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Abstract - Land Use Land Cover information is an indispensable asset in sustainable resources management. The current study
investigates the yield of Land Use Land Cover (LULC) information in and around Itanagar, capital of Arunachal Pradesh, India.
The area under research consists of five administrative circles, namely Itanagar, Naharlagun, Doimukh, Gumto, and
Banderdewa circle, which are studied individually. In this study, the Indian Remote Sensing (IRS) Linear Imaging Self-Scanning
Sensor (LISS)-1V multispectral image of 2022 is used in producing the LULC information. The Random Forest classifier in QGIS
is employed for image classification, producing five classes in the study area: Dense forest, Degraded forest, Fallow land,
Builtup and Water body. Accuracy assessment uses an equal stratified random method to produce the confusion matrix. The
results obtained are encouraging with high overall accuracy, 85%, 83%, 78%, 85%, and 79% for Itanagar, Naharlagun,
Doimukh, Gumto and Banderdewa circle, respectively and kappa coefficient ranging from 0.81, 0.79, 0.73, 0.82 and 0.74 for

Itanagar, Naharlagun, Doimukh, Gumto and Banderdewa circle, respectively. Finally, the LULC map is prepared in ArcGIS.

Keywords - Random forest, LULC, Machine Learning, Confusion matrix, Kappa coefficient.

1. Introduction

The increasing exploration of natural resources on Earth’s
surface, driven by the growing population, has created a sense
of necessity to understand its spatial distribution. The LULC
extent and spatial distribution comprise the critical inputs for
planning strategic sustainable developmental projects [1].
Land use is human activity, while land cover is the biophysical
characteristics of land surface[2]. LULC data are widely used
in many studies, some of which are forest management [3],
hydrological studies [4, 5] town planning [6], climate change
[7], disaster management [8], wildlife habitat management [9,
10] and transportation management [11]. LULC data at
various scales have been derived from the remotely sensed
data [12-14]. It has been derived using a variety of sensor data,
like light detection and ranging data (LIiDAR) [15, 16],
satellite data [1, 12, 13] and aerial data [17, 18]. Based on
spatial resolution, remotely sensed data may be grouped into
coarse resolution, medium resolution, high resolution and very
high resolution [19, 20]. Coarse spatial resolution images such
as Landsat images of 30 m and LISS—II having 36.35 m are
found to be used extensively in LULC mapping and studies
related to LULC as an important parameter [6, 13, 19, 21].
Among the medium spatial resolution images IRS LISS-III
and Sentinental-2A have also been widely used in similar
studies [1, 4]. High spatial resolution images, like those of
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LISS-1V, have been used recently for LULC mapping and
other RS-based applications [12, 22]. Very high spatial
resolution images are used in studies of road networks [23],
urban sprawl [24], and studies where details are more
important [20, 25, 26]. Numerous researches have
demonstrated that the desired result of LULC mapping is
influenced by spatial resolution selected for the remotely
sensed image [16, 27, 28]. Some of the commonly adopted
classification methods within the remote sensing community
are pixel-based unsupervised [29], supervised[30], hybrid
classification[3] and random forest [31-33]. Apart from these
methods, advanced methods such as object-based image
classification [15, 34, 35] and semantic segmentation [36]
have also been used. In recent studies, deep learning-based
classifications have also been proposed in many research
works [36-38].

It has been found that various studies have been
conducted within Arunachal Pradesh that involve LULC
information [9, 10, 39, 40-44]. In all of these studies, satellite
imageries used were of coarse resolution, such as IRS-LISS-I
and LISS-I11, Landsat 7, Landsat 8, Landsat 9, Landsat-MSS,
Landsat 5 TM, Landsat TM and Landsat 1 MSS. Among these
studies, [9, 10] studied wildlife sanctuaries in East Siang
district and Lower Dibang Valley district, respectively, [41]
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studied LULC impact on climate in Lower Dibang Valley
district, [43] studies LULC dynamics in Lower Dibang
Valley, Lohit and Changlang districts, [44] studied the
dynamics of LULC in Pasighat in East Siang district and [40]
analysed the landslide possibility of western Arunachal
Pradesh in Tawang and West Kameng. Further, [45] studied
the land erosion variation in the Mago Basin of Tawang
district and Dibang Basin in the Upper and Lower Dibang
districts of Arunachal Pradesh using LULC as an important
input parameter. However, the raw satellite image from which
the LULC information was obtained was not mentioned in the
study but resampled to 30m spatial resolution. [39] carried out
a study related to urban sprawl for Himalayans, including
Itanagar, which required LULC data. Their study used Landsat
1 Multispectral Scanner, Landsat 5 Thematic Mapper and
Landsat 8 imageries to obtain the data on LULC.

In another study, [42] determined LULC using Landsat 8
image to map a potential groundwater zone in Arunachal
Pradesh’s Papum Pare district. [46] emphasised the need for
mapping of cities and rural areas, including Itanagar
Arunachal Pradesh, in their study of earthquake impacts on
Northeastern India. However, their work did not involve such
mapping. [47] discussed thoroughly the urbanisation process
and changes that occurred in Arunachal Pradesh from 1961 to
2000 based on population size and the growth rate. It was
highlighted that urbanisation could be better studied with
spatial and temporal mapping, which was missing in the study.
[48] studied the exposure of residents of Itanagar to
geohazards due to rapid urbanisation.

This study emphasised on certain key issues among which
LULC is one of them. However, the study did not map LULC
of the study area. The literature assessment indicates that these
studies would have yielded significantly different results had
they employed higher spatial resolution imagery.
Furthermore, it is noted that limited studies have been
conducted in the vicinity of Arunachal Pradesh Itanagar,
concerning LULC data, and there has been a deficiency of
significant study utilizing LULC data obtained from high-
resolution imagery. This paper shares the study on LULC in
the region in and around ltanagar, capital of Arunachal
Pradesh, a Northeastern India state.

The area chosen for study is in Arunachal Pradesh’s
Papum Pare district with demography of 51 persons per square
kilometre against 17 persons for each square kilometre as per
Census of India, 2011. The region of study is located in
between the latitudes 27°15°10’N to 26°58’55°N and
longitudes 93°29°15’E to 93°54°10”’E. The chosen study
area consists of five administrative units each called as a
circle. These five administrative circles are Itanagar circle,
Naharlagun circle, Doimukh circle, Gumto circle and
Banderdewa circle. The region has become one of the major
evolving regions among the Northeastern states of India. This
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necessitates a comprehensive and strategic utilization of the
resources of the region for sustainable development. In this
regard, this research task has been initiated up to develop
LULC information in possible detailed manner and present the
information concisely in the form of a map.

This may help various stakeholders comprising of
government authorities, local communities, business
establishments, and environmental organizations to take
critical decisions among diverse competing and non-
conflicting objectives, and hence, help in achieving
sustainable development with minimum environmental
degradation. The area of interest is highlighted in Figure 1.

The next section describes the methodologies used in this
study, followed by a discussion of the results obtained. Then,
the last section draws the conclusion of the study.

2. Materials and Methods

To achieve the aforementioned objective of the current
investigation, the IRS multispectral LISS-1V image of 2022 is
purchased from the National Remote Sensing Centre, India.
Apart from this image, other ancillary data is used to assist the
study. Remote sensing data forms the vital backbone to
achieve the objective of developing a LULC thematic map in
this work. The IRS LISS-1V multispectral image needs pre-
processing before carrying out LULC analysis. The band
composite and raster clipping are performed as pre-processing
requisites. These pre-processing operations are worked on
ArcGIS. The ancillary data is used to generate the study area's
shape file.

The generated shape files clip the study area, defined as
administrative circles, from the pre-processed dataset. The
clipping produces the False Color Composite (FCC) image for
each administrative circle. The training set for each LULC
class is created manually using the polygon tool available in
the SCP plugin in QGIS. Further, for each of the LULC
classes, sub-classes are created to represent the variation
within a LULC class. Using this training set, the FCC image
is classified using the random forest classifier available in the
SCP plugin in QGIS. This yields the classified LULC thematic
image. After performing random forest classification, the
accuracy of the classified image is assessed using Google
Earth through the HCMGIS plugin available in QGIS. The
accuracy assessment produces the kappa coefficient, overall
accuracy, and the user’s and producer’s accuracy in the
confusion matrix. Further, the post-classification processing is
performed in ArcGIS to produce the LULC thematic map. A
brief description of the random forest classifier and accuracy
assessment adopted in the study is presented in the following
paragraphs. Table 1 shows the information on the LISS-IV
image used in the research.
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Table 1. IRS LISS-1V image specifics
. Wavelengt Spatial Map Projection/
Satellite | Sensor Bands h (um) Resolution Path/Row | Date of pass Ellipsoid/Datum
Green (B2) | 0.52-0.59
IRS-R2 L4FX Red (B3) 0.62-0.68 5m 112/52 8™ Jan,2022 UTM/WVC\;/?;—S%A;(
NIR (B4) | 0.77-0.86

2.1. Random Forest Classifier

Random Forest is a popular and adaptable machine
learning algorithm within ensemble learning techniques. This
technique was developed by Breiman in 2001 [49], and the
technique of random selection of features was developed by
[50-53]. Literature on the successful application of random
forest in remote sensing image classification is found
abundant [33, 54-57]. The technique has many advantages,
such as ease of use, speed and accuracy, and has found
widespread applications in many disciplines [53]. Details of
random forest for further insight may refer to [31]. Keeping
this in view, this technique has been adopted in the present
study.
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2.2. Accuracy Assessment

Accuracy assessment evaluates the acceptance of
classified images produced by the image classification
algorithm. This assessment is done through the analysis of the
confusion matrix. It is a contingency table comprising
classified classes against the reference dataset. This matrix
quantifies accuracy in terms of kappa coefficient, overall
accuracy, user’s accuracy and producer’s accuracy.

In order to have an overall idea of the size of reference
data for use in the validation of the classified image, the
reference data size is calculated using a stratified random
sampling technique [58, 59] as
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Where Wi; is the class | mapped area proportion and S (0)

is the estimated overall accuracy’s standard error that would
like to be achieved.
S, standard deviation of the stratum | estimated as

S, =4U, 0V, @

Where Uj is the user’s accuracy of class i.

The S(0) Value is assumed to be 0.01, as in [59]. User’s
accuracy for each class throughout the classification is kept at
0.90 in the present study with the perception of achieving

classified image. As the higher resolution image for the study
area is unavailable to the authors, Google Earth is considered
a reference for assessment. The user’s accuracy Ui, the
producer’s accuracy Pj, and overall accuracy O; can be
estimated using Equation (3), Equation (4), and Equation (5),
respectively. Another metric that checks accuracy is the kappa
coefficient, estimated from the confusion matrix using
Equation (6).

correctly identified pixel of the class i

U: = 3

t total number of pixel of class i in the classified map ( )

p. = correctly identified pixel of the class i (4)
U™ total number of pixel of class i in the reference map

0. = number of pixels correctly classified in the reference map
;=

total number of reference pixel

higher accuracy. After the sample size is determined, which is (5)
equivalent to the aggregate of pixels in the classified image, it
is allocated equally to the different classes present in the
k = (total no.of correctly classified pixels)x(sample size)—sum of the product of U; and P; (6)
square of total sample size—sum of the product of Ui and Pi
Table 2. Hypothetical error matrix of three classes NYEmpiimim ::n UiP;
Reference k= Zl_;,f_]'zgf];l ipil (10a)
Classl| Class2 |Class3| Row Total | Ui B
Map Classl pll pl2 pl3 pml U k = NX(p11+p22+p33)— (U1 XP1+Uz XPy+U3XP3) (10b)
Class2 p21 p22 p23 pm2 U, NZ—(U1XPy+UpXP;+U3XP3)
Class3 p3l p32 p33 pms3 Us The flowchart of the methodology adopted is highlighted
Column Total in Figure 2.
Total prl pr2 pr3 sgmple
size, N . .
) Py 5, P 3. Results and Discussion

Let us consider a hypothetical confusion matrix, as
shown in Table 2. Referring to Table 2, the user’s accuracy U;,
producer’s accuracy Pj, overall accuracy O, and the kappa
coefficient k are estimated as follows:

Dii

Ui=g=n— (72)
by

Then, U, = ;’—;11 (7b)

and so on for U; and Us.
p=——CL (83
Xy jei (82)
Then, P, = Z—li (8b)

and so on for P, and Ps.
0 = Zi;iiziji:j (9a)

i=1Pij

0= Yi=1Piji=j _ p11+p22+p33 (9b)

N N
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Following the outlined steps in the methodology, the
LULC thematic map is obtained for the study area. As stated
in one of the previous sections, the study area consists of five
administrative circles-ltanagar Circle, Naharlagun Circle,
Doimukh Circle, Gumto Circle and Banderdewa Circle under
Papum Pare district, Arunachal Pradesh, India, the false colour
composite images of these administrative circles is presented
in Figure 3. After a reconnaissance survey of the motorable
area within the research region of five administrative circles,
five different LULC classes are identified. These five classes
consist of Builtup, Dense Forest, Degraded Forest, Waterbody
and the Fallow Land. The definition of each LULC class that
appeared as a theme in the output classified image is presented
in Table 3. The classified images of the area under research,
having different classes as themes, are shown in Figure 4.
Among all these five administrative circles, Itanagar Circle
has the most extensive area coverage of 179.66 sg. km. Gumto
has the smallest area coverage of 45.18 sq. km. Doimukh,
Banderdewa, and Naharlagun circles have an area of 84.45,
133.30 and 135.17 sg.km., respectively. Each administrative
circle consists of all the LULC classes identified in this study.
These classes have different proportions of area coverage in
each of the circles. The overall coverage of each LULC class
in different circles is tabulated in Table 4.
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Fig. 2 Methodology flowchart

Table 3. Definition of LULC class adopted

LULC class Definition
Builtup Lar_1d.portion used for construction for human settlement or industrial or any other recreational

activities

Dense Forest The land portion where trees/plantations are grown densely

Degraded Forest | The land portion where trees/plantations are less or have been cut down

Waterbody The land portion which retains water, such as ponds, lakes and rivers
The land portion that is used for certain agricultural practices but, at times, left unused or

Fallow Land
large open ground
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Fig. 3 The FCC images of LISS-1V (2022) for the study area: (a) Itanagar circle, (b) Naharlagun circle, (c) Doimukh circle, (d) Gumto circle, and
(e) Banderdewa circle.
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Fig. 4 Classified images of the area of study: (a) Itanagar circle, (b) Naharlagun circle, (c) Doimukh circle, (d) Gumto circle, and
(e) Banderdewa circle.
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In all the administrative circles composing the research
region, the dense forest dominates area coverage among all the
classes and the water body the least, except in Doimukh,
where the fallow land has less area coverage than the water
body. Further, the built-up, degraded forest and fallow land
follow successively in order of area coverage in Itanagar,
Naharlagun and Banderdewa circles. However, a contrasting
trend emerges in the Doimukh and Gumto circles, where the
degraded forest class outnumbers the built-up class in area
coverage. The fallow land and water body classifications
cover a much smaller percentage of the area than other classes.
During the reconnaissance survey, it was also observed that
agricultural land classified under the fallow land class was
lessseen. This explains the reduced area coverage of the class
fallow land in the classification. The fact that the dense forest
area coverage is the largest can also be conceived by the visual
inspection of raw or unclassified images of the area under
research. The area extent percentage of individual LULC

classes in different administrative circles under study is
tabulated in Table 5. Figure 5 shows the plot of different
LULC class coverage in different administrative circles of the
area under study. The accuracy assessment of the classified
image is conducted using the number of pixels calculated
using Equation 3 provided in the methodology section. Table
6 shows the calculation involved in determining a probable
sample size to be used in the accuracy assessment for the
Gumto circle. The sample size is calculated to be 900,
assuming the values assumed in the methodology section.
Similarly, the sample size for all the circles is computed to be
900. These reference pixels are distributed equally to all the
classes in the classified images, as mentioned in the
methodology description. These pixels are checked to see if
they are correctly assigned to the class as they are in the field.
The confusion matrices for each administrative circle in the
study region are presented in Tables 7(a) through 7(e).

Table 4. Area coverage for LULC of each class in the study area

Administrative LULC coverage (in sg.km)
Circle Water Body | Fallow Land | Builtup | Degraded Forest | Dense Forest | Total
Itanagar 1.73 2.98 18.75 11.72 144.48 179.66
Naharlagun 1.39 4.90 23.50 8.54 96.84 135.17
Doimukh 3.55 3.18 9.35 10.48 57.89 84.45
Gumto 0.28 0.83 3.36 5.45 35.27 45.18
Banderdewa 2.95 4.04 22.23 19.14 84.93 133.30

Table 5. Percentage of LULC area coverage of each class in the study area

Administrative LULC class
Circle Water Body | Fallow Land | Builtup | Degraded Forest | Dense Forest
Itanagar 0.96 1.66 10.11 6.52 80.42
Naharlagun 1.03 3.63 17.39 6.32 71.64
Doimukh 4.20 3.77 11.07 12.41 68.55
Gumto 0.63 1.83 7.43 12.06 78.05
Banderdewa 2.22 3.03 16.68 14.36 63.72
B Water Body Fallow Land m Builtup @ Degraded Forest m Dense Forest
160.00
— 140.00
€ 12000
g 100.00
:’E-fv 80.00
% 60.00
O 40.00
e 2000 -
< 0.00 -
Itanagar Naharlagun Doimukh Gumto Banderdewa
Study Area: Administrative Circles

Fig. 5 Plot of different LULC class coverage in different administrative circles
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Table 6. Calculation table for sample size for Gumto circle

LULC class No. of pixel P'z(r‘;lrf]')ze Area (m?) Wi Ui Si Wii Allocation
Degraded Forest 217995 5x5 5449875 0.1206 0.9 0.3 0.0362 180
Builtup 134277 5x5 3356925 0.0743 0.9 0.3 0.0223 180
Fallow Land 33087 5x5 827175 0.0183 0.9 0.3 0.0055 180
Dense Forest 1410625 5x5 35265625 0.7805 0.9 0.3 0.2341 180
Water Body 11353 5x5 283825 0.0063 0.9 0.3 0.0019 180
Table 7(a). Classification Accuracy Assessment Confusion matrix of Itanagar circle (pixel counts)
icdas | suitup | el | Degraded | Do | e | oy |, U o
Builtup 160 3 2 8 7 180 0.89 -
Fallow Land 15 144 9 2 10 180 0.80 -
Degraded Forest 10 23 143 3 1 180 0.79 -
Dense Forest 0 0 10 170 0 180 0.94 -
Water Body 26 3 4 0 147 180 0.82 -
Total 211 173 168 183 165 900 - -
Producer Accuracy 0.76 0.83 0.85 0.93 0.89 - 0.85 -
Kappa coefficient - - - - - - - 0.81
Table 7(b). Classification Accuracy Assessment Confusion matrix of Naharlagun circle (pixel counts)
iodas | s | Pl | Dpradkd | Dee | Watr | oy | 05T e
Builtup 32 22 13 3 10 180 0.73 -
Fallow Land 28 129 4 3 16 180 0.72 -
Degraded Forest 4 5 156 10 5 180 0.87 -
Dense Forest 0 0 18 162 0 180 0.90 -
Water Body 10 0 0 169 180 0.94 -
Total 165 166 191 178 200 900 - -
Producer Accuracy 0.80 0.78 0.82 0.91 0.85 - 0.83 -
Kappa coefficient - - - - - - - 0.79
Table 7(c). Classification Accuracy Assessment Confusion matrix of Doimukh circle (pixel counts)
icdas | ouup | low| Dugraded | Dense | Water | oy | Ut
Builtup 128 32 10 0 10 180 0.71 -
Fallow Land 12 161 4 0 3 180 0.89 -
Degraded Forest 27 127 20 180 0.71 -
Dense Forest 0 8 172 0 180 0.96 -
Water Body 29 23 12 1 115 180 0.64 -
Total 174 243 161 193 129 900 - -
Producer Accuracy 0.74 0.66 0.79 0.89 0.89 - 0.78 -
Kappa coefficient - - - - - - - 0.73
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Table 7(d). Classification Accuracy Assessment Confusion matrix of Gumto circle (pixel counts)

wicdss | eunp | o] Pt | Do | Re | o [ e [ e
Builtup 147 14 0 6 13 180 0.82 -
Fallow Land 14 154 6 1 5 180 0.86 -
Degraded Forest 11 13 152 1 3 180 0.84 -
Dense Forest 1 0 8 170 1 180 0.94 -
Water Body 21 10 2 1 146 180 0.81 -
Total 194 191 168 179 168 900 - -
Producer Accuracy 0.76 0.81 0.90 0.95 0.87 - 0.85 -
Kappa coefficient - - - - - - - 0.82
Table 7(e). Classification Accuracy Assessment Confusion matrix of Banderdewa circle (pixel counts)
e | e | ow] P | D |0l [ o | o | s
Builtup 115 40 10 3 12 180 0.64 -
Fallow Land 10 158 7 0 180 0.88 -
Degraded Forest 15 146 11 180 0.81 -
Dense Forest 0 8 168 180 0.93 -
Water Body 45 8 1 0 126 180 0.70 -
Total 181 221 172 182 144 900 - -
Producer Accuracy 0.64 0.71 0.85 0.92 0.88 - 0.79 -
Kappa coefficient - - - - - - - 0.74
Table 8. Producer accuracy (%) for each class in the study circle
Study circle
LULC class Itanagar Naharlagun Doimukh Gumto Banderdewa
Dense Forest 93 91 89 95 92
Degraded Forest 85 82 79 90 85
Fallow Land 83 78 66 81 71
Builtup 76 80 74 76 64
Water Body 89 85 89 81 88
Table 9. Overall accuracy and kappa coefficients of the study circle
Administrative circle Overall accuracy (%) Kappa coefficient
Itanagar 85 0.81
Naharlagun 83 0.79
Doimukh 78 0.73
Gumto 85 0.82
Banderdewa 79 0.74

The Itanagar circle has achieved its classification user
accuracy of 94% in the dense forest, the degraded forest has
the lowest user accuracy of 79%, and the built-up, fallow land
and water body achieved a user accuracy of 89%, 80% and
82%, respectively. In the case of producer accuracy, this circle
has achieved 93% by dense forest class and the least of 79%
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by the built-up class, further 83%, 85% and 89% by fallow
land, degraded forest and water body, respectively. The
overall accuracy of 85% with a 0.81 kappa coefficient is
achieved for this circle. In Naharlagun circle, dense forest has
achieved the highest user accuracy of 94%, followed by
builtup, water body, fallow land and degraded forest, with user
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accuracy of 89%, 82%, 80% and 79%, respectively. For
producer accuracy, dense forest, water body, degraded forest,
fallow land and built-up have 93%, 89%, 85%, 83% and 76%,
respectively, with 85% overall accuracy along with a 0.81
kappa coefficient. For the Doimukh and Gumto study circles,
the dense forest has user accuracy of 96% and 94%,
respectively, being the highest accuracy of the class in the
respective circle. The degraded forest and the built-up classes
in Doimukh circle have the same user accuracy of 71%, the
fallow land of 89%, and the water body class in Doimukh and
the builtup class in Banderdewa have the lowest user accuracy
of all the classes with 64%. Further, the Gumto circle has
achieved its classification with user accuracies of 86%, 81%,
84% and 82% for fallow land, degraded forest, and built and
water bodies, respectively. The Doimukh circle has achieved
an overall accuracy of 78%, and the Gumto circle has 85%
user accuracy, while their respective kappa coefficients are
0.73 and 0.82. Finally, the Banderdewa research circle has the
highest user accuracy in dense forests with 93%, followed by
fallow land, degraded forest and water bodies with 88%, 81%
and 70%. This circle could achieve 79% overall classification
accuracy and 0.74 kappa coefficient. The producer accuracy
for each class is tabulated in Table 8, while Table 9 gives the
overall accuracy and kappa coefficient information for each
circle under study.

4. Conclusion

The study aims to map LULC in the region in and around
Itanagar, Arunachal Pradesh, India, using IRS LISS-IV of
2022 with a simple approach, adopting the random forest
classifier available in QGIS plugin SCSv7 and accuracy
assessment in ArcGIS. The classification identifies five
thematic classes and attained satisfactory results, which will
facilitate the development of a database for the study area. The
classification has resulted in a significantly.

A high accuracy percentage in the dense forest class may
be why the forest area coverage is large in ground, and the
reflectance energy is distinctive from other classes. However,
it is also observed that certain pixels representing the water
body, specifically the streams of smaller size uphill, are not
correctly represented in the raw image itself. This may be
attributed to the 5 m spatial resolution of the LISS-1V image.
These pixels are overshadowed by the dense forest class in the
raw image itself and hence contribute to the dense forest class,
though the proportion of the area may be small. This relatively
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insignificant area contribution to dense forest has a major
impact on the area coverage of the water body class, which has
led to the water body being insignificant or non-existent when
they are present on the ground. Such a mismatch in
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higher spatial resolution with extra cost incurred. As in most
image classifications, another significant cause of mismatch
between the reference and map pixels is the intermixing of
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such in the theme classes adopted, which ultimately accounts
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the image data, which aligns with many [34, 60] research
works. The classification accuracy is assessed through a
confusion matrix. A certain number of representative pixels
from the classified images is required to assess classification.
This quantity is estimated using Equation (3). During the
estimation of the number of pixels, which is referred to as
sample size, the authors of this work assumed the overall
accuracy standard deviation value to be 0.01 and user accuracy
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among the different LULC classes, which have significant
differences in area coverage within the study region. The
prospect of the study is optimistic, as it adopts a more
advanced methodological design to determine if there is any
increase in the demanding accuracies of the classification. The
accuracy may be further improved if the shadows could be
removed and substituted by an appropriate reflectance value
representing the actual features on the land surface at the time
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