build a well-balanced and diverse dataset, 

representative training samples are carefully chosen across different vegetation categories, including bare 

land, sparse vegetation, moderate vegetation, dense vegetation, and very dense vegetation. These samples 

accurately reflect real-world land cover conditions, ensuring that the dataset captures natural variations[47, 

48]. Once selected, these training samples are used to prepare training data for machine learning 

algorithms, enabling classifiers to learn patterns associated with different vegetation types. A well-

structured training dataset enhances model performance, classification accuracy, and generalization 

ability, leading to more reliable vegetation mapping and land cover analysis. These ground truth samples 

help machine learning models precisely differentiate among various vegetation classes, ultimately 

improving the robustness and dependability of the classification system. In this process, NDVI images 

and VCC classified images are loaded from predefined directories (preprocessed_data/NDVI and 

preprocessed_data/VCC). The script ensures that NDVI and VCC files are correctly matched, and it 

extracts NDVI values as features (X) and VCC classes as labels (y). Invalid or missing values (NaNs) are 

removed before appending the cleaned data to the training set. This method results in a well-structured 

dataset, as demonstrated by the successful loading of 124,548,600 samples for training, ready for further 

classification using machine learning techniques.  

 

Figure 6: Percentage Values of Each Vegetation Canopy Cover (VCC) Class Sample Image 
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Figure 6 shows the VCC classification based on NDVI data. The map divides vegetation into five types: 

Bare Land/Non-Forest (11.85%), Sparse Forest Canopy (20.70%), Moderate Forest Canopy (38.39%), 

Dense Forest Canopy (28.09%), and Very Dense Forest Canopy (0.97%). Dark purple areas represent 

barren land with little to no vegetation, while green to yellow shades indicate increasing vegetation 

density. Most of the area is covered by moderate and dense forest, while very dense forest regions are 

limited. This distribution highlights variations in forest cover influenced by climate, land use, and 

ecological factors.  

 

Figure 7: Yearly Distribution of Canopy Cover 

Figure 7 shows the yearly distribution of canopy cover using a stacked bar chart. It categorizes vegetation 

into five types: Bare Land, Sparse Forest, Moderate Forest, Dense Forest, and Very Dense Forest, 

displaying their percentage changes over the years. Bare Land fluctuates between 25.6% (2021) and 47.2% 

(2016), while Sparse Forest varies from 27.8% (2014) to 41.9% (2016). Moderate Forest remains 

relatively stable, ranging between 16.6% (2017) and 23.3% (2022). Dense Forest shows notable 

fluctuations, peaking at 33.8% in 2020. Very Dense Forest remains minimal, reaching its highest 

percentage at 19.8% in 2020. These yearly changes highlight the impact of climate, land use practices, 

and environmental factors on vegetation dynamics. 

Classification Using Machine Learning: Machine learning techniques are employed for vegetation 

classification, including Random Forest (RF), XGBoost Classifier (XGBC), and Maximum Likelihood 

Classification (MLC). These models use labeled training data to learn vegetation patterns effectively. RF 

is an ensemble learning approach that generates multiple decision trees and consolidates their results, 

ensuring strong and dependable categorization. It also excels in defining intricate relationships in 

vegetation classification by incorporating various spectral indices and spatial attributes. XGBC is a 

powerful machine learning technique that is tuned for speed and accuracy, able to handle large, high-

dimensional datasets and handle missing data. It is widely used in vegetation classification and land cover 

analysis due to its quick execution time and superior performance. MLE classifier is a probabilistic 

supervised classification method that uses Gaussian probability distributions to distinguish between 

different types of vegetation. It provides confidence levels for classification decisions and is an excellent 

choice for vegetation mapping. The study also employs an unsupervised machine learning approach to 

classify vegetation canopy cover using Principal Component Analysis (PCA) and K-means clustering. 

PCA reduces the dimensionality of multi-temporal NDVI data while preserving important temporal trends 

in vegetation dynamics. The compressed data is then grouped using the K-means method, classifying 

pixels into distinct vegetation categories based on their temporal NDVI profiles. Validation metrics such 

as the Silhouette Score, Davies-Bouldin Index, Calinski-Harabasz Index, Dunn Index, and spatial 

autocorrelation are used to evaluate classification performance. The classification results are further 

examined through confusion matrices that juxtapose the clusters with traditional NDVI threshold-defined 
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categories. Visual depictions of spatial distribution and class-specific percentage analyses facilitate the 

transformation of uncontrolled observations into ecologically relevant categories, improving forest 

monitoring and land cover evaluation. 

Model Evaluation: After concluding the vegetation classification through machine learning models, 

including RF, XGBC and MLE, it is imperative to evaluate the accuracy and reliability of the classification 

outcomes. This is accomplished by quantitative evaluation criteria, such as the categorization report, 

confusion matrix, and Cohen's Kappa coefficient. 

Classification Report: The classification report offers a comprehensive overview of the model's 

performance through essential evaluation metrics:  

 Precision (P): The ratio of accurately predicted positive observations to the total anticipated 

positive observations, calculated as follows equation (6). where TP denotes true positives and FP 

signifies false positives[49, 50]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 +  𝐹𝑃
… … … . . (6) 

 

 Recall (R) or Sensitivity: The ratio of accurately predicted positive observations to actual positives 

is shown in Equation (7), where FN denotes false negatives[50, 51]. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
… … … … … (7) 

 F1-Score: The harmonic mean of precision and recall, which balances both metrics using equation 

(8), reveals that a greater F1-score reflects superior model performance[50, 52]. 

F1 − 𝑆𝑐𝑜𝑟𝑒 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
… … … … … (8) 

 Overall Accuracy: The proportion of accurately identified samples to the overall number of 

samples. Perform calculations utilizing equation (9)[50, 53]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
… … … … . . (9) 

Confusion Matrix: The confusion matrix shows a comprehensive juxtaposition of the projected and 

actual categories. It is a square matrix that elucidates the distribution of accurate and erroneous 

classifications among various vegetation classes[54]. The matrix structure is represented by equation (10). 

where: TP: True Positives, FP: False Positives, FN: False Negatives and TN :True Negatives[55].  

𝐶𝑀 = [
𝑇𝑃 𝐹𝑃
𝐹𝑁 𝑇𝑁

] … … … … (10) 

Cohen’s Kappa Coefficient (κ): Cohen's Kappa Score (κ) is a statistical measure that evaluates the 

concordance between anticipated and actual classifications, while controlling for chance agreement[56]. 

It offers a more comprehensive assessment than accuracy alone. The Kappa coefficient is computed using 

equation (11). 

𝑘 =
𝑝𝑜 − 𝑝𝑒

1 − 𝑝𝑒
… … … … … (11) 

The Kappa coefficient (κ) varies from -1 to 1, signifying varying degrees of concordance between 

projected and actual classifications[57]. A κ value of 1 signifies perfect agreement, whereas values beyond 

0.8 denote significant agreement. A score ranging from 0.6 to 0.8 indicates considerable agreement, 

whereas values between 0.4 and 0.6 denote fair agreement. A Kappa score below 0.4 indicates weak 

agreement in categorization, whereas a κ value of 0 signifies that the agreement is entirely attributable to 

chance.  

IV. RESULTS: 

The study evaluated three classification algorithms, RF Extreme XGBC and MLC, for vegetation 

classification using NDVI, VCC, and spectral metrics. The dataset consisted of 124,548,600 samples, 

divided into 80% for training and 20% for testing. The RF classifier, consisting of 100 decision trees, 

achieved 100% accuracy on the test data, demonstrating exceptional capability in capturing intricate 

relationships between NDVI values and vegetation types. The XGBC model, trained using 100 estimators 

with a learning rate of 0.1, completed training in 7,557.18 seconds, reaching a 99.29% accuracy with high 

precision and recall across all classes. The MLC model, utilizing Gaussian assumptions, was the fastest to 

train at 7.14 seconds and achieved 98.31% accuracy. Despite minor performance drops in the Dense Forest 
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class, its ability to correct previous errors and manage missing data efficiently makes it highly suitable for 

large-scale remote sensing applications. The findings underscore the effectiveness of ensemble-based 

classifiers for vegetation classification using NDVI data. RF and XGBC proved highly effective for forest 

canopy classification, while MLC offered faster computation with moderate accuracy. Table 3 depicts the 

Classification Performance and Accuracy Assessment 

Table 4:Classification Performance and Accuracy Assessment  

Classifier Accuracy (%) Precision Recall F1-Score 

Random 

Forest 

(RF) 

100.00 1.00 1.00 1.00 

XGBoost 

(XGBC) 

99.29 ~0.99 ~0.99 ~0.99 

MLC 98.31 ~0.99 ~0.98 ~0.98 

 

The figure 6 shows confusion matrices for RF, XGBC, and MLC models illustrate the effectiveness of 

rule-based vegetation canopy cover classification using NDVI. Each model was tested across five canopy 

classes: Bare Land (0), Sparse Vegetation (1), Moderate Vegetation (2), Dense Vegetation (3), and Very 

Dense Vegetation (4). All three classifiers show strong diagonal dominance, reflecting high accuracy in 

assigning pixels to their correct classes. The RF model achieves near-perfect predictions with minimal 

misclassifications, especially in Bare Land, Sparse, and Very Dense categories, yielding a Cohen’s Kappa 

Score of 1.00, indicating perfect agreement with ground truth. XGBC performs comparably well (Kappa 

Score: 0.99), with only minor confusions, particularly between Moderate and Dense classes. MLC, while 

slightly less accurate, still produces reliable classification outcomes (Kappa Score: 0.98), though it shows 

some overlap between adjacent classes, especially in Moderate and Dense Vegetation zones. 

 

Figure 6: Confusion Matrices for Rule-Based Vegetation Canopy Cover Classification Using NDVI 

Figure 7 presents the results of Principal Component Analysis (PCA) and K-Means clustering applied to 

vegetation classification. The PCA Explained Variance plot shows that the first five principal components 

retain 94% of the total variance, with PC1 contributing 35.2%, PC2 21.8%, PC3 15.4%, PC4 12.3%, and 

PC5 9.3%. The PCA + K-Means Vegetation Class Distribution histogram reveals that the dataset is divided 

into five vegetation classes with the following proportions: Class 0 (23.7%), Class 1 (18.5%), Class 2 

(21.9%), Class 3 (15.8%), and Class 4 (20.1%). The 3D PCA Space with Cluster Assignments confirms 

that the clusters exhibit distinguishable separations in the transformed space. The Temporal NDVI Profiles 

by Vegetation Class graph highlights seasonal variations, with Class 4 exhibiting the highest NDVI 

fluctuation range between 0.4 and 0.9, while Class 0 remains consistently low, ranging from 0.1 to 0.3. 
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Figure 7:PCA + K-Means Vegetation Class Distribution,3D PCA Space with Cluster and Temporal 

NDVI Profiles by Vegetation Class 

Figure 8 provides a spatial distribution of vegetation classes, where vegetation clusters are spatially well-

distributed, reflecting expected ecological patterns. The PCA Component Scatter Plots illustrate distinct 

separations among clusters, confirming that K-Means has effectively segmented the dataset. The 

histograms of PCA components further reveal that Class 4 have the highest concentration of high NDVI 

values, whereas Class 0 predominantly consists of low NDVI regions. The silhouette score of 0.31 

suggests moderate clustering performance, indicating reasonable separation between clusters.  

 

Figure 8:Spatial Distribution of Vegetation Classes and PCA Component Scatter Plots 

In conclusion, the PCA + K‑Means analysis on multi-temporal NDVI data produced a silhouette score of 

0.31, which indicates moderate clustering quality. This suggests that while certain vegetation patterns are 

separable, the clusters are not highly distinct. Therefore, these unsupervised clusters should be considered 

exploratory groupings rather than definitive vegetation classes. 
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Figure 9:Sample Output of NDVI-based vegetation classification using PCA and K-means clustering 

Figure 9 depicts Marathwada area's vegetation classification for May 2013 is divided into five groups: 

Bare Land (27.28%), Sparse Vegetation (15.47%), Moderate Vegetation (47.85%), Dense Vegetation 

(6.97%), and Very Dense Vegetation (0.42%). Moderate vegetation is prevalent, indicating a balanced 

ecosystem. Denser vegetation is found in lesser patches, indicating forested zones or well-watered 

agricultural lands. This categorization aids in environmental supervision, land-use administration, and 

agricultural strategies. 

 

V. DISCUSSION 

The study evaluates supervised and unsupervised classification methods for vegetation mapping using 

NDVI, VCC, and spectral metrics. The supervised classifiers RF, XGBC, and MLC showed high accuracy, 

with RF achieving flawless classification (100%), XGBC (99.29%), and MLC (98.31%). RF was the most 

resilient model, despite longer training duration. XGBC provided a balanced compromise between 

computational efficiency and predictive capability, making it suitable for remote sensing applications. 

MLC showed good performance but faced challenges with bare land and sparse vegetation classes due to 

spectral overlaps. The unsupervised PCA + K-Means clustering method differentiated vegetation 

categories using NDVI values, providing a viable option when labeled data is unavailable. Despite being 

computationally efficient, the PCA + K-Means approach lacked classification precision, making it suitable 

for preliminary vegetation mapping and exploratory data analysis. RF was the most effective classifier for 

NDVI-based vegetation mapping, followed closely by XGBC. The accuracy values primarily reflect 

internal consistency within the dataset rather than true real-world predictive performance. In 

heterogeneous regions such as Marathwada, factors like mixed pixels, seasonal variability, and spectral 

overlap may lead to lower accuracy when validated against independent or higher-resolution datasets. 

 

VI. CONCLUSION 

The study evaluated the effectiveness of supervised and unsupervised classification algorithms for 

vegetation classification using NDVI, VCC, and spectral metrics. Results showed that supervised 

classifiers (RF, XGBC, and MLC) achieved the highest accuracy (100%), followed by XGBC (99.29%) 

and MLC (98.31%). XGBC was the most efficient but had slight misclassifications due to spectral 

overlaps. Unsupervised PCA combined with K-Means effectively classified vegetation types but had 

moderate cluster separability. Despite PCA + K-Means being effective for preliminary vegetation 

mapping, supervised classifiers (RF and XGBC) are still preferred for precise vegetation classification 

and land-use observation. Future research should focus on merging deep learning methods and adding 

more spectral bands. 
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