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The land cover is constantly affected by natural factors such as floods, earthquakes, and
fires, as well as human activities like wars and population displacement. In this paper, a
new technique is presented for classifying the land cover in the Mosul province using the
Gray Wolf Algorithm (GWA). The research objective is to increase the classification
accuracy rate and the efficiency of land cover classification in the Mosul planning region
by using the GWA’s abilities. The research improves land cover classification performance,
which advances remote-sensing wisdom applications. The findings of this study present an
accurate method for detailed domain classification that can be used for various land
management scenarios involving environmental planning. Swarm intelligence emerges as
a strategic research tool for geographic and ecological investigations because it shows
effectiveness in analyzing large-scale land surface types. The GWA was implemented using
MATLAB, and five classes were identified from the image. Each class (water, soils,
outcrops, slope deposits, and accumulation glaciers) had a specific color to serve as a class
indicator. Good results were obtained, and the accuracy was calculated after comparing it

with real data, yielding 90.56%.
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1. Introduction

The categorization of land cover plays a significant role in the
management of land use, as it furnishes researchers with crucial
data on alterations occurring in land cover, such as
urbanization, deforestation, and agricultural expansion [1]. The
potential hazards linked with natural disasters, such as floods,
wildfires, and landslides, have also been identified. Accurate
classification of land cover classes enables better
implementation of strategies to reduce the impact of a disaster
and enables quick evacuation and rescue operations [2].
However, one of the most important artificial intelligence
technologies used in classification is the swarm algorithm. The
gray wolves’ method suggested in 2014 by Mirjalili Seyeali is
currently a prominent challenge in the world of swarm
intelligence, particularly in the field of image classification.
The method comes from the gray wolf behavior in nature. The
structure of this method is classified into four primary levels,
namely alpha (), beta (B), delta (8), and omega (@), as shown
in Fig. 1 [3]. The wolf a assumes the role of the group’s leader
and is sometimes referred to as the dominant wolf due to it
taking charge of decisions relating to hunting, choosing
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sleeping locations, determining wake-up times, and other

related matters.
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Figure 1. Hierarchy of gray wolf [3].

The pack should adhere to its order.  wolves and § wolves are
the two most well-suited individuals [4]. After completing the
encirclement of the prey and during the hunting process, they
will respond by helping the a wolves manage the gray wolves
and make decisions. They are also candidates for o wolves [5].
The beta wolf should exhibit deference towards the alpha, while
also exerting authority over the subordinate wolves. The delta
wolves are required to submit to both the alpha and beta, but
they hold dominance over the omega, which represents the
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lowest rank in the pack hierarchy. It is significant to note that
the number of gray wolves in this category is rather small. The
omega wolves consistently submit to all the other dominant
wolves in the pack. It serves as a scapegoat. The final wolves
were permitted to consume the omega [6]. Although omega
may initially seem insignificant within the group, its absence
would lead to significant issues and internal conflict within the
entire pack.

Many papers have been published concerning the use of
artificial intelligence for cover classification in recent years [7].
For instance:

In the same manner, Kapoor et al. [8] applied the GWA for
satellite image segmentation, and while the authors modified
the GWA, it was for auto-clustering entirely. This procedure
was shown to increase the accuracy of estimations; it also
reduced the amount of time taken for computation, as was
demonstrated by their experiment done on images of New
Delhi.

Liu et al. [9] performed a simulation to examine the gray wolf
optimizer algorithm. It was discovered that by augmenting the
dynamic weight, the alpha wolf may effectively guide the other
members of the pack, greatly enhancing the algorithm’s
capacity to adjust to different environmental situations. The
experimental findings indicate that the enhanced feed-forward
neural network employs the GWO algorithm. Overcame its
previous version in terms of performance.

Later, Yao et al. [10] proposed another GWA, improved gray
wolf optimization (IGWO), which focused on threshold
selection using the Kapur partition function. This improvement
was done to eradicate previous lacunas and delivered superior
optimization results.

Bansal and Singh [11] discussed the enhanced version of the
classical GWO using explorative equations and opposition-
based learning (OBL). The results showed the preference and
superiority of the improved algorithm over other optimization
techniques.

Mustafa et al. [12] used image processing techniques and
remote sensing data analysis to assess the pollution of the Al-
Khoser River in Mosul. Through image processing and remote
sensing data analysis of Landsat ETM+ (2000) and Landsat OLI
(2015) satellite images over 15 years. ERDAS image software
was used to carry out supervised classification methods for
detecting polluted zones while investigating land cover
transformations. The analysis demonstrated explosive growth
in polluted water areas because they expanded from 4.139 km?
in 2000 to 21.45 km?in 2015. The satellite imagery revealed
major land cover modifications when agriculture increased
from 22.818 km? to 263.89 km? while uncontaminated water
areas dropped from 188.77 km? to 155.74 km?. The survey
recorded a considerable rise in bedrock area, starting from
6.3513 km2 to 197.78 km2, while barren land expanded from
its initial measurement of 36.828 km? to 193.53 km?. The
research results indicate that the Al-Khoser River pollution
situation has deteriorated due to excessive household and
industrial waste, along with decreased rainfall amounts and
inadequate sewage management and water change detection

capabilities, per the study, which advocates artificial
intelligence and deep learning approaches for exact water
quality assessment and contamination identification.

Ullah et al. [13] presented how changes in land use and land
cover (LULCC) affect biodiversity and ecosystem functions in
the Marghazar Valley of Swat District, Pakistan. Their findings
indicate an accuracy of 91% in assessing the impacts of
LULCC. Furthermore, the study focuses on the critical
relationship between land use changes and biodiversity,
emphasizing the need for awareness and action to mitigate the
negative impacts of human activities on wildlife and
ecosystems.

Sarma and Nidamanuri [14] evaluated drone-based high-
resolution hyperspectral imaging for cropping identification
accuracy of cabbage along with tomato and eggplant through an
examination of subtle plant variations and diverse backgrounds.
The developed methodology included statistical protocols
alongside swarm intelligence algorithms, which determined 15
optimal bands within the 450 to 650 nm and 850 to 950 nm
spectral ranges to reach classification accuracy above 93%
while maintaining an F1 score of 0.93 and a kappa coefficient
of 0.9. The selected bands performed as well as full-spectrum
imagery and required less data processing, while providing
reliable crop detection across varied sensor conditions and
flight heights. The authors advocate conducting extended
research that adds multiple crop types across multiple sites
through active learning methods to develop advanced smart
agricultural solutions.

Nagaraju et al. [15] analyzed the significance of using remote
sensing imagery with Land Use Land Cover Classification
(LULCC) for building land-use databases and environmental
modeling. This work uses Dual Strategy-Based Bald Eagle
Search (DSBES) with stacked Long Short-Term Memory
(LSTM) and residual connections to tackle accuracy reduction
from high-dimensional spectra by proposing a new combined
methodology. DSBES better selects relevant features through
its algorithm, and stacked LSTM layers analyze complicated
time-based data more effectively; the integration of residual
connections improves training speed by preventing gradient
disappearance. The model tested across the University of
California, Merced dataset (UCM), Aerial Image Dataset
(AID), Northwestern Polytechnical University (NWPU)
dataset, and European Satellite Dataset (EuroSAT) achieved the
best accuracy of 99.71% while surpassing the results of VGG19
and Optimal Guidane Whale Optimization Algorithm-
Bidirectional Long Short- Term Memory (OG-WOA-BiLSTM)
classical models. The method proves efficient for improving
LULC classification in conjunction with remote sensing
analysis. The summary of previous literature reviews is shown
in Table 1.

This work focuses on Nineveh province, located in the northern
portion of Iraq. The location is approximately situated 390
kilometers north of Baghdad, between the longitudinal lines
(36° 50’ 53.10") and (36° 50’ 20.70") north, as shown in Fig. 2.
The main source of primary data is captured by the Landsat 7
Enhanced Thematic Mapper Plus (ETM+) sensor. Landsat 7
delivers data as 8-bit imagery with 256 gray levels and consists
of eight spectral bands. The first three bands are within the
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visible spectrum range. The fourth is for near-infrared, the fifth
is dedicated to short-infrared, the sixth band is for thermal, the
seventh is for mid-infrared, and the eighth is for panchromatic.

The sixth band has been omitted from the processing as it does
not fit within the parameters of the land cover classification.
Additionally, the last band is not utilized because of its differing
spatial resolution compared to other bands. Table 2 provides a
visual representation of the Landsat 7 Thematic Mapper Plus
(ETM+), including the various types of bands, their
corresponding wavelength in micrometers, and the resolution in
meters [16].

This study presents a supervised approach for land cover
categorization in Mosul planning, employing the gray wolf
optimization algorithm [17]. The study is structured as follows:
In Section 2, the outlined protocol for the gray wolf algorithm
is presented. The procedure of the algorithm is described in
Section 3. In Section 4, the procedure of the land cover
categorization is illustrated. The results and discussion are
presented in Section 5. Then, the limitations are provided in
Section 6. Finally, the conclusion is discussed in Section 7.

Table 1. The summary of literature reviews.

Resf:::‘lircnges Technique Used Classification Accuracy Research Gap
[8] Kapoor Imbrovements in accuracy reeardin Inefficiency in conventional
et al. Gray Wolf Optimizer I?cra ditional clusterin rille tfo ds J clustering methods with non-
(2017) (GWO) & linear data distributions.
The evaluation focuses on
resolving performance
[9] Liu et Gray Wolf Optimizer Better classification accuracy evolut}on c.apablhty issues that
al. (2019) exist with conventional
(GWO) o .
optimization algorithms
[10] Yao et Improved Gray Wolf Better segmentation results Rle(()]cuallrirsaexilzls(l)lreast le(l)rrlldt(s) EZ:Ve(()ild
al. (2019) Optimization (IGWO) & D 1SSUCs and sp
optimization.
(1] Bgnsal Gray Wolf Optimizer Enhz'mc'es c?xploratlon ‘and performar}ce n the Requires performance
and Singh optimization of multi-domain applications. .
(2021) (GWO) improvements
[12] Image processing and Advanced Al approaches are
Mustafa et remote monitoring with The emphasis is on recognizing pollutants and required to detect pollution
al. (2023) Landsat ETM+ and OLI land use changes. more accurately and identify its
’ data. source.
[13] Ullah Landsat satellite imagery The focus was on investigating the impacts of Requllres more 1nvest1gat19n,
et al. to analyze and monitor land cover chanees on avian populations especially given the growing
(2024) fluctuations in land cover. & pop ’ human activity.
[14] Sarma Hybrid algorithms (swarm  With a kappa value of 0.9 and an F1 score of . .
and . . . . . . Limited studies on spectral
. . intelligence and statistical 0.93, classification accuracy was higher than . .
Nidamanuri o band reduction using drones
(2025) methods). 93%.
Dual Strategy-Based Bald Addressing issues of irrelevant
[15] Eagle Search (DSBES) to 99.71% (UCM), 98.66% (AID), 97.59% feamr§s, redgcmg
Nagaraju et improve Land Use Land (NWPU), and 99.24% (EuroSAT) computational time, and
al. (2025) Cover (LULC) ’ e ’ overcoming vanishing gradient
classification. problems.
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Table 2. Landsat 7 Enhanced Thematic Mapper Plus (ETM+).

Spatial
Band Spectral Type (l\\/)l‘;i‘:s:fll;tg;:ls) ResI:)lution

(Meters)
1 Visible (Blue) 0.45--0.52 30
2 Visible (Green) 0.52 -- 0.60 30
3 Visible (Red) 0.63 -- 0.69 30
4 Near-Infrared 0.77 -- 0.90 30

Shortwave
5 Infrared 1.55--1.75 30
Thermal

6 Infrared 10.40 -- 12.50 60
7 Mid-Infrared 2.08 -- 2.35 30
8  Panchromatic 0.52 -- 0.90 15

Figure 2. Study area.
2. Gray Wolf Algorithm

The gray wolf algorithm is a collaborative search approach
that mimics the behavior of a group of gray wolves hunting
together in nature. In order to streamline the search process,
wolves divide their tasks for locating prey in the following
ways [18]

* Tracking for prey
* Encircling
* Attacking prey.

The Gray Wolf Optimization (GWO) algorithm emulates the
predatory behavior of gray wolves to iteratively predict the
whereabouts of prey. At first, a group of wolves is generated
randomly, with each wolf representing a possible solution.
These wolves, like their real counterparts, jointly determine the
best solution (the prey) over a series of iterations. During the
process, three search agents, specifically termed alpha, beta,
and delta, are utilized to update the positions of the remaining
wolves in the population [19] that show the highest potential.
To mimic the wolves’ cooperation and gain knowledge from
superior search agents, let’s consider a problem represented by
an equation. We will start by randomly assigning places to the
wolves within the search space, represented by initial x1 and x2
values.

The objective of this approach is to achieve convergence
towards the best solution for the specified problem and attain
the minimum values of x1 and x2, within the range of zero and
one. First, define the population, specifically the number of

wolves within the group, along with the frequency at which the
procedure is iterated. The second phase involves determining
the alpha wolf as well as the beta and gamma wolves.
Subsequently, the fitness of each wolf is assessed, with the
alpha wolf having the highest fitness, the beta wolf having the
second highest fitness, and the gamma wolf having the third
highest fitness. The third step involved the primary loop, which
consisted of a collection of accounts in each individual iteration.
This loop was responsible for updating the position of the
wolves according to their encircling behavior, as outlined
below:

D=|C-A,(t)— A | (1)

-

Att+1) =|4,(t) - B-D| 2)

where t represents the current iteration B and C are coefficient
vectors, Ay, is the location vector of the prey, and A denotes the

position vectors of a gray wolf. The vectors B and C are
obtained using the following:

B=2d-# —d 3)
522'72 (4)

The value of d vector is continuously reduced from 2 to 0
during a period of repetitions. The vectors 7 and #, are random
vectors within the range [0, 1]. We calculate the values of x;,
X2, and x3, since it is currently unknown which value represents
alpha, beta, and gamma. We obtain a new value for x. This new
value must fall within the range of 0 to 1. We then compare this
new result with the previous value. If the new result is smaller,
it replaces the alpha value; otherwise, it remains the same [20],
[21]. Once wolves’ positions have been updated using the
hunting equations and the positions of alpha, beta, and gamma,
we will assess the fitness of the new positions. If the fitness of
any wolf surpasses that of the leader, we shall substitute it with
that wolf. Ultimately, we iterate over the main loop until the
maximum number of iterations. The output will provide the
solution by returning the ultimate position of alpha x, x».

The following equations are utilized to mathematically
represent hunting behavior [22], [23].

Dy = |Cy - 4q — Al
5f;=|ﬁz'1‘ff;—j|
Ds = |C; - As — Al (5)
/T1= ja_ §1 Ba
A, = Ay — B,. Dy
A, = As— B, . Ds (6)
/T(t+1) = (gl + A)z + 23) ™

The equations in (5) calculate the distance vectors Ba, BB,
55 between the current location A and the product of coefficient
vectors 51, C 2 53 respectively and the positions of alpha, beta,
and delta wolves (ffa, /Tf; and A)(g).
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Equation (6) determines the recent positions of the variables
alpha A1, beta A,, and delta A; by subtracting the product of the
coefficient vector By, B, B3 and the distance vector Dy, Dg, and
Dg from the existing position A.

Finally, (7) computes the new average location for the entire
wolf pack by taking the average of the updated positions of the
alpha, beta, and delta wolves. The current average location
denotes the subsequent iteration in the process [24].

3. The Procedure of Gray Wolf Algorithm

Using the landcover classification based on the gray wolf
algorithm for the provided MATLAB code can be explained in
the following paragraph, which depends on the equations
mentioned in section two.

The MATLAB code begins by loading the satellite image of
Nineveh province, with the classes representing several
categories of land cover, including Mosul Dam lakes and the
Tigris River, soils, outcrops, slope deposits, and accumulation
glaciers. A selection of representative samples will be collected
from each land cover category together with the corresponding
ground truth labels to construct the training dataset. This dataset
will be used to train the gray wolf algorithm (GWA) model for
land cover classification.

The specified wolf population acted as a control mechanism
between searching the solution space extensively and
improving the top potential solution. Insufficient wolf numbers
will impede the algorithm’s ability to discover a wide variety of
options, which leads to incorrect solutions. Large numbers of
wolves degrade computational complexity when they exceed
what is necessary to achieve meaningful performance gains.
Researchers selected the number of wolves through
experimental observation and prior scientific studies, which we
proved to yield successful land cover classification results. The
final determination of itrmax (number of iterations) was made
because it had to guarantee efficient computation while
reaching optimal solutions. The target is to determine how
many iterations lead to stability in classification accuracy.
Multiple values were examined for their influence on outcomes
until researchers determined an optimal setting that strikes an
equilibrium between accuracy and computational speed. The
lower bound of 1b and the upper bound of ub were established
by referencing the color ranges from the multispectral image
that was utilized in the research. All calculations needed an 8-
bit digital image range with values set between 0 and 255 to
preserve image processing accuracy and maintain complete
important information in the data. This spectral band selection
(7, 4,2) relied on the fundamental properties and classification
value of each spectral band. The green wavelength position of
band 2 enables effective identification between vegetation and
other land cover types. Near-infrared band 4 provides powerful
visibility of vegetation patterns because plants reflect this
wavelength with great intensity. The critical properties of band
7 occur in the mid-infrared spectrum, which allows it to
distinguish between soil and rock features. The selected bands
are used in false-color composite image creation since their
characteristics improve classification results.

Implementing these limitations, it ensures that the positions of

the wolves remain within a suitable range relative to the
threshold borders situated between the lower and upper limits.
The GWA algorithm in the main loop iterates a predetermined
number of times (itrmax). Within each iteration, the fitness of
every gray wolf is assessed using the fitness function.
Subsequently, the positions of wolves are revised using the
hunting equation of gray wolves, taking into account the alpha,
beta, and gamma. The algorithm computes the Euclidean
distances between the pixels of the image and the fitness scores
for each band individually. Each pixel is allocated the class
index that matches it, determined by calculating the minimum
distance. The function modifies the cluster centroids
(“fitness_values’) by computing the average value of the pixels
given to each class.

The fitness function evaluates the precision of land cover
classification by computing the categorized land cover with the
ground truth labels. After a suitable number of iterations,
namely at the point of convergence, the gray wolf with the
highest fitness level emerges as the optimal answer for land
cover classification. Subsequently, this approach is
implemented to categorize the full image, leading to the
creation of a map that classifies the land cover.

Ultimately, the algorithm allocates a specific color to each
class according to the classification outcomes and produces a
map of land cover classification. To assess the classification
performance, the accuracy of each class is determined by
comparing the findings with pre-existing ground truth data.
Alternatively, the number of properly classified data points for
each category, namely water, soils, outcrops, slope deposits,
and accumulation glaciers, was calculated. Subsequently, we
juxtaposed this tally with the overall count of points inside each
corresponding category in the picture. The result is shown as
the ratio of correctly classified data points according to each
category. Furthermore, the comprehensive classification’s
overall accuracy is assessed by comparing the aggregate count
of correctly classified points to the entire count of points present
in the picture.

This computation allows us to assess the image's quality and
identify any potential errors or areas that might be improved. In
summary, this work intends to accurately classify land cover
types in the Mosul region using the GWA algorithm. The
purpose is to gather important information about the
distribution and spatial patterns of different land cover types,
which may be utilized to enhance environmental management
and land use planning. The GWA approach is shown in the
flowchart given in Fig. 3.

4. Land Cover Categorization Procedure

Because multispectral photos are better than single images, we
used them in our investigation. This approach allows for the
extraction of characteristics without any loss of information.
The multispectral images are shown in Fig. 4.

The procedure begins by reading multi-band images, which
undergo a series of data pre-processing steps, including
registration and enhancement to highlight certain features in the
image.
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Given the limitation of three dimensions, information can be
assigned to the three primary colors in RGB (Red, Green, and
Blue). Consequently, while dealing with multispectral images
including more than three bands, the user is required to
carefully choose the most pertinent bands according to their

research.

Read multi spectral images
Enter class number

v

Initialize parameters
Itr=0, itr,,,=1000, 1b=0, ub=255,
Initialize fitness values

v

Obtain a false-colour composite image

v

o Select training
v area for each

calculate wolf position and best fitness

v

iter < iterpax

Assign a code for each class +
Calculate parameter for algorithm
including a, B, C & D as eq.1,3,4

Display land cover
classification image

v v

Apply boundary condition Iu, 1b

v

Calculate distance and
fitness as eq. 5

v

Update the position
of the wolf as eq. 7

Calculate class accuracy
and error

Overall
Accuracy

Display class and
overall accuracy +

itr =itr+1

Figure 3. Flowchart of the gray wolf algorithm technique.

Each band represents one of the RGB color dimensions,
creating a false-color composite image that visually represents
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land use based on spectral information. The spectral bands of
the satellite image were combined using a 7-4-2 composition.
Band 2 was selected for this sensor due to its wavelength range
of 0.52-0.6 micrometers, which encompasses the portion of the
electromagnetic spectrum that reflects green vegetation. Band
4, operating within the wavelength range of 0.77-0.9
micrometers, facilitates the depiction of vegetation density and
distribution, hence enabling the differentiation of crops. Band
7, however, has a wavelength range of 2.09-2.35 micrometers
and is crucial for distinguishing between different soil types and
rocks. Consequently, the designated band arrangement is
suitable for classifying land use.

d e f
Figure 4. (a) Band 1, (b) Band 2, (¢) Band 3,
(d) Band 4, (¢) Band 5, (f) Band 6

Through the MATLAB program, the training area received
proper selection for the target classes and reference data
identification. Selection of evaluation areas focused on
obtaining uniform spectral distribution as well as spatial
homogeneity across the image. Model accuracy necessitated a
verification process for the selected data following quality
assessment before performing training-testing set allocation, as
shown in Fig. 5.

Figure 5. False-color composite image with band sets (7,4,2).

Fig. 6 shows the block diagram, which illustrates the steps of
the land cover classification process.
5. Results and Discussion

The study introduces a land cover categorization method for
Mosul planning with the Gray Wolf algorithm (GWA). The
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outcome of the given code is contingent upon several aspects,
including the quality of the satellite image, the precision of the

The digital classification is visually shown through the use of
distinct colors to distinguish different types of land cover. The
color red is used to represent the Mosul Dam lakes and Tigris
River, blue indicates soils, dark green implies outcrops, light
green represents slope deposits, and yellow symbolizes
accumulation glacis.

Image Registration
and Enhancement —

Multi-Bands Image

Classification using
XX A

Selected Training
Area.

Calculating accuracy
and error

Figure 6. Land cover classification process.

The comprehension of the classification only becomes apparent
when its accuracy is assessed. The primary goal of accuracy
evaluation is to assess the level of exactness in the classification
and to document its use in a manner that is readily
comprehensible to others. The accuracy of a classification
algorithm is a crucial statistic for evaluating its performance.
The image classification process starts by obtaining a collection
of images for which the correct categorization is already known,
referred to as the “ground truth data”.

Every image in this collection is paired with a specified, precise

class label. Subsequently, the image classification algorithm is
employed in this collection of images, providing expected class
labels for each unique image. Subsequently, a comparison is
undertaken between the predicted and actual class labels
produced from the ground truth data. Each picture is analyzed
to see whether the algorithm’s prediction matches the class. The
number of true positives and false positives is computed for
each class, generally by generating a confusion matrix.
Afterward, the accuracy rate is computed for each class
separately, where a class's accuracy is the ratio of true positives
to the class's total occurrences.

The overall accuracy is determined by adding up the number of
true positives for each class and dividing it by the total number
of instances. The mathematical expression for accuracy (ACC)
is as follows:

Sum of True Positive

Acc =

™ Total number of Instance

(®)

The classification accuracy analysis in Table 3 showed that
class 1 and class 2 identified 87.50% of samples correctly, yet
class 3 and class 4 reached 88.89% accuracy since the model
successfully differentiated these categories. A small portion of
inaccurate outcomes can be attributed to overlapping spectra.
The spectral data from class 5 proved fully distinguishable
because it achieved absolute accuracy of 100%. The land cover
classification performance was evaluated at 93.33% using the
GWA, showing a 9.44% error rate. Either training area
homogeneity or reference data inaccuracies might explain this
error condition. The performance quality can be boosted
through enhanced preprocessing techniques along with
extended spectral bands because it leads to higher classification
precision and minimized class blending.

Table 3. Land cover classification result.

Class No. Class Name Accuracy Error
Class 1 Water 87.50% 12.50%
Class 2 Soils 87.50% 12.50%
Class 3 Outcrops 88.89% 11.11%
Class 4 Slope deposits 88.89% 11.11%
Class 5 Accumulation glacis 100.00% 00.00%
Overall 90.56% 9.44%

Accuracy

The benefits of our research compared to other studies in the
literature review are the use of the Gray Wolf Algorithm
(GWA) combined with remote sensing data and artificial
intelligence techniques to improve land cover classification
accuracy in the Mosul region, achieving 90.56% accuracy and
providing accurate data for environmental planning and
sustainable resource management. Fig. 7 shows the results of
the image classification achieved in the context of the GWA
algorithm and the identified classes that were extracted based
on the processing of spectral and spatial data.

Accumulation
Slope

Outcrops
Soils

NS SR
R O Y I Water
e R T
7 d

Figure 7. Image Classification Result Based on The GWA
Algorithm.

6. Limitation

Under stochastic solution searches, the Gray Wolf algorithm
(GWA) shows result variations in multiple runs, especially
when working with complicated or dynamic data. The accuracy
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rates of the gray wolf algorithm depend heavily on the selection
of initial parameters, together with sample size and number of
iterations, which need to be tuned specifically for peak
performance. The algorithm faces difficulties in categorizing
multiple groups because it uses an assumption about distinct
spectral distribution patterns that natural environments
sometimes fail to match. Higher-resolution images need
substantial computational power, which might reduce the
execution speed of the process. The performance of GWA can
be improved through its combination with existing techniques
and by performing direct assessments compared to alternative
classification approaches during specific operational situations.

7. Conclusion

The land cover classification was performed using the Gray
Wolf Algorithm in this approach. The false-color composite
image was generated by merging three bands (7, 4, and 2) from
the Landsat 7 Enhanced Thematic Mapper Plus (ETM+)
satellite image. The precise data points were extracted from this
image using field information in order to train the algorithm
developed in MATLAB. The method demonstrated efficient
land cover categorization of the research issue into six distinct
classes: water, soil, outcrops, slope, deposit, and accumulation
glacis. This research provides data that allows future studies to
develop strategies for enhancing land cover classification using
the gray wolf algorithm (GWA). GWA shows promise when
used with support from other artificial intelligence solutions,
including deep neural networks and SVM, thereby enhancing
accuracy and minimizing spectral features’ impact on results.
An improved adaptive algorithm version would enable handling
high-resolution images as well as dynamic environments to
enhance result reliability throughout various areas.

The algorithm’s usefulness in real-world settings would
improve by developing its application to analyze multi-spectral
and high-resolution datasets across broad land cover patterns.
By implementing parallel computing methods and GPU
acceleration to optimize performance, decrease execution time,
and improve computational efficiency, the algorithm would
gain increased practical value.

The study’s findings promote progress toward the use of
artificial intelligence for satellite image analysis to develop
improved strategic planning for cities and better environmental
resource management alongside natural hazard protection
initiatives. The accurate development of land value in
environmental change and climate model analysis.

Future work needs to test this technique on data collected from
different geographical areas to determine how stable and
precise the algorithm functions in various conditions.
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Abbreviations
GWA  Gray Wolf Algorithm
GWO  Gray Optimization
ETM+  Enhanced Thematic Mapper Plus
RGB  Red Green Blue
ACC  Accuracy
t Current repetition

, ¢ Vectors of coefficient
A, The location vector of the prey
The position vectors of a gray wolf

7,7, A random vector within the range [0, 1]
D, The distance vector for alpha
Dg The distance vector for beta
Ds The distance vector for delta
n Number of wolves

Ib lower band
ub upper band

a Alpha gray wolf

B Beta gray wolf

6 Delta gray wolf

w Omega gray wolf
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