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ABSTRACT

The land cover on the Earth's surface is constantly changing due to natural and human activities
such as settlements, agriculture, mining, natural hazards, and more. These changes will continue
as long as life exists on Earth, making land cover change monitoring a never-ending task. Land
cover classification involves defining the existing land cover on the Earth's surface using satellite
imagery data. Random Forest is a popular classification algorithm used in remote sensing. The
aim of this research is to determine the role of spectral indices in improving land cover accuracy
using the random forest method. Twelve spectral indices were used, including the Normalized
Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), Normalized
Difference Built-up Index (NDBI), Global Environment Monitoring Index (GEMI), Urban Index,
Advanced Vegetation Index (AVI), Normalized Built-up Area Index (NBAI), Modified Bare Soil
Index (MBI), and others. By combining these spectral indices with the 12 Bands of Sentinel-2
Satellite Imagery, the accuracy of land cover classification increased from 87% to 91%. The
results showed that NBAI played a more important role compared to other spectral indices, with
6%, followed by NDVI with 5.6% and Urban Index with 4.9%.
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ABSTRAK

Perubahan tutupan lahan akan terus terjadi seiring dengan aktivitas alam dan manusia seperti
permukiman, pertanian, pertambangan, bencana alam dan lain sebagainya. Salah satu metode
yang umum dilakukan dalam identifikasi tutupan lahan adalah metode penginderaan jauh dengan
melakukan klasifikasi nilai piksel citra satelit. Salah satu algoritma yang populer digunakan
dalam proses klasifikasi tutupan lahan adalah Random Forest. Tujuan dari penelitian ini adalah
untuk mengetahui peran indeks spektral dalam meningkatkan akurasi tutupan lahan dengan
menggunakan metode Random Forest dengan menggunakan citra satelit Sentinel-2. Dalam
penelitian ini digunakan dua belas indeks spektral yaitu: Normalized Difference Vegetation Index
(NDVI), Normalized Difference Water Index (NDWI), Normalized Difference Built-up Index
(NDBI), Global Environment Monitoring Index (GEMI), Indeks Perkotaan, Advanced Vegetation
Index (AVI), Normalized Built-up Area Index (NBAI), Modified Bare Soil Index (MBI), dan lain-
lain. Hasil penelitian ini menunjukkan penggunaan indeks-indeks spektral tersebut dengan 12
Band Citra Satelit Sentinel-2 dapat meningkatkan akurasi klasifikasi tutupan lahan dari 87%
menjadi 91%. Hasil penelitian juga menunjukkan bahwa indeks spektral NBAI memainkan peran
yang lebih penting dibandingkan dengan indeks spektral lainnya, yaitu sebesar 6%, diikuti oleh
NDVI sebesar 5,6% dan Indeks Perkotaan sebesar 4,9%.
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Introduction

Human activities on the earth's surface, such as settlement, agriculture,
mining, and hazard mitigation, will inevitably lead to changes in the earth's surface
and its characteristics over time. However, these changes can have adverse effects on
the ecosystem and, in turn, on humans themselves. For instance, converting a forest
into an oil palm plantation can threaten the habitat of native species, degrade soil
quality, and increase the risk of flooding in low-lying areas. To mitigate these
Impacts, it is crucial to monitor changes in land cover and take measures to maintain
a healthy environment and preserve the quality of the ecosystem.

Remote sensing has been widely utilized as a powerful tool in various
applications such as land cover mapping, environmental monitoring, and natural
resource management (Madasa et al., 2021). One of the crucial components of remote
sensing is the use of satellite imagery, which captures vast areas of the earth's surface
in various wavelengths of the electromagnetic spectrum. The satellite's bands provide
rich information that can be used to identify and classify various land cover features.
Furthermore, the derivation of spectral indices from these bands has been widely
recognized as a useful technique to enhance the object classification process. Spectral
indices are derived from mathematical operations on the values of the satellite's bands
and provide additional information about the physical and chemical properties of the
objects on the earth's surface.

The Random Forest method is one of the most widely used machine learning
algorithms for land cover classification (Gislason et al., 2006). It has gained
popularity due to its high accuracy and ease of use. The method builds a decision tree
from the training data, and the results of these trees are combined to form the final
classification result.

With this background, the objective of this study is to investigate the role of
spectral indices in enhancing the accuracy of land cover classification results using
the Random Forest method. The study will evaluate the importance of various
spectral indices, including Normalized Difference Vegetation Index (NDVI),
Normalized Difference Water Index (NDWI), and Soil-Adjusted Vegetation Index
(SAVI), among others. The findings of this study will provide valuable insights into
the importance of spectral indices in the land cover classification process and
contribute to the development of more accurate and effective remote sensing
applications.

Methods

The study area for this research is Banda Aceh municipality which is located
in the most Western Indonesia. Banda Aceh is the capital city of Aceh Province.
Banda Aceh is a medium city with some land cover namely: water body, fish pond,
built area, unbuilt area, bare land, un-irrigated paddy field and forest which are
grouped into several land cover types, such as water body, vegetation, open land,
built area and unbuilt area.
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In this research, multiple spectral indices were employed to improve land
cover classification accuracy. These indices include Normalized Difference
Vegetation Index (NDVI), Normalized Difference Water Index (NDW!I1), Normalized
Difference Built-up Index (NDBI), Global Environment Monitoring Index (GEMI),
Urban Index, Advanced Vegetation Index (AVI), Normalized Built-up Area Index
(NBAI), Modified Bare Soil Index (MBI), Normalized Difference Pond Index
(NDPonl), Sentinel-2 Water Index (S2WI), Modified Normalized Difference Water
Index (MNDWI), and Enhanced Modified Bare Soil Index (EMBI). The formulas for
each spectral index can be found in Table 1.

Table 1. Spectral Indices Formula

Spectral
Indices

NDVI (N-R)/(N+R)

Equation Reference

Rouse et al., 1974

NDWI (G-N)/(G+N) McFeeters, 1996

NDBI (S1-N)/(S1+N) Zhaetal., 2003

GEMI n(1-0.25n)-((R-0.25)/(1-R)) Pinty and Verstraete,
n=(2(N?-R?)+1.5N+0.5R)/(N+R+0.5) 1992

Urban (S2-N)/(S2+N) Kawamura et al., 1996

Index

AVI (N(1.0-R)(N-R))®® Rikimaru et al., 2002

NBAI ((S2-S1)/G)/((S2+S1)/G) Wagar et al., 2012

MBI ((S1-52-N)/(S1+S2+N))0.5 Nguyen et al.,2021

NDPonl  (S1-G)/(S1+G) Lacaux et al., 2007

S2wI (RE1-S2)/(RE1+S2) Jiang et al., 2021
MNDWI  (G-S1)/(G+S1) Xu, 2006
EMBI (MBI-MNDWI-0.5)/(MBI+MNDWI+1.5) Zhao and Zhu, 2022

Where:

N = Near Infra Red Band

RE1= Red Edge 1 Band

S1= Short Wave Infra Red 1 Band
S2=Short Wave Infra Red 2 Band

G= Green Band
R= Red Band
B= Blue Band
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Figure 1. Training and Testing Points

Approximately 812 sampling points were manually selected based on High
Resolution Satellite Imagery, with 650 points utilized for training and 162 points
reserved for testing the dataset as shown in figure 1. The sample selection was
performed through visual inspection and was based on the land cover descriptions
found in Table 2, which comply with Indonesian National Standard 7645:2010
(BSNI, 2010).

Table 2. Land Cover Type Description

Land Cover Type Description

Water Body Part of earth surface that covers significant amount of water
such as sea, lake, swamp, river, reservoir, fishpond and stream

Vegetation Surface that has plants at least 4% within 2 months or covered
with lichens/mosses more than 25% if no other vegetation
type exist

Open land Natural, semi-natural or artificial land which is not well

covered by its characteristics and can be categorized as
consolidated or unconsolidated surface.

Built Area Area has been substituted with permanent or waterproof
features like settlement, road, industrial zone, port, etc.

Unbuilt Area Land with human intervention that eradicate original land
cover type, although it’s not developed the same as built area.

The accuracy of classification results is measured with consumer accuracy,
producer accuracy and overall accuracy. Consumer's accuracy reflects the map's
reliability from the perspective of a map user. It is calculated by dividing the number
of correctly identified pixels in a specific class by the total number of pixels labeled
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as belonging to that class. This metric indicates the proportion of pixels classified as a
certain class on the map that truly belong to that class in reality.

On the other hand, Producer's accuracy represents the map's accuracy from the
perspective of the map creator (the "producer”). It is determined by dividing the
number of correctly classified pixels for a specific class by the total number of pixels
that truly belong to that class. This measure indicates the proportion of pixels in a
given class that have been accurately classified. Finally, overall accuracy indicates
the proportion of reference data that was correctly classified. It is calculated by
dividing the total number of correctly classified pixels by the total number of pixels
in the sample as shown in the equation 1 (Nicolau et al, 2024).

OverallAccuracy = (TotalPositive + TotalNegative)/Total Sample........... )

Results and Discussion

This research utilized the Google Earth Engine (GEE) platform for collecting
and processing satellite imagery. GEE is a cloud-based platform that provides the
capability to process hundreds of satellite imagery data (Phan et al., 2020). Figure 2
illustrates the calculated spectral indices based on the formulas provided in Table 2.
All pixels in each figure were scaled to a range of 0 to 1, corresponding to a color
gradient from black to white.

Based on the spectral index images, it is observed that some indices, such as
MNDWI, NDPonl, EMBI, S2WI, and NDW!I, perform well in detecting water bodies
compared to other indices. On the other hand, NDVI is effective in classifying
vegetation, as vegetation objects produce higher values than non-vegetation objects.
Additionally, GEMI produces intriguing results, as it generally yields high values for
all cover types.

v

a.EMBI b. GEMI c. MBI d. MNDWI

f. NDBI
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Figure 2. Spectral Indices Images Result
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Accurately classifying land cover is of utmost importance in land
management and environmental monitoring. Sentinel-2 satellite data has emerged as
a valuable source of high-resolution data for land cover classification. In utilizing the
Sentinel-2 spectral bands, an impressive overall classification accuracy of 87% was
achieved. However, it is worth noting that the accuracy level can vary based on
various factors, such as the quality of the data, classification method, and the training
dataset.

To better understand the classification process, researchers have examined the
relative importance of different spectral bands in the Random Forest classification
method, as depicted in Figure 3. The results indicate that band B4 played the most
crucial role, contributing 11.8% to the classification model. Band B2 was also found
to be important, accounting for 10.9% of the model. Additionally, bands B12 and B8
significantly contributed to the classification model, with important roles of 10.5%
and 9.7%, respectively. In contrast, the remaining bands had important roles below
9%, with the lowest being band B6, contributing only 6.4% to the model.
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Figure 3. Sentinel-2A Bands Importance in Classification Model

In the Random Forest classification model, all the spectral indices were
applied as input variables. Now there are 24 variables that are used to do landcover
classification. After training the model, the classification accuracy improved to
90.1%. Moreover, using the confusion matrix as shown in table 3, the classification
accuracy can be divided in two groups as consumer accuracy and producer accuracy.
The consumer accuracy for water, vegetation, built areas, unbuilt areas and open land
respectively 0.87, 1, 0.86, 0.93 and 1. It means for water class a user has 87%
chances to get a correct water class. The same explanation goes to other classes. On
the other hand the producer accuracy measures the number of correct testing points
over all testing points for the class. Producer accuracy for three classes namely water,
vegetation and built areas more than 90%. The rest classes which are unbuilt areas
and open land have producer accuracy respectively 86% and 50%. The producer
accuracy for open land is quite low 50% due to the small number of testing points.
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From 6 testing points only 3 points are classified correctly as open land. Other testing
points are misclassified as built area and water.

Table 3. Classification Accuracy Using Sentinel-2 Bands and 12 Spectral Indices

Classification

Producer
Class Water Vegetation Built Area Unbuilt Area Open Land Total Accuracy
Water 46 0 0 1 0 47 0.98
- Vegetation 0 18 0 2 0 20 0.90
'_*é Built Area 3 0 36 0 0 39 0.92
§ Unbuilt Area 2 0 5 43 0 50 0.86
Open Land 2 0 1 0 3 6 0.50
Total 53 18 42 46 3 162
Consumer
Accuracy 0.87 1.00 0.86 0.93 1.00

Figure 4 shows that B4 still play the highest importance with percentage of
6.6% followed by NBAI with 6%, then NDVI 5.6%, NDVI 5.3%, B12 5.3%, B2
5.2% and B11 5.1%. The rest bands are below than 5%. The lowest importance
variables, three from the bottom are: MNDW!I, NDPonl and EMBI with respective
percentage 2.2%, 2.3% and 2.5%.

After conducting a comprehensive analysis, the results indicate that the
Normalized Difference Water Index (NDWI), a commonly used spectral index for
identifying water bodies, exhibited a significantly higher level of importance at 4%
compared to the Modified Normalized Difference Water Index (MNDWI) at 2.3%
and the Simple Ratio Water Index (S2WI) at 3.5%. This outcome suggests that
NDWI is an effective spectral index for water body identification when applying in
the Random Forest method. Additionally, the analysis revealed that the Normalized
Difference Vegetation Index (NDVI), a renowned spectral index for vegetation
detection, played a crucial role with a percentage of 5.6%, which surpassed the
Advanced Vegetation Index (EVI) at 4.4%. In terms of urban index importance, the
Normalized Burn Area Index (NBAI) displayed the highest level of significance at
6%, outperforming other urban indices such as Urban Index (Ul) at 4.9%,
Normalized Difference Built-Up Index (NDBI) at 3.4%, and Global Environmental
Monitoring Index (GEMI) at 4.4%.
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Figure 4. Sentinel-2A Bands Importance in Classification Model

Figure 5 shows the land cover classification result using Sentinel-2 bands and
all mentioned spectral indices. The area of each classified land cover type is shown in
Table 4. From the table, it can be observed that the overall area of Banda Aceh city is
5997.7 hectares, which differs slightly from the official figure of 6136 hectares. This
discrepancy is due to the fact that the pixel resolution of the satellite imagery, which
is 10 meters, does not perfectly align with the actual city boundary.
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Figure 5. Land Cover Classification Result

Upon comparing the land cover classes between Sentinel-2A bands and
Sentinel-2A bands that include all indices, it was discovered that the water body and
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built area have a very small difference of around 4 hectares. Vegetation and built area
increased by 11.7 and 16.4 hectares. Conversely, the open land area decreased from

84.2 hectares to 56.5 hectares.
Table 4. Land Cover Class Area

Land Cover Class - - Area (Ha) - -
Sentinel-2A Bands ~ Sentinel-2A Bands + Indices  Absolute Difference

Water 1360.3 1364.6 4.3

Vegetation 299.0 310.7 11.7

Built Area 2600.6 2617.0 16.4

Unbuilt Area 1653.6 1648.8 4.8

Open Land 84.2 56.5 21.7
Total 5997.7 5997.7

Observing the average spectral signature response in figure 6, the spectral
indices works as its purpose. For example vegetation indices like NDVI and AVI give
strong response for vegetation land cover. Urban indexes like Ul, NDBI and NBAI
show similar responses where Open land and Built area have strong responses and are
quite close to each other. Unfortunately, this similarity is bad for Random Forest
input due to its strong correlation that leads to incorrect classification results.
Moreover, water indices namely NDWI, S2WI and MNDW!I show relatively high
response for water objects.

Xu (2006) research points out a potential shortcoming of the Normalized
Difference Water Index (NDWI) that should be taken into account when interpreting
its classification results. The index’s spectral characteristics may have an overlap with
those of built-up areas, which can lead to an overestimation of the water areas in the
classification. This overestimation can be detrimental to the accuracy of the
classification as it can result in misclassifying other features, such as roads, as water
bodies. The presence of these misclassified features can significantly reduce the
overall precision and reliability of the classification results. Therefore, it is important
to take into account this limitation of NDWI when analyzing and interpreting its
results.
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Figure 6. Spectral Signature Response

Conclusion

Accuracy of Land Cover classification using the Random Forest algorithm
can be increased by adding more parameters. The results show that the use of spectral
indices in random forest methods can slightly improve land cover classification from
87% to 90.1%, indicating that most pixels were correctly classified. Producer's
accuracy is highest for water (98%), vegetation (90%), built area (92%), and unbuilt
area (86%), reflecting a strong ability to identify these classes correctly. However,
open land exhibits a significantly lower producer's accuracy of 50%, indicating
frequent misclassification of this class. Consumer's accuracy is perfect for vegetation
and open land (100%) and remains high for unbuilt area (93%), water (87%), and
built area (86%). Despite these strengths, notable confusion exists between some
classes, such as open land and others, as well as water and built area. Moreover, from
12 Bands of the Sentinel-2A satellite imagery and 12 spectral indices used in the
algorithm, B4 plays the highest role with 6.6 %, followed by NBAI 6%, NDV1 5.6%,
B12 5.3%, B2 5.2% and B11 5.1%. The other bands are below 5% with three the
lowest importance are EMBI 2.5%, NDPonl 2.3% and MNDW!I 2.2%.
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