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Abstract: High-resolution multispectral remote sensing images offer valuable information about
various land features, providing essential details and spatially accurate representations. In the
complex urban environment, classification accuracy is not often adequate using the complete original
multispectral bands for practical applications. To improve the classification accuracy of multispectral
images, band reduction techniques are used, which can be categorized into feature extraction and
feature selection techniques. The present study examined the use of multispectral satellite bands,
spectral indices (including Normalized Difference Built-up Index, Normalized Difference Vegetation
Index, and Normalized Difference Water Index) for feature extraction, and the principal component
analysis technique for feature selection. These methods were analyzed both independently and in
combination for the classification of multiple land use and land cover features. The classification
was performed for Landsat 9 and Sentinel-2 satellite images in Delhi, India, using six machine
learning techniques: Classification and Regression Tree, Minimum Distance, Naive Bayes, Random
Forest, Gradient Tree Boosting, and Support Vector Machine on Google Earth Engine platform.
The performance of the classifiers was evaluated quantitatively and qualitatively to analyze the
classification results with whole image (comprehensive feature) and small subset (targeted feature).
The RF and GTB classifiers were found to outperform all others in the quantitative analysis of all input
combinations for both Landsat 9 and Sentinel-2 datasets. RF achieved a classification total accuracy of
96.19% for Landsat and 96.95% for Sentinel-2, whereas GTB achieved 91.62% for Landsat and 92.89%
for Sentinel-2 in all band combinations. Furthermore, the RF classifier achieved the highest F1 score
of 0.97 in both the Landsat and Sentinel datasets. The qualitative analysis revealed that the PCA
bands were particularly useful to classifiers in distinguishing even the slightest differences among
the feature class. The findings contribute to the understanding of feature extraction and selection
techniques for land use and land cover classification, offering insights into their effectiveness in
different scenarios.

Keywords: land use land cover classification; machine learning; remote sensing; Google Earth Engine;
quantitative analysis; qualitative analysis

1. Introduction

Land Use Land Cover (LULC) change is one of the most important drivers of global
change, affecting many aspects of the natural ecosystem and environment such as biodi-
versity, water, soil quality, and the radiation budget [1,2]. LULC change detection aids
policymakers in comprehending the dynamics of environmental change to assure long-term
growth. As a result, LULC feature identification has become an essential research topic,
necessitating the development of a reliable LULC classification system. The enumeration
of spatiotemporal LULC dynamics has become straightforward, quick, cost-effective, and
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accurate because of the emergence and development of integrated geospatial approaches
that combine remote sensing (RS) and geographic information systems (GIS).

The image classification approach can be broadly categorized into unsupervised, su-
pervised, and object-based classification [3]. The selection of the classification approach
depends on the study objectives, the complexity of the scene, the availability of training
data, and the desired level of detail in the classification results. The supervised classifica-
tion technique is the most widely used; however, object-based classification has proved
to be more conceivable for high-resolution satellite and unmanned aerial vehicle (UAV)
images for visible-range LULC features [4–7]. When dealing with spectrum mixes, a hy-
brid classification technique is frequently employed to separate object characteristics. On
the other hand, the use of multi-source data or multi-indices data can increase classifica-
tion accuracy [8,9]. Researchers have developed several spectral indices based on image
band statistics, such as the Normalized Difference Built-up Index (NDBI) [10,11], Nor-
malized Difference Vegetation Index (NDVI) [12–14], Normalized Difference Water Index
(NDWI) [15,16], Enhanced Night-time Light Urban Index [17], Compounded Night Light
Index [17], etc., to extract LULC features [18–21]. Spectral indices offer numerous benefits,
but they can only be used for extracting primary LULC features and, their classification
accuracy is limited because of their dependency on selected bands and linear analytics.
Researchers often used principal component analysis (PCA), a statistical approach for
reducing the dimension of multispectral satellite imagery and minimizing the correlation
between feature classes and bands [22,23]. The key advantages of using PCA for classifi-
cation are the independent and uncorrelated information of features in PC bands, which
enable more accurate separation of natural and artificial features.

In the last two decades, with the advent of artificial intelligence (AI) as an analytical
approach, advanced methods for LULC classification have garnered attention, such as
Artificial Neural Networks (ANN), Support Vector Machine (SVM), Random Forest (RF),
Fuzzy Adaptive Resonance Theory-supervised Predictive Mapping (Fuzzy ARTMAP),
Classification And Regression Tree (CART), Minimum Distance (MD), Naive Bayes (NB),
Decision Tree, Gradient Boosted Trees (GBT), and other models [20,24–27]. RF is a nonpara-
metric machine learning-based classification algorithm that uses ensembles of decision trees
to achieve the best classification accuracy [28–31]. SVM produces the hyperplane in the
N-dimension, to detect possible separability between the class for the classification [28–31].
Based on nonparametric decision trees, CARTs create binary trees for the collected samples
and use them for classification [32–35]. NB works on Bayesian theory for classification. It is
a probabilistic machine learning classifier, which uses the decision tree for structuring and
organizing the generated probability-based NB model [36–38]. MD takes the spectral values
of the center of the cluster in the training data to calculate the value of the unknown class,
based on the distance between the center of the cluster and the unknown class [39–42]. GTB
is an ensemble model made up of many CART algorithm implementations. Following the
construction of the initial tree, GBM constructs subsequent trees by adjusting the weights
of input data and achieving higher prediction accuracy.

Previous studies have explored the benefits of using spectral bands, indices, and PCA
either individually or in limited combinations with various classifiers, focusing primarily on
overall accuracy assessment. However, there is a research gap when it comes to analyzing
classifier performance for individual classes in whole image. In this study, our objective
was to address this gap by thoroughly examining the performance of different machine
learning classifiers using multiple input combinations. We conducted a comprehensive
analysis of classifier accuracy at both comprehensive feature and targeted feature, allowing
for a detailed assessment of their performance across larger areas and smaller subsets.
Our analysis included the utilization of multispectral satellite bands, spectral indices,
and PCA applied to the multispectral bands, both individually and in combination, for
accurate land use and land cover feature classification. The classification was performed
for Landsat 9 and Sentinal-2 satellite images in Delhi, India, using six machine learning
techniques—CART, MD, NB, RF, GTB, and SVM—on Google Earth Engine (GEE). These
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classifiers have been extensively researched and widely used in land cover classification
studies, particularly when considering the entire image. However, there is a research gap
when it comes to evaluating the performance of these classifiers specifically for individual
feature classes within the entire study region. The GEE is a geospatial processing platform
that provides an effective infrastructure for large-scale processing with inbuilt support
for ML algorithms. Earlier studies have shown that ML classification techniques achieve
better overall accuracy in comparison to conventional statistical techniques. To thoroughly
investigate the classification capabilities of the used classifier, we have compared the
performance of the classifiers on various land cover classes. Although overall classification
accuracy is an important metric, it is equally important to evaluate the performance of
each classifier across different classes. Surface feature extraction from classified images is a
crucial task in many applications, and the accuracy of specific classes of interest can greatly
impact the reliability of the extracted information. Some machine learning algorithms may
demonstrate high overall accuracy but perform poorly when it comes to specific classes.
Therefore, a comprehensive analysis of classifier performance across different classes is
essential to assess their suitability for specific applications and to ensure accurate feature
extraction for further studies.

2. Study Area

We have chosen an area for the study that has diversified urban formations and feature
classes. The study area includes the National Capital Territory (NCT) of Delhi, as well as
nearby suburbs and satellite cities such as Dadri, Gurugram, Faridabad, Ghaziabad, and
Meerut. The location map of the study area with specifically selected urban and nonurban
subsets (classes) is presented in Figure 1.
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The study area is spread over 8602.62 square kilometers and is located between
latitudes 28.155N and 29.256N and longitudes 76.83E and 77.895E. It contains a variety
of natural landforms, including a central ridge reserve forest, numerous tiny hills, three
major rivers, and several small lakes. Since this region started urbanizing several decades
before and continues to accelerate in recent years, we could see numerous urban formations,
ranging from dense to sparse, formal to informal, horizontal to vertical, etc.

3. Data Used

Data at the resolution of 10 m/pixel to 30 m/pixel were more suited for LULC [27,43–45].
The analysis was conducted using the most recent satellite dataset from Sentinel-2 and
Landsat 9 mid-resolution satellites, archived on GEE. The datasets were corrected for
atmospheric effects and orthogonally aligned using the Landsat Ecosystem Disturbance
Adaptive Processing System (LEDAPS) algorithm [46]. The study area was covered in
multiple images that are represented by path and row or tile number, given in Table 1.
Each tile was filtered with a cloud cover of less than 10%, and the images with the least
cloudiness were chosen for analysis.

Table 1. Details of satellite images used in the study.

Sensor Date Path, Row/Tile
No.

Spatial
Resolution % Cloud Cover

Landsat 9
11 March 2022 146,040 30 m 0.09
11 March 2022 146,041 30 m 0.03
02 March 2022 147,040 30 m 0.60

Sentinel-2

05 March 2022 43 RFM 10 m, 20 m 0.00
05 March 2022 43 RFN 10 m, 20 m 0.20
05 March 2022 43 RGM 10 m, 20 m 0.00
05 March 2022 43 RGN 10 m, 20 m 0.00

For the analysis, Landsat data with an original spatial resolution of 30 m and Sentinel
data with bands at 20 m resolution that were rescaled to 10 m were used. The total number
of pixels used for the study was 860 × 106 for Sentinel data and 286 × 106 for Landsat
data. Out of these pixels, approximately 1130 samples were selected across all classes
for training and testing the algorithm. To ensure an effective evaluation of the classifiers,
a random sampling approach was employed. The selected samples were divided into
two sets: 70% of the samples were used for training the classifiers, and the remaining
30% were used for testing and evaluating the classifier’s performance. It is important to
note that a very high-resolution image was used as the ground truth reference data for
collecting the training and testing samples. This high-resolution image provides more
detailed and accurate information about the land cover classes, allowing for precise iden-
tification and sampling of the desired features. The selection of samples for each class
took into consideration various image interpretation factors such as spectral reflectance,
texture, shape, and contextual information to ensure a representative and diverse dataset.
For both Landsat and Sentinel data, the training and testing samples were selected at the
same spatial locations. The classification process was conducted separately for Landsat
and Sentinel data, treating them as individual datasets. This approach allowed for in-
dependent evaluation and comparison of the classifiers’ performance using Landsat and
Sentinel imagery.

4. Methodology

A flow chart diagram describing the methodology is presented in Figure 2. To run the
classification algorithms, satellite images are pre-processed after being retrieved from the
GEE archive. To select the input variables for classifications, all the multispectral bands that
contain the most information regarding targeted features were filtered, and the spectral
indices and the PCA math bands were generated. In the second step, multiple machine
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learning algorithms were employed to classify different combinations of predictors as
inputs. The third step involved analyzing the performance of each classifier by assessing the
classification results for both comprehensive feature and targeted feature using quantitative
and qualitative evaluation techniques, respectively. Finally, the results obtained from this
analysis allowed the identification of the optimal classifier and predictor combination for
accurately classifying surface features.
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region was assessed with seven land cover classes (comprehensive feature, blue dashed box, cfr.
Section 5.1), whereas in the qualitative analysis, subsets were selected for each of the ten classes
(targeted feature, green dashed box, cfr. Section 5.2).

4.1. Input Selection

Machine learning has the potential to enhance remote sensing image classification
by effectively handling high-dimensional data and mapping classes with complex prop-
erties [28,47,47]. Although incorporating more predictor variables can provide additional
information to differentiate between classes, it can also lead to a decrease in classification
performance due to the curse of dimensionality or the Hughes phenomenon. Therefore,
when using machine learning classifiers, selecting the appropriate input variables is cru-
cial to eliminate the curse of dimensionality and save computational resources [47]. To
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determine the optimal input variable combination for classification, we experimented with
various combinations listed in Table 2.

Table 2. List of the four different input combinations (referred to as “method,” as in Figure 2) used
for classification. PC-1, PC-2, and PC-3 are the first three PCA components (see Section 4.1.3).

Method No. of Input Bands Used Names of the Input (Predictors)

1 6 Blue, Green, Red, NIR, SWIR-1, and SWIR-2

2 3 NDBI, NDVI, and NDWI

3 3 PC-1, PC-2, and PC-3

4 12 Blue, Green, Red, NIR, SWIR-1, SWIR-2, NDBI,
NDVI, NDWI, PC-1, PC-2, and PC-3

4.1.1. Band Optimization

Generally, LULC classification is performed with all multispectral bands in machine
learning models, as they contain some part of the information about the various land
surface features. Landsat 9 has nine multispectral bands, of which band 8 is a panchromatic
band with a spatial resolution of 15 m, and bands 1 and 9 have high atmospheric absorption;
hence, in the current study, bands 2 to 7 were chosen for LULC classification. Sentinel-2
satellite comprises 13 multispectral bands with varying spatial resolutions in the range of
10 m to 60 m. To compare the classification accuracy of Landsat 9 and Sentinel-2 satellites,
we selected the corresponding Sentinel bands that match the selected Landsat bands. This
includes bands 2 to 4, as well as bands 8, 11, and 12, which were chosen for the analysis.
Figure 3 highlights the advantages of using the spectral reflectance values from the selected
bands in distinguishing between different urban and nonurban land cover features. The
variation in surface reflectance values for each class demonstrates the potential of using
these spectral characteristics for accurate classification.
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column) for the different urban and nonurban classes by using Landsat (first row) and Sentinel-2
(second row) data. A polygon of the same size was drawn for each class and the average of the pixel
values within each class’s polygon was computed.

4.1.2. Spectral Indices Calculation

The combination of reflectance spectra from multiple wavelengths can be used to
create spectral indices that facilitate the estimation of the relative abundance of specific
features of interest. Our research area is characterized by a high proportion of buildings,
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vegetation, and water bodies. Therefore, we used spectral indices such as NDBI to extract
building information, NDVI [12–16] to extract vegetation information, and NDWI to extract
water body information. These indices were used to generate index-based inputs for
classification purposes, as presented in Table 3. Figure 4 displays the results of applying
NDBI, NDVI, and NDWI on Landsat 9 and Sentinel-2 images.

Table 3. Summary of the spectral indices used as input for classification.

Indices Formula Reference

Normalized Difference Built-up Index SWIR1−NIR
SWIR1+NIR [10,48]

Normalized Difference Vegetation Index NIR−RED
NIR+RED [49,50]

Normalized Difference Water Index GREEN−NIR
GREEN+NIR [51,52]
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Figure 4. NDBI, NDVI, and NDWI were derived over the study area from the Landsat and
Sentinel images.

4.1.3. Principal Component Analysis

The PCA is the most extensively used technique for reducing dimensions and selecting
features from multidimensional datasets [22,23,53]. It extracts relevant data and compresses
data without losing much of the original information. In PCA, the image bands are changed
into new bands known as primary or principal components, which are then arranged in
decreasing order by how much image variance they can represent. The most informative
six satellite bands chosen from Landsat (bands 2 to 7) and Sentinel images (bands 2 to 4,
bands 8, 11, and 12,) through the band optimization technique described in Section 4.1.1
were fed into PCA, and six principal components resulted from the analysis. The most
comprehensive components PC-1, PC-2, and PC-3 were provided as input to the machine
learning classifiers.
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4.2. LULC Classification Using Machine Learning

The cloud-based tool Google Earth Engine allows scientists to analyze and visualize
geospatial datasets and images dating back several decades. GEE’s classifier package
supports supervised classification with traditional machine learning algorithms [54–56].
The classification algorithms used for the study are NB, CART, RF, GTB, and SVM. Hyper-
parameters for these algorithms are determined empirically by systematically searching
through a range of values to find the optimal settings that maximize performance for the
specific dataset. A brief discussion of the individual classifier is as follows:

SVM was developed by Vapnik in 1995 and was derived from statistical learning
theory [57]. The SVM is a nonparametric supervised classification system that uses a
hyperplane to achieve the ideal border that minimizes the separation, or margin, between
the support vectors [28–31]. As it offers the advantage of dividing between vectors, SVM
was commonly employed to separate the distinct classes in LULC classification [27]. GEE
supports the SVM algorithm for classification, which is defined by parameters such as
kernel type, cost, and gamma. The choice of kernel type has a significant impact on the
classification results. For the analysis, the relatively stable RBF (Radial Basis Function)
kernel function was chosen. Additionally, the gamma and cost parameters are important in
determining the performance of the SVM classifier. These parameters control the complexity
of the decision boundary and the penalty for misclassification. The values of gamma and
cost were selected through experimental trial-and-error methods.

The Minimum Distance method was proposed by J. Wolfowitz in 1953 [58]. MD
categorizes the measurement vectors into groups rather than individual vectors. This
conventional pixel-based classification strategy uses the distance between unknown classes
and the cluster’s center for the classification [40–42]. In GEE, the algorithm calculates the
Euclidean distances based on the feature vectors of the training samples without the need
for parameter tuning.

The Bayes theorem served as the basis for the formulation of the NB. The Bayesian
theory is a method of calculating the chance of another event occurring based on the
probability of a previous event [36–38]. NB machine learning classifier builds a probability-
based model with strong (naive) assumptions of independence between features. The
NB classifier in GEE uses a probabilistic approach that assumes feature independence to
classify data. It calculates the probabilities of a sample belonging to each class based on the
feature values, enabling the classification process.

The CART method was first proposed in 1984 based on the Bayesian model [59]. The
CART is a nonparametric classification algorithm that constructs a binary tree from a
remotely sensed sample by splitting the parent node into two child nodes and treating each
child node as a prospective parent node for further splitting using Gini’s impurity index. It
has been widely used for the classification of impervious surfaces [32,34,60,61].

In 1995, Tin Kam Ho used the random subspace approach to construct the first algo-
rithm for random decision forests algorithm. The RF is a strong ensemble machine learning
classifier that uses K binary CART trees to classify data. Each tree is created by running a
separate learning algorithm that divides the input variable collection into subgroups based
on attribute values [62–65].

Breiman put forth the concept of gradient boosting in the late 19th century, saying
that it might be thought of as an optimization technique based on an appropriate cost
function [62]. GTB techniques use a collection of decision trees, similar to RF [66,67].
However, the underlying technique differs in that it limits the complexity of trees and
constrains each tree to a weak predictive model. It uses a gradient descent approach to
iteratively transform an ensemble of these weak learners into strong ones by minimizing a
differentiable loss function at each step to achieve classification accuracy [68–70].

In decision tree-based classifiers the hyperparameters can be adjusted to control
the complexity of the model and find the right balance between simplicity and accuracy.
Parameters such as maximum tree depth, minimum samples per leaf, or the number of trees
in a random forest can be tuned based on the characteristics of the dataset and the desired
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model performance. In the case of constructing a decision tree, determining the optimal
number of nodes and branches is crucial. For the study, the leaf population parameter is
defined within the range of 0 to 10, which specifies the maximum number of data points
allowed in a leaf node. However, the number of nodes parameter is not pre-defined in
GEE, allowing for an unlimited number of nodes to be created in the tree. This flexibility
allows the algorithm to adapt and optimize the construction of the decision tree based on
the specific dataset and classification requirements.

Furthermore, a fixed number of training and testing samples were used for all the
classifiers in the study. This consistent approach ensures fairness and enables a reliable
comparison of the performance of the different algorithms.

4.3. Class and Site Selection for Targeted Feature Analysis

The purpose of LULC classification is to extract specific land cover features of interest
from remotely sensed images, but not all surface features are relevant. To overcome
the difficulty of binarily classifying all surface features, we selected seven classes for
classification, namely urban, vegetation-mix urban (VU), dense vegetation (DV), seasonal
vegetation (SV), water body (WB), fallow land (FL), and hilly terrain (HT). The performance
of the classifiers was evaluated quantitatively at the comprehensive class (the entire study
area of Figure 1) for these seven classes.

However, machine learning classifiers tend to weigh all classes equally, which may
lead to misclassification of the class of interest. Analyzing the accuracy of specific classes be-
comes challenging due to the complex terrain and mixed pixel compositions. To overcome
this challenge, we carefully selected a small subset of pixels for each class that was both
dominant and representative of the class. This subset allowed us to assess the effectiveness
of the classifier at a targeted feature, focusing on five urban and five nonurban regions
that represented different classes. Although there could be many subcategories among the
seven classes, it can be difficult to differentiate them in coarser-resolution images due to
complex textures. Therefore, we further divided the urban class into dense urban (DU),
sparse urban (SU), high-rise urban (HU), and roads in urban (RU) because the urban class
exhibits apparent differences in texture and spectral reflectance based on urban formations.
HU is a 3D characteristic derived from 2D satellite images based on specific criteria. Ur-
ban areas often have a distinctive skyline dominated by tall buildings. In the analysis of
high-resolution satellite imagery, we identify clusters of buildings with similar heights
or patterns as indicators of a high-rise urban environment. Additionally, during daylight
hours, these buildings can cast shadows, appearing as dark shades in satellite images. It is
important to note that distinguishing between water and shadows can be challenging as
they may exhibit similar reflectance in the images. However, examining the surrounding
objects can aid in differentiating between these features. A total of 10 classes were selected,
and for each class, we chose a subset of equal area (1.28 km2) to analyze the machine
learning classifier’s performance across different land cover types.

5. Results
5.1. Quantitative Performance Evaluation of Machine Learning Classifiers at Comprehensive Class

Classification accuracy is a measure of the difference between the acquired geographic
phenomena and the classified map [45,61]. To evaluate the accuracy of the generated land
cover maps, very high-resolution images were used as reference data. Various evaluation
measures, including the confusion matrix, validation overall accuracy (VA), training overall
accuracy (TA), the kappa statistic, and the F1 score, were employed [55,62]. The relationship
between classification accuracy and the kappa coefficient is given in [34]

K =
T ∑n

i=1 Kii − ∑n
i,j=1

(
Ki+K+j

)
T2 − ∑n

i,j=1
(
Ki+K+j

) (1)

The kappa coefficient, denoted by K, is a measure of classification accuracy. It is
calculated using a confusion matrix, which consists of the n number of classifications for
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each land cover class. Kii represents the number of pixels that are correctly classified for
class i, whereas Ki+ and K+j are the total number of pixels in the ith row and jth column,
respectively. T represents the total number of pixels used for evaluating the accuracy [63,64].

In the land-use and landcover classification, the RF classifier outperformed other
classifiers by using method 1 as input (i.e., using satellite bands alone), achieving the
highest training accuracy (TA), 96.70% and 97.21%, and the highest kappa, 95.93% and
96.55%, for Landsat and Sentinel images, respectively. Additionally, the RF classifier
achieved the highest F1 score of 0.97, indicating a balance between precision and recall
in accurately classifying the land cover features in both datasets. RF classifier results, for
both Landsat 9 and Sentinel-2 images, are presented in Figure 5. Following the RF classifier,
the GTB classifier had the next highest F1 score of 0.92, suggesting its effectiveness in
the classification task. Gradient Boosting (GTB) classifier also produced high accuracy
with method 4 as input, i.e., combining sensor bands with additional information from
indices and PCA, yielding a high validation overall accuracy (VA) of 83.53% and 80.59% for
Landsat and Sentinel images, respectively. Additionally, RF classifier produced the highest
VA of 80.59% for the Sentinel image in method 4. Figure 6 shows the classification accuracy
of the various classifiers using the four different input methods for the Landsat 9 image,
and Figure 7 the same for the Sentinel-2 image.
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The Naive Bayes classifier produced the lowest accuracy compared to the other clas-
sifiers, as it relies on the probability of past events and any errors propagating forward.
method 2, which only used spectral indices, resulted in the lowest accuracy when classified
with all the selected machine learning classifiers. However, adding spectral indices and
PCA to the Landsat satellite bands (method 4) increased the accuracy of the SVM and NB
classifications, and adding them to the sentinel bands improved the VA of the RF classifier.
The satellite bands alone yielded good performance for RF, GTB, CART, and MD in the
Landsat image, whereas the classifiers RF, SVM, MD, NB, and CART performed well in the
Sentinel image. The GTB classifier’s VA improved in method 4 with the additional bands
(PCA and indices) in both the Landsat and Sentinel images, resulting in overall improved
accuracy. MD did not use the extra band and achieved the same accuracy as the sentinel
bands alone case. The spatial resolution of the satellite images did not play a significant
role in classification accuracy.

5.2. Qualitative Performance Evaluation of Classifiers at Targeted Feature

In this study, our objective was to evaluate the performance of different machine
learning classifiers on 10 subsets of urban and nonurban features, all with the same di-
mensions. To evaluate the classification results, we relied on visual interpretation using
high-resolution images. We excluded NB and MD classifiers from this quantitative analysis
due to their relatively low performances. Urban areas have similar spectral reflectance to
fallow land and hilly terrain, which can lead to misclassification in urban feature extraction.
However, in vegetation-mix urban areas (VU), the reflectivity is comparable to DV and SV
due to the presence of trees and plants. Additionally, the accuracy of the LULC map can
vary depending on the spatial and spectral resolution of the images. To account for this, we
analyzed Landsat 9 and Sentinel-2 imagery separately to assess the variations. Upon visual
interpretation, the RU subset demonstrated the highest level of mixing of pixels from other
classes, whereas the DU, DV, SV, and WB subsets exhibited the lowest mixing.

5.2.1. Analysis with Landsat Image

Figure 8 displays histograms illustrating the observed surface reflectance from the
selected six bands of Landsat imagery. These histograms provide insights into the distribu-
tion of surface reflectance values across the different bands. On the other hand, Figure 9
showcases histograms representing the generated indices (NDBI, NDVI, and NDWI) and
principal components (PC-1, PC-2, and PC-3) derived from the same Landsat imagery.
These histograms offer a visual representation of the variations and patterns captured by
these indices and components.
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The histograms of the Landsat image reveal that the reflectance of different urban
formations in the blue, green, and red bands are almost like that of FL and HT. However,
there is some variation in reflectivity among the classes of interest in the NIR, SWIR-1, and
SWIR-2 bands. The histograms of PC-3 show a significant degree of variation between
the DU and HT, whereas the histograms of other principal components demonstrate a
noticeable difference between the DU and HT. As SU has only a few nonurban pixels, the
small range of reflectance values falls within the range of FL and HT. The distinguishable
difference in reflectivity of VU, DV, and SV can be observed in NIR and SWIR-2. Similarly,
the histograms of NDVI, NDBI, PC-1, and PC-2 clearly depict good variation between
the classes.

All classifiers were successful in accurately classifying the DU subset using all methods,
shown in Figure 10. For methods 1 and 4, both CART and RF were able to effectively extract
roads in the RU subset. However, the quantitative analysis of the RU and SV subsets
yielded unsatisfactory results.
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Although SVM produced a TA of 79.44% in method 1, it was unable to correctly
identify the nonurban regions in the SU patch. The HU areas subset presented a challenge
due to the high building height, which resulted in adjacent pixels being obscured by
shadow, creating a shadow effect. Several classifiers misclassified the shadow region as
WB, as the reflectance of the shadow region resembled that of a body of water.

In method 4, the performance of classifiers in identifying urban and rural areas
was improved by using the PC components in the SU subset. Similarly, the accuracy
of classification for the SV, DV, and HT subsets was enhanced by employing PCA. The
classifiers, except for CART, were found to be effective in identifying the WB when indices
were added. In method 1, only the GTB classifier could identify the FL, while adding
indices to method 4 improved the classification accuracy of GTB and RF in identifying
fallow land. However, using spectral indices led to a decrease in classification accuracy for
CART and SVM, which was rectified by including all inputs in method 4.
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Figure 10. Classification results for scenario-based analysis from Landsat 9 image using the 4 input
methods (method 1: SB; method 2: indices; method 3: PCA; method 4: AI) and SVM, FR, GTB,
and CART classifiers in a scenario-based approach. The first row (MS) refers to the false color
subset image.

5.2.2. Analysis with Sentinel Image

Figures 11 and 12 display histograms representing the observed surface reflectance
from the selected six bands of Sentinel imagery and histograms of the generated indices
(NDBI, NDVI, and NDWI) and principal components (PC-1, PC-2, and PC-3) derived from
the same Sentinel imagery.
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The histograms plotted for the blue, green, red, and SWIR-2 Sentinel image bands
(Figure 11) did not reveal any significant differences in reflectivity between the different
vegetation classes such as VU, DV, and SV. Moreover, FL and HT were found to be falling
within the range of urban classes. However, there was a discernible variation between
the classes of interest in the NIR and SWIR-1 bands. On the other hand, the indices and
principal components derived from the Sentinel image bands showed distinguishable
variations, except for NDBI and PC-1. NDVI, NDWI, and PC-2 exhibited slight differences
in reflectance between VU, DV, and SV. Similarly, NDWI and PC-3 demonstrated the
variation in reflectance between urban classes, FL, and HT (Figure 12).

Figure 13 provides the classification results of the Sentinel image for qualitative
analysis. All the machine learning classifiers used in the SV subset performed well with
each of the input methods. The use of PCA in method 4 improved the classification accuracy
of HT and DV when combined with other bands. Except for SVM with indices, all classifiers
were able to accurately extract WB and RU in all methods. However, due to shadows, the
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high-rise buildings were mistakenly classified as WB, and the use of indices helped CART
improve the accuracy of the HU class.
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Compared to other techniques, the use of spectral indices significantly improved
the classifier’s ability to distinguish between urban and FL classes. The CART classifier
performed well in the DU, DV, SV, and WB classes in all input scenarios. It accurately
extracted roads in urban areas and was able to identify roads between mixed urban and
vegetation areas, which other classifiers were unable to do. There were no significant
differences in the outcomes of the GTB classifier when different input scenarios were used,
but without PCA, a small number of pixels in the DU class were incorrectly labeled as
WB. The RF classifier performed well in almost all cases but had difficulty identifying the
road between VU. In contrast, SVM performed the worst across all classes with the spectral
indices, labeling almost all classes as DU.
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6. Discussion

The previous research comparing different ML algorithms [71–73] highlighted that
RF achieved the highest classification accuracy, which is consistent with our findings in
quantitative analysis. RF, along with GTB, consistently demonstrated good performance
across all input configurations. Furthermore, methods 1 and 4 exhibited the highest
classification accuracy overall. Similar to the previous research mentioned, other classifiers
such as CART, SVM, and MD followed in terms of accuracy assessment. Our study also
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demonstrated that the inclusion of spectral indices and PCA, along with multispectral
bands in method 4, improved the validation accuracy.

Notably, there are limited studies that discuss the role of PCA in classification with
sensors. Our study revealed that using principal component bands from high-resolution
images such as Sentinel-2 in the GTB classifier can enhance the validation accuracy. Addi-
tionally, the SVM classifier performed better than other classifiers when used with PCA
bands in method 3. However, it is worth mentioning that Naive Bayes (NB) showed
poor accuracy and was unable to perform well only with PCA. Our study found that
using spectral indices alone reduced the classification accuracy, whereas incorporating
PCA helped improve the accuracy of most classifiers. Many studies traditionally have
relied on thresholding spectral indices for feature extraction, but our study results indicate
that using spectral indices alone in ML classifiers can lead to misclassification and reduce
classification accuracy.

Although previous research has extensively analyzed classifier performance at the
comprehensive class [74–76], there is a notable gap in assessing classifier performance
at the targeted feature, which is crucial when focusing on targeted feature classes. The
effectiveness of classifiers varies depending on the feature classes, even though many
classifiers demonstrate satisfactory accuracy in quantitative analysis. The incorporation
of PCA proves highly advantageous for classifiers as it enables them to identify even the
slightest differences within a subset. On the other hand, spectral indices are useful for
categorizing easily distinguishable classes. However, their inclusion in multiple classifiers
has resulted in redundancy and reduced classification accuracy. Previous studies have
highlighted the challenge of accurately classifying fallow land and urban areas due to
their similar reflectance properties. However, the targeted feature analysis in our study
reveals that the inclusion of spectral indices and PCA with the multispectral bands can
effectively differentiate these classes, outperforming other methods. It is worth noting
that distinguishing fallow land and urban areas is easier in Sentinel images compared
to Landsat images. In dense urban areas, slight variations on the surface can lead to the
misclassification of shadow or road pixels as water bodies by some classifiers.

The study focused on a specific set of classifiers and input combinations: a limitation
of the proposed analysis is the extension of the sample size used for training and testing,
since a larger sample size would provide more robust and general results. The selection
and configuration of hyperparameters can impact classification accuracy, and there is
a possibility of suboptimal parameter selection. Exploring other classifiers and input
configurations would provide further insights. The study focused primarily on urban areas,
and the performance of classifiers may differ for other land cover classes. Furthermore,
temporal variations in satellite imagery were not addressed, which could affect land cover
classification accuracy. Future research should consider these limitations and explore
classification performance across different land cover classes and temporal dynamics.

The analysis provides insights into the usefulness of combining different inputs, all
derived from surface reflectance satellite observations, for land cover classification machine
learning algorithms. The use of images from two different satellites, i.e., Landsat 9 and
Sentinel-2, also provides further insight into the sensor-based variability of the methodology
and classifier performance. The overall results are based on a specific study area and on
images acquired in March 2022: therefore, this analysis is the first assessment of the
proposed methodology and classifier comparison, which should be evaluated in future
research over other areas and considering images in different seasons.

7. Conclusions

This study focused on evaluating the performance of various machine learning classi-
fiers for land cover classification using remote sensing data. The analysis included different
input combinations, such as multispectral bands, spectral indices, and principal component
analysis. The goal was to determine the most effective classifiers and input methods for
accurately classifying land cover features. The study also examined the classifiers’ accuracy
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at both the comprehensive feature and targeted feature class. The findings revealed that the
inclusion of PCA and spectral indices significantly improved the accuracy of the classifiers
in differentiating between land cover classes. Method 1, which used only satellite bands,
and method 4, which combined satellite bands, indices, and PCA, achieved the highest clas-
sification accuracy. Among the classifiers assessed, Random Forest and Gradient Boosted
Trees consistently demonstrated superior performance across all input methods. The use
of high-resolution Sentinel-2 images proved advantageous in identifying targeted land
cover classes, such as fallow land, and distinguishing between urban and barren areas.
However, certain classifiers struggled with a misclassifying shadow or road pixels as wa-
ter bodies. The study highlights the importance of conducting feature-specific analysis
when using classification results for subsequent applications. It also emphasizes the po-
tential benefits of incorporating additional statistically derived input variables to enhance
classification accuracy.
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