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Object-Based Image Classification Process at Landscape Level
Based on Spectral Index Extraction Using Sentinel 2 MSI
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Land Cover-Land Use (LC/LU) classification provides data for effective management of
environmental and ecological decisions at the landscape scale. In this process, Sentinel-2
Multi Spectral Imager (MSI) satellite images contribute to classification methods by
facilitating information extraction with their high spectral resolution. While index-based
methods mostly focus on the separation of single classes, landscapes require the
separation of multiple classes. This study shows how different spectral indexes derived
from Sentinel-2 MSI imagery can be used in large areas with the object-based image
classification technique. The Silifke district of Mersin province was selected as a sample
area. Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index
(NDWI), Built-up Area Extraction Index (BAEI), Built-up Area Index (BAl), Band Ratio (BR28,
BR38), Normalized Built-up Area Index (NBAI), New Building Index (NBI), Urban Index (Ul),
Normalized Difference Soil Tillage Index (NDTI), Red Edge Based Normalized Difference
Vegetation Index (NDVIre) and Normalized Difference Water Index (MNDWI) were used.
While no significant results were obtained with BR28, BR38, NBAI, NBl and Ul, 0.8815 kappa
coefficient of 0.8815 and overall accuracy rate of %94.11 were obtained with otherindexes.

KEYWORDS
object-based image analysis, spectral indexes, classification, nearest neighbour algorithm,
machine learning

Sentinel 2 MSI Uydu Gériintilerini Kullanarak Spektral indeks Cikarimina
Dayali Peyzaj Duzeyinde Nesne Tabanli Gorlntd Siniflandirma Sureci

Arazi Ortiisii-Arazi Kullanimi (AO-AK) siniflandirmasi, peyzaj élgeginde cevresel ve ekolojik
kararlarin etkin sekilde yonetilmesi icin veriler sunar. Bu surecte, Sentinel-2 Multispektral
Goruntuleyici (MSI) uydu goruntuleri, yiksek spektral ¢coziunurliikleriyle bilgi ¢ikarimini
kolaylastirarak siniflandirma yontemlerine katki saglar. indeks tabanli yéntemler
cogunlukla tek sinif ayrimina odaklanirken, peyzajlarda c¢oklu siniflarin ayristirilmasi
gerekmektedir. Bu ¢alismada, Sentinel-2 MSI goérlntilerinden tlretilen ¢esitli spektral
indekslerin nesne tabanli gorlnti siniflandirma teknigi ile genis alanlarda nasil
kullanilabilecegi ortaya konulmustur. Orneklem alani olarak Mersin ili Silifke ilgesi
segilmistir. Normalize Edilmis Fark Vejetasyon indeksi (NDVI), Normalize Edilmis Fark Su
indeksi (NDWI), Yapi Alani Gikarim indeksi (BAEI), Yapi Alan indeksi (BAI), Bant Orani (BR28,
BR38), Normalize Edilmis Yapi Alan indeksi (NBAI), Yeni Yapi indeksi (NBI), Kent indeksi
(U1), Normalize Edilmis Fark Toprak isleme indeksi (NDTI), Kirmizi Kenar Bazli Normalize
Edilmis Fark Vejetasyon indeksi (NDVire) ve Donistiiriilmis Normalize Fark Su indeksi
(MNDWI) kullanilmistir. BR28, BR38, NBAI, NBI ve Ul ile anlamli sonugclar elde edilemezken,
diger indekslerle 0,8815 kappa katsayisi ve %94,11 genel dogruluk orani saglanmigtir.

ANAHTAR KELIMELER
nesne-tabanli goriintl analizi, spektral indisler, siniflandirma, en yakin komsu algoritmasi,
makine 6grenmesi
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1. INTRODUCTION

Recent developments in digital image processing have helped the development of several
techniques that facilitate the conversion of data sets obtained via various satellite platforms into land
cover-land use (LC/LU) maps (Bayburt, 2009; Kalkan & Maktav, 2010). One of the most fundamental
steps in digital image processing is image classification techniques (Jawak et al., 2015). The
evolution of these techniques, alongside advances in machine learning algorithms, initially relied on
pixel-based methods. However, in recent years, the proliferation of satellite platforms providing high-
resolution spatial and spectral data—now publicly accessible—has significantly boosted the
adoption of object-based classification approaches (Bhaskaran et al., 2010).

Object-based programming is an information-extracting approach that allows the use of muilti-
information, such as shape, texture, area, and topological relations with other (neighbour) objects,
in addition to spectral information obtained from objects and used for image classification (Torres-
Sanchez et al., 2015). In most existing approaches, the spectral information in the remote sensing
bands is pixel-based, as it consists of the electromagnetic reflectance value reflecting the physical
characteristic of the ground, enables the creation of land cover/use maps using only multiband
spectral data (Bayburt, 2009; Nandam & Patel, 2021). However, in the recent years, it has been
seen that object-based classification methods provide results with higher accuracy according to
pixel-based ones (Duro et al., 2012; Flanders et al., 2003; Kalkan & Maktav, 2010; Rastner et al.,
2014). For example, Tehrany et al. (2014) used DEM ancillary data with Nearest Neighbour (NN)
algorithm, Whiteside et al. (2011) used Digital Elevation Model (DEM) and surface contours ancillary
data with Weighted Scoring Model (WSM), Newman et al. (2011) used Digital Surface Model (DSM)
and road networks ancillary data with NN algorithm, Myint et al. (2011), Ouchra et al. (2022), and
Tehrany et al. (2014) used DEM ancillary data with NN algorithm by comparing to other pixel-based
classification methods. In their studies, it was shown that object-based classification results provided
higher accuracy scores.

Based on the insights gained from these studies, detailed object-based image analysis (OBIA), which
dates back to the 1970s (Blaschke, 2010), involves extracting homogeneous image objects
(segments) at a specified resolution (Flanders et al., 2003) and subsequently assigning them to
relevant object classes. Instead of using pixels in their raw form, they are transformed into
information that defines objects (classes), making them easier to separate (Bayburt, 2009; Blaschke,
2010). In the field of remote sensing, numerous efforts have been made to develop effective
approaches for information extraction processes (Jawak et al., 2015). At this stage, easy access to
high-resolution satellite images provides an advantage for more precise information extraction
through the development of advanced classification schemes. One of the most effective methods for
meaningful extraction of spectral information from object-based segmented images is assumed to
be the index-based classification approach (Bhatt et al., 2018; Magpantay et al., 2019). In this
approach, auxiliary factors that help determine a class are spectral thresholds, which enable the
extraction of information within maximum and minimum ranges.

The Normalized Difference Vegetation Index (NDVI) developed by Rouse et al. (1973) allows
vegetation to be easily separated from other classes (Nandam & Patel, 2021). NDVI has become
the pioneer of many other spectral reflectance-based indexes. The Normalized Difference Water
Index (NDWI), developed by McFeeters (1996), and the Urban Index (Ul), developed by Kawamura
et al. (1996), have been used in many studies to classify land use/land cover at the landscape level
(Kebede et al., 2022; Zha et al., 2003) and have contributed to the development of many other
indexes created for similar purposes. These indexes, developed with the introduction of Landsat
satellite imagery since 1972, have been used in many classification studies based on index-based
thresholding, yielding meaningful results (Harrak et al., 2025). For example, Magpantay et al. (2019)
classified water, built-up, and vegetation areas using NDVI, NDWI, and Normalized Difference Built-
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up Index (NDBI) with Landsat 8 OLI imagery. Similarly, Zha et al. (2003) extracted built-up areas
using the NDBI index with Landsat TM imagery. Lemenkova & Debeir (2023) focused on green
surface extraction using the Vegetation Index (VI) with Landsat 8—9 OLI/TIRS imagery. Additionally,
Da Silva et al. (2020) classified forest, agricultural, built-up, and water surfaces using NDVI, Soil-
Adjusted Vegetation Index (SAVI), Leaf Area Index (LAl), Enhanced Vegetation Index (EVI), and
NDWI with Landsat 8 OLI imagery. The common resolution of these studies was 30 meters.

In many studies comparing Sentinel 2 MSI (its the short revisit time (5 days) and 10-meter spatial
resolution) and Landsat 7-8-9 images, it has been seen that band combinations prepared with
Sentinel 2 MSI band collections put forward results with higher accuracy (Esetlili et al., 2018; Karakus
et al.,, 2017; Nwagoum et al., 2023). Although many attempts have been made to combine and
compare both band groups (Kebede et al., 2022; Zhang et al., 2023), it should be noted that studies
focusing on index-based classification of Sentinel-2 MSI imagery typically target only one or a limited
number of land cover or land use classes. For example, Kebede et al. (2022) provided the extraction
of impervious surfaces with Built-up Area Extraction Index (BAEI), Band Ratio for Built-up Area
(BRBA), Modified Built-up Index (MBI), Normalized Built-up Area Index (NBAI), New Built- up Index
(NBI), NDBI, and Ul, Osgouei et al. (2019) obtained built-up areas with Normalized Difference Tillage
Index (NDTI), Red-Edge-Based Normalized Vegetation Index (NDVIre), and Modified Normalized
Difference Water Index (MNDWI), Rouibah (2023) obtained built-up areas with the Blue-Near-
Infrared (BR28) and the Green-Near-Infrared (BR38) Bands Ratio (BR38), and Du et al. (2016)
obtained water surfaces with MNDWI index by using Sentinel 2A MSI imagery.

This study presents a comprehensive object-based image analysis (OBIA) approach that integrates
multiple spectral index layers derived from Sentinel-2 MSI imagery to perform land use/land cover
(LU/LC) classification at the landscape scale. Unlike most previous studies that focus on a single
class or a limited number of classes, this research emphasizes the multi-class separation required
for complex and heterogeneous landscapes. The proposed method not only utilizes spectral
thresholds for index-based classification but also incorporates ancillary data to enhance accuracy in
distinguishing spectrally similar classes. By applying this integrated approach in the Silifke district of
Turkiye, the study aims to demonstrate the reliability, adaptability, and scalability of index-based
OBIA methods in generating high-resolution LU/LC maps suitable for planning and environmental
monitoring purposes.

2. MATERIAL AND METHOD

2.1. Material

2.1.1. Study Area

Silifke district, which is 85 km away from Mersin city center, and 73 km away from Mut district center,
is located between 37°26'39" - 36°14'5.48" north-south latitude and 33°49'36.98"- 33°35'38.94" east-
west longitude. Silifke, which is surrounded by Erdemli in the west, and by Mut and Gilnar district in
the east, has typical Mediterranean climate characteristics. The district located at an altitude of 30
meters includes 88 neighbourhoods within its boundaries. Its surface area is 2590 km? (TUIK, 2023).
Figure 1 shows the location of the study area within global boundaries.
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Figure 1. The Silifke district sample area

2.1.2. Data Set and Acquisition Source

Sentinel 2B MSI data for the study area were captured on 21 July 2024 providing 13 spectral bands:
four bands at 10-meter resolution, six bands at 20-meter resolution, and three bands at 60-meter
resolution (NASA, 2025). The primary dataset of the study is the standard Sentinel-2 Level-1C
product, produced by radiometric and geometric corrections (Sentiwiki, 2025), including ortho-
rectification and spatial registration on a global system with sub-pixel accuracy (Du et al., 2016).
Therefore, geometric, and radiometric corrections were not required for this dataset. While extracting
information from the prepared index images using the primary dataset, ancillary dataset (DEM and
stand map) was used in cases where spectral segregation for different classes became difficult and
complex (Table 1).

Table 1. Dataset used in the OBIA for LC/LU classification

Primary Data Set: Sentinel
2B_MSIL1C_20240721T082609 N0510 R021_T36SWF_20240721T10141

Name Description Resolution Reference
B02 Blue, 492.4 nm (S2A), 492.1 nm (S2B) 10 m
BO3 Green, 559.8 nm (S2A), 559.0nm (S2B) 10m
B04 Red, 664.6 nm (S2A), 665.0 nm (S2B) 10 m
BO7 Veg. Red Edge, 782.8 nm (S2A), 779.7 nm 20 m (CB, 2024)
B08 NIR, 832.8 nm (S2A), 833.0 nm (S2B) 10 m
B11 SWIR, 1613.7 nm (S2A), 1610.4 nm (S2B) 20m
B12 SWIR, 2202.4 nm (S2A), 2185.7 nm (S2B) 20m
Ancillary Data Set
DEM (Digital Elevation Model) Resampled (Ozgiir, 2023)
Stand Map Digitalized (OGM, 2021)
2.2. Method

2.2.1. Image Pre-Processing

The only pre-processing step required before preparing the index layers is the downscaling process
to ensure Sentinel 2 MSI bands with identical spatial resolution (10 m for this study). Downscaling
is defined as the restoration of fine-scale values to a specified scale, assuming that they are
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descriptive of coarse scale values (Hong et al., 2011). This process is also called the reduction of
coarse resolution data (dependent variable) to fine resolution using the available information
(independent variable set) at the desired resolution.

The widespread use of machine learning algorithms for geostatistical applications has led to the
improvement of estimation performances that show spatial dependence among satellite band groups
and has caused an increase in the success rates of downscaling operations. Therefore, downscaling
operations were performed for Sentinel 2 MSI bads using Random Forest (RF), Support Vector
Machine (SVM), and Artificial Neural Network (ANN) machine learning algorithms. While the B02,
B03, B04, and B08 bands with 10 m spatial resolution were evaluated as independent variable sets,
the BO7, B11, and B12 bands with 20 m spatial resolution were accepted as dependent variables
separately and the operations were carried out.

2.2.2. Image Segmentation

One of the most important steps for ensuring object-based classification study with high accuracy
scores is the segmentation process. At this stage, the image to be segmented was chosen as
Sentinel 2 MSI natural colour band combination, which is the same way the human eye perceives
the world (uses red (B04), green (B03), and blue (B02) channels), as given in Figure 2.

4080000

4050000

4040000

020000
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550000 s60000 sT0000 580000 sa0000 500000

Figure 2. Natural band (4,3,2) composite of the Silifke district

The image was firstly segmented using the multiresolution segmentation algorithm in eCognition
Developer 64 software. The algorithm is primarily an iterative bottom-up segmentation method
starting with individual pixels and merging these pixels based on pixel heterogeneity (Trimble, 2025).
The segmentation of the images was prepared by three parameters: scale, shape, and compactness.
In here, scale parameter is a value that affects the heterogeneity of objects occurring in different
sizes on the satellite image (Nussbaum & Menz, 2008). As the scale parameter increases, the image
is divided into fewer segments, and result in segments consisting of a mixture of different land use
types. When the scale parameter is too small, objects are divided into more segments than
necessary. Shape parameter is based on the standard deviation of the spectral colours.
Compactness gives a relative weighting against smoothness. In line with this information, the natural
colour composite image was segmented using different parameter values, and the classification
process continued with the most ideal segmentation result.
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2.2.3. Index-Based Class Extraction

The spectral index types given in Table 2 were prepared with the B02, B03, B04, BO7, B08, B11,
and B12 bands with identical spatial resolutions (10 m) obtained by the downscaling process. These
images have been used as a new layer containing a specific characteristic of the relevant class on
the earth surface. Each spectral index is useful not only for estimating pixels with a specific property
in land cover classification but also for improving accuracy of classification by combining it with other
spectral index (Magpantay et al., 2019).

Table 2. Environmental spectral indexes selected for OBIA

9.5 Name Formulation References
BAEI Built-up area extraction index (B4+0.3)/(B3+B11) (Kebede et al., 2022)
BAI Built-up area index (B2-B8)/(B2+B8) (Rahar & Pal, 2020)
BR28 Band ratio 2/8 B2/B8 (Rouibah, 2023)
BR38 Band ratio 3/8 B3/B8 (Rouibah, 2023)
MNDWI | M.N. difference water index (B3-B11)/(B3+B11) (Du et al., 2016)
NBAI N. built-up area index (B12-(B11/B3))/(B12+(B11/B3)) (Li et al., 2021)
NBI New built-up index (B4*B12)/B8 (Jieli et al., 2010)
NDVIre | N. difference red edge (B7-B5)/(B7+B5) (Osgouei et al., 2019)
NDTI N. difference tillage index (B11-B12)/(B11+B12) (Osgouei et al., 2019)
NDVI N. difference vegetation (B8-B4)/(B8+B4) (Wu et al., 2022)
NDWI N. difference water index (B3-B8)/(B3+B8) (Zhang et al., 2019)
Ul Urban index (B11-B8)/(B11+B8) (Kebede et al., 2022)

All formulas are shown according to SENTINEL 2 MSI bands, M: Modified, N: Normalized

The spectral reflectance value ranges that best represented the classes for six different land
cover/land use classes (agriculture, pasture, built-up, water surfaces, forest, and bare land) were
determined using the relevant index images. Given threshold values ranges (sub-top values) should
not be considered as spectral information representing the entire class of interest on the image. The
ranges where two different classes were thought to be mixed were not taken into consideration. At
these points, the classification ability of the OBIA was used. In addition, DEM and Stand map were
used to distinguish agriculture, pasture, and unhealthy forest cover, which have very similar spectral
reflectance values, by considering the morphological structure of the study area. The obtained
polygons were used as a training set to run the NN configuration process. After the configuration
step, the accuracy assessment results were calculated using the up-to-date Google Earth images
for the final classification layer. The entire process explained in the method section is shared on
Figure 3, considering chronologically.
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Figure 3. Workflow of the object-based image classification based on spectral indexes

3. RESULTS AND DISCUSSION

3.1. Results

3.1.1

. Image Downscaling Pre-Processing

The variance inflation factor (VIF) of the data set was controlled to understand whether the multi-
collinearity problem affects the model performance during the downscaling process. The VIF value
for the entire data set was determined as 6.27. Since this value is below 10, the downscaling process
of the B07, B11, and B12 bands was deemed appropriate by using the B02, B03, B04, and B08
bands. After this control step, BO7, B11, and B12 bands with 20 m resolutions were subjected to
downscaling process by running with B02, B03, B04, and BO8 indicators. The interactive analysis of
these models with the independent variable set enabled us to obtain solutions with different accuracy
values using the same model and parameters. As a result of the experiments, the model with the
highest accuracy was obtained with the Random Forest Algorithm for BO7 and B11 bands with R?
values of 0.95. The highest accuracy for the B12 band with R? values of 0.89 was obtained with ANN
as seen in Table 3.
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Table 3. Image pre-processing downscaling results

Model Target Band Model Installation RMSE MAE R?
Independent
B0O7 B02, BO3, BO4, BOS 279.35 212.05 0.89
SVM-Type:eps-regression
SVM B11 SVM-Kernel: radial 221.72 181.03 0.88
Gamma:0.25
B12 Epsilon:0.1, Cost:1 235.44 199.96 0.84
BO7 Cross Validation 296.87 227.91 0.95
Mtry:3
RF B11 Method:cv 183.37 12523  0.95
Number:5
B12 Repeats:3 182.24 12457 088
Search:grid
B07 with Normalized 279.35 212.05 0.89
ANN B11 Independent 188.21 200.98 0.91
B12 B02, B03, B04, B08 235.33 199.91 0.89

* Bold rows indicate the “best” performances for BO7, B11, B12 downscaling process

3.1.2. Image Segmentation

The segmentation process was repeated several times using different parameter values. As a result
of the experiments, the parameter values that are best for separating the natural band composite
image of the Silifke district into segments are presented in Table 4.

Table 4. Parameter values used in the segmentation process

Segmentation Type Shape Compactness Image Layer Scale
multiresolution segmentation 04 04 1.1.1.1.1.1.1. 30

Using the parameter values shared in Table 4, the entire study area was divided into 26,544,659
segments. In here, two evaluations were needed to accept the segmentation result as valid. The
first is that the object groups belonging to a class should be successfully separated from the other
object groups. The second is that a class should not be subjected to unnecessary divisions within
the object group belonging to its own class. Segmented images of the three different areas belonging
to the study area is shown in Figure 4.

=
il

built-up areas water surface forest areas
roads bareland built-up areas
agricultural parcels built-up areas water surface

Figure 4. Examples from the segmentation study performed

3.1.2. Index Based Class Extraction

Index layers were obtained using Sentinel 2 MSI bands B02, B03, B04, B05, B07, B08, B11, and
B12 with identical spatial resolutions (10 m). This step was performed using the eCognition
Developer 64 software. The layers (using formulations listed in Table 2) are shown in Figure 5.
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Figure 5. Index layers created for OBIA using Sentinel 2 MSI bands

Extracting all classes in a healthy way using the obtained index layers is not considered appropriate,
especially for classes that provide similar spectral reflectance information, such as agriculture, forest,
and pasture. For this reason, within the scope of this study, segments that clearly represent a total
of six LC/LU classes were separated by utilizing the spectral information representing them (as seen
in Table 5) and auxiliary data. It has been noticed that agricultural activities are concentrated in the
lands with an altitude of 0-76 meters in Silifke district due to its morphological structure. These areas
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were limited using DEM auxiliary data, and parcels belonging to agricultural activities were obtained
using NDVI within this limited region. This method has been very effective in separating agricultural
land from pasture and forest lands. In Turkiye, pasture activities are carried out on lands with high
groundwater levels. This situation makes it difficult to distinguish pasture lands from shallow water
surfaces and less dense or unhealthy forest lands. For this reason, pasture-land segments were
extracted using the stand map.

Table 5. Threshold values for class extraction

Name Sub-value Top-value Used Ancillary Data Related Class
NDWI 0.0012 0.2802 - water
MNDWI -0.0017 0.2931 - water
NDVI 0.1 0.6100 <76 m DEM agriculture
NDVI 0.22 0.6100 >76 m DEM forest
NDVire 0.1450 0.5273 >76 m DEM forest
NDTI 0.0574 0.0976 - built-up
BAEI 0.4423 0.5017 after extracting water built-up
BAI -0.1922 -0.0888 after extracting forest built-up
NDVI 0.1203 0.1827 via stand map pasture
--- - - after extracting all classes bare land
BR28
BR38
NBAI no meaningful class separation was obtained
Ul
NBI

Another issue to be considered at this stage is the sequence of the class extraction steps. The
sequence followed in this study is the same as the related class shared in Table 5. Inevitably, the
minimum and maximum ranges of spectral reflectance values provided by remote sensing data
within wide administrative boundaries such as Silifke district, would be large. This situation makes it
difficult to distinguish between relevant classes. After each class extraction, removing the spectral
range representing the class simplifies the process. In cases where more than one index was
evaluated for the same class, all segments in the sub-value and top-value ranges were merged and
included in the training set. For example, the extraction of segments belonging to the water class
was obtained by merging polygons in the range of 0.0012 to 0.2802 for NDWI and -0.0017 to 0.2831
for MNDWI in the segmented image.

With BR28, BR38, NBAI, Ul and NBI layers, meaningful information extraction was not achieved,
and they were not used in the classification process. Except for these indexes, the polygons of the
NDWI, MNDWI, NDVI, NDVIre, NDTI, BAEI and BAI, which allowed meaningful information
extraction, were assigned to the relevant classes as training set. The obtained 10,328 polygons were
used for the OBIA process covering the NN configuration. Thus, the classification process was
completed. The final layer obtained after the classification process is shared in Figure 6.
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Figure 6. Result classification layer

3.1.3. Accuracy Assessment

To test the statistical accuracy of the classification, the valid Cochran’s sample size was calculated
as 119 (Woolson et al., 1986). The current ground-truth data consisting of 119 sample areas across
all classes were compared with the classification results. The comparison outcomes were evaluated
using producer and user accuracy metrics (Story & Congalton, 1986) and the kappa statistic
(Congalton, 1991). The results of the accuracy assessment are presented in Table 6.

Table 6. Accuracy assessment results

Class Producer Accuracy User Accuracy Kappa Coefficient
Water 1 1
Built-up 0.7500 0.7500
Forest 0.9333 0.9333
Agriculture 0.6666 0.8571 0.8815
Pasture 1 1
Bare land 0.9861 0.9594
Overall Accuracy 0.9411

3.2. Discussion

When similar studies carried out using satellite images for the downscaling process were examined,
it was observed that the models established with nonlinear machine learning algorithms (ANN, SVM,
RF, Decision Tree (DT) etc.) produced quite successful results according to the model experiments
established with linear ones (Lineer, Ridge, Lasso and Elastic Net Regression models etc.) (Gaitan
et al., 2014; Ghorbanpour et al., 2021; Weichert & Blrger, 1998). In line with the relevant literature,
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the downscaling model performances for bands B0O7, B11, and B12 were found to be statistically
significant. Among nonlinear machine learning algorithms, the RF algorithm—recognized for its
superior model performance (Grimm et al., 2008; Lamichhane et al., 2019; Reddy et al., 2024)—
yielded the highest accuracy for the BO7 and B11 bands in this study.

Although the BR28, BR38, NBAI, Ul, and NBI have demonstrated significant results in numerous
studies (Osgouei et al., 2019; Suharyadi et al., 2022; Xi et al., 2019), they failed to accurately extract
the built-up class within the scope of this study, despite trials involving different spectral ranges. For
instance, Rouibah (2023) concluded that the BR28 and BR38 were simple yet effective in
distinguishing urban areas. However, the present study did not yield the same outcome. This
discrepancy is largely attributable to the climatic differences between the study areas. While Rouibah
(2023) conducted the research under arid climate conditions, the Silifke region is influenced by the
Mediterranean climate. The impact of atmospheric conditions on spectral reflectance values is well
documented (Kaufman, 1987). Therefore, differing results are to be expected.

Pandey & Tiwari (2020) used NBI and NBAI to extract roof surfaces and build-up areas in a small
study area where construction was dense. However, the satellite image used in this study was
AVIRIS-NG imagery hyperspectral data. AVIRIS-NG has 1999 SWIR; 1548 SWIR,, 561 Green
central wavelength combination (nm) for NBAI index, and 1999 SWIR, 867 NIR 737 Red central
wavelength combinations (nm) for NBI index. However, Sentinel 2 MSI imagery has 2202 SWIR;,
1613 SWIR1,559 Green central wavelengths combination (nm) for NBAI index, and 1613 SWIR,, 832
NIR, and 664 Red central wavelengths combination (hm). The spectral differences captured by the
band sets also caused differences in the reflectance value distribution of the classes on the created
NBAI and NBI images. According to the study area determined by Pandey & Tiwari (2020), the fact
that the artificial surfaces (roof and other construction areas) in the Silitke district have a very
heterogeneous distribution and the differences in the spectral reflectance values of the bands used
caused different results in both studies.

Ali et al. (2022) successfully extracted city features using NDBI and Ul. However, in their study, while
NDBI played an active role in distinguishing the surfaces, Ul showed effective performance for bare
land and urban surfaces in the second step. Limiting the study to two classes contributed significantly
to the result. The fact that the Silitke district did not have the same distribution density prevented
similar results from being obtained. Oztlrk (2022) aimed to extract impervious surfaces with Ul index
prepared using Sentinel-2a MSI and Landsat-9 OLI-2 satellite images but could not achieve a
successful result as in this study. For this reason, built-up extraction attempts performed with the Ul
index could not be considered reliable.

The spectral range values found for the extraction of classes associated with the BAEI, BAl, MNDWI,
NDVIire, NDTI, NDVI, and NDW!I exhibit heterogeneity in various research regions, which is perfectly
acceptable. These discrepancies could be caused by a variety of reasons, including the satellite
platform’s sun angle at the time of recording, bandwidth, receiver quality, and atmospheric
conditions. For this reason, the quantitative results obtained (seen in Table 5) were not compared
with similar studies.

Among the accuracy values obtained for the water, built-up, forest, agriculture, pasture, and bare
land classes, the lowest value corresponds to agricultural areas, with a producer accuracy of 0.6666.
According to Kappa Statistic introduced by Nichols et al. (2010), this value is accepted as “substantial
agreement (0.61<a<0.80)” among the acceptable accuracy scores. As a result, every score from the
classification research (shown in Table 6) is within an acceptable range. In the light of all this
information, it is quite difficult to consider that the proposed method and threshold values reflect a
standard. The method’s use with different working areas and satellite image types necessitates
testing with different threshold values. Therefore, obtaining effective results may require a sensitive
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and long-term work process. This situation should not be ignored for research that will use a similar
approach.

4. CONCLUSIONS

In studies based on estimation performance, such as downscaling with data provided through
satellite platforms, the performance of nonlinear machine learning algorithms for the Silifke district
and its surrounding areas is acceptable. The reliability of the obtained downscaled bands is essential
for classification results of the indexes obtained. The object-based image classification process
implemented in the study has proven that classification studies that can provide statistically
acceptable accuracy scores are possible with spectral-based information layers. The results are
consistent with similar studies, except for BR28, BR38, NBAI, Ul, and NBI. The results proved the
success of LC/LU classification with high-resolution Sentinel 2 MSI satellite images for the Silitke
district located on the Mediterranean coast. This study presents an object-based image classification
method that can be easily integrated into similar geographical areas using the spectral ranges (sub-
top values) in Table 4. Correctly extracting classes with a high probability of mixing, such as low-
density forest areas, agricultural areas, and pasture areas, is a quite difficult and time-consuming
step for planners. The method presented in this study provides a solution to this problem for large
study areas. OBIA (Tonbul & Kavzoglu, 2018), which does not only consider the reflection
information in pixels, has proven its classification success in large study areas, as in this study. The
potential of OBIA on spectrally complex images has enabled the development of a method that
simplifies the ensuing process by following processing steps. The Silifke district has a very
heterogeneous LC/LU distribution. Therefore, it is complex to convert the spectral diversity into
information. In similar purpose studies conducted by considering spectral index layers as a
reference, the sample areas are quite small. Researchers present the success of the indexes by
testing in these small study areas. These studies are quite meaningful, but they are not sufficient to
carry out classification studies that can ensure the readability of lands at the planning level. In this
study, the deficiency has been eliminated with the help of auxiliary data that can be easily integrated
into the OBIA process.

Beyond methodological validation, this study provides a practical and scalable classification
approach that can be used by local governments and researchers in areas such as rural and regional
planning, ecosystem monitoring, and environmental impact assessment. The ability to correctly
classify classes with a high probability of mixing contributes to more sustainable spatial planning
decisions.
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