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	ABSTRACT	
Water	is	the	source	of	life.	Identifying	small	water	bodies	in	rocky	terrain	(Guelta)	becomes	important	especially	in	desert	regions	
with	limited	rain	throughout	the	year.	Saudi	Arabia	has	many	of	these	gueltas	yet	their	locations	are	not	entirely	known	nor	the	
ecosystem	surrounding	it	is	suf�iciently	studied.	In	this	project	we	have	combined	GIS	with	remote	sensing	to	build	an	automated	
supervised	classi�ier	to	identify	these	gueltas.	Before	that	can	be	used,	the	full	cycle	of	data	preprocessing	and	data	quality	checks	
were	implemented	to	clean	the	data.	In	terms	of	accuracy	of	known	gueltas,	ground	truth	locations	were	assessed	which	revealed	
70%	of	gueltas	were	correctly	classi�ied.	Further	more,	random	sampling	technique	was	used	for	20	random	coordinates,	out	of	
which	�ive	turned	out	to	be	gueltas.	Also	spectral	signature	plots	were	used	to	study	each	Guelta	independently.	In	this	work	we	have	
identi�ied	an	initial	list	of	Gueltas	in	Saudi	Arabia	and	designed	a	dedicated	website	for	it,	for	others	to	use	and	build	upon.

Keywords:	Guelta,	small	water	bodies,	remote	sensing,	GIS,	supervised	classi�ication.

1.	Introduction	
A natural phenomenon known as a guelta, is essentially a pocket 
of water from rainfall found in the upstream of rivers usually in 
rocky segments of it. It can be found in the Sahara Desert. These 
channels of water drainage are known as 'wadis', and they are 
responsible for the formation of these pockets of water. The 
precise location of these Gueltas is a well-kept secret that is only 
known to a select group of people who are well familiar with the 
area in which they are located. There is a possibility of �inding 
Gueltas in regions that are inaccessible to people. These regions 
have not been investigated by humans to a signi�icant degree.
Saudi Arabia, a country located at the heart of the Arabian 
Peninsula, suffers from limited natural water supply as about 
35% of its 2.15 million km² area is desert land. Moreover, 
average rainfall is less than 150 mm around during the year. On 
the contrast, pastureland spreads over 79% of the land. This 
makes identifying surface water of at most importance for 
grazing, drinking and hunting wild animals. The overall goal of 
this project is to pinpoint the locations of Guelta areas across the 
entirety of the Kingdom of Saudi Arabia by using satellite 
imagery. To the best of our knowledge this is the �irst study in the 
region that has focused on geulta identi�ication. 

2.	Related	work	
Studies that have used remote sensing methods to study surface 
water have covered different issues in a multitude of regions 
ranging from estuarine and wetlands in Yamen [1-2], Gueltas in 
Mauritania [3], water classi�ication in Algeria [4], surface water 
monitoring in basins of east Asia [5], rivers of south Africa [6], 
wetland classi�ication in the Sahara [7], surface water extraction 
[8-10], temporary surface water mapping in France [11], 
assessing the quality of surface water in Nepal [12], detecting

seasonal water in Mauritania [13] and monitoring surface water 
in India [14]. While extensive, these studies have not covered 
gueltas in Saudi Arabia which we believe might be quite 
different than those found in the sahara region. This study is an 
extension of the work in [15] where guelta studies were 
reviewed and in  this  study we provide  the  actual 
implementation of ideas presented in [15]. 

3.	Study	are	and	dataset
The study area includes only Saudi Arabia. Although some 
known Gueltas in Saudi Arabia are found over mapping 
platforms such as Google maps or earth, taking that exact 
location is problematic as it sometimes doesn't pinpoint to the 
exact Guelta pool as can be seen from �igures 1 and 2. 

Figure	1:	Wrong	coordinates	

To solve this, we have compiled a list of correct Guleta 
coordinates (ground truth) in SA based on the authors 
experience and �ield examination and coordinates acquired 
from enthusiasts from specialized websites (for example 
mekshat.com) and the social media (x.com, Instagram, Youtube 
and snapchat). Later those coordinates were veri�ied over 
google maps. Table 1 provides some of the used data.

Figure	2:	Correct	coordinates	

https://aatcc.peerjournals.net/
https://aatcc.peerjournals.net/
https://aatcc.peerjournals.net/
https://www.crossref.org/services/crossmark/
https://aatcc.peerjournals.net/article-archive/volume-13-issue-2-2025/
https://aatcc.peerjournals.net/article-archive/volume-13-issue-2-2025/
https://aatcc.peerjournals.net/article-archive/volume-13-issue-2-2025/


	©	2025	AATCC	Review.	All Rights Reserved. 394.

Omer	Alrwais.,	/	AATCC	Review	(2025)

Table	1:	Guelta	Samples	
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After that, we had to choose the date that the satellite images 
will be retrieved from. In order to have the most visible images 
of gueltas with water, we chose images within one week of 
periods of heavy rain between 2022 and 2033 as shown in table 
2.

Table	2:	Sample	of	heavy	rainfall	for	each	weather	station	in	Saudi	Arabia	between	
2022	and	2023	

The next step was to choose the satellite type to obtain images, 
we went with Sentinel 2 satellite. The multispectral imager 
aboard Sentinel-2 satellites encompasses numerous bands 
throughout the electromagnetic spectrum. The Sentinel-2 
satellites are capable of capturing data across 13 distinct 
spectral bands. These bands encompass different regions of the 
electromagnetic spectrum, enabling the detection of diverse 
surface characteristics on earth. The Sentinel-2 satellites' 
spectral bands furnish an abundance of data that is utilized in a 
multitude of applications, including but not limited to 
agriculture, land cover classi�ication, ecological monitoring, and 
disaster management. 
Gueltas, which are geological formations prevalent in speci�ic 
arid regions. They denote water pockets that are frequently 
discovered in arid climates, these formations may serve as an 
essential water source for human populations and animals alike. 
A guelta's size can vary substantially. Gueltas can range in size 
from small water pockets to bigger, more widespread pools, 
depending on geological formations, water sources, and local 
environmental conditions. Some gueltas, on the other hand, may 
only store a few cubic meters of water, forming small, isolated 
pools. These smaller gueltas may be only a few meters in 
diameter and depth. Bigger gueltas, on the other hand, can span 
a bigger area and hold greater amounts of water. They can be 
several meters in diameter or hundreds of meters across, with 
deeper pools capable of holding a large amount of water, 
especially during rainy seasons or when fed by groundwater 
sources. Utilizing all Sentinel-2 bands for guelta classi�ication 
can be advantageous because to the extensive spectral 
information available across several wavelengths. Every band 
acquires distinct data regarding the Earth's surface, and 
integrating all bands can augment the precision and resilience of 
categorization systems.
 The following Sentinel-2 bands were used for classi�ications: 
1)	 Band	 2: This band encompasses the blue spectrum and 
potentially aids in differentiating aquatic environments from 
adjacent land. 

2)	Bands	3	 and	4: Correspond to the red and near-infrared 
wavelengths. The identi�ication of these bands is imperative in 
the classi� ication of  guelta owing to their spectral 
characteristics and the data they provide. 

3)	Bands	5,	6,	and	7: The red edge bands exhibit sensitivity to 
variations in the chlorophyll content of vegetation. 

4)	Band	8	 and	Band	8A:	Water absorbs signi�icantly in the 
near-infrared portion of the spectrum, making near-infrared 
bands useful for distinguishing water bodies from other 
features.
 
5)	Bands	11	and	12:	Water sensing can bene�it from shortwave 
infrared bands because of the water's speci�ic absorption 
characteristics at these wavelengths. 

Bands 1 and 9, which correspond to the visible and shortwave 
infrared spectra, respectively, acquire data. Although remote 
sensing methods contribute to the overall comprehension of the 
landscape and hold signi�icance in this regard, they may not be 
as directly applicable to the precise classi�ication of guelta. The 
Sentinel-2 mission utilizes Band 10, which is designated as the 
Shortwave Infrared (SWIR) band, the region of the shortwave 
infrared spectrum contains information that is useful for a 
variety of remote sensing applications. Nevertheless, when 
considering the classi�ication of guelta, Band 10 may possess 
restricted practical utility. Later on, OpenStreetMap tiles were 
added to enhance visualization. 

3.1	Data	preprocessing	
Preprocessing is necessary even when the image has undergone 
atmospheric correction, in order to convert pixel values to a 
decimal value of re�lectance. Automatic conversion to 
re�lectance is possible. The metadata �ile, which is a text �ile 
named "MTL" and is downloaded alongside the images, which 
comprises the necessary data for the conversion process. To 
obtain re�lectance values for bands, the Preprocessing module 
in QGIS was used by selecting the preprocessing button from the 
SCP menu or dock and navigate to the Sentinel-2 tab. The 
selection of bands is loaded into the Metadata table 
automatically. To initiate the conversion procedure, the 
directory containing the converted bands were selected and the 
RUN button was clicked. Converted bands (�ilename beginning 
with RT_) are loaded and displayed after a brief delay of a few 
minutes. All bands stored in QGIS layers may be removed, with 
the exception of those whose names commence with RT_.

3.1.1	Reproject	And	Clean	The	Data
Global datasets are occasionally distributed in tiles with distinct 
UTM zones. This subsection demonstrates how to combine 
them into a single mosaic using QGIS and a GDAL batch script. A 
batch script was executed to reproject the tiles to a geographic 
coordinate system utilizing the gdalwarp function as shown in 
�igure 3. Subsequently, a QGIS virtual raster was constructed as 
shown in �igure 4. 

Figure	3:	reprojection	script
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3.1.2	Create	a	virtual	raster
A new raster �ile is generated when rasters are merged, which 
duplicates the data. This procedure requires additional hard 
drive space. Without the necessity of creating a new raster �ile, 
which could be quite large in size. It's possible to instead 
establish a Virtual Raster. Frequently referred to as a Catalog, 
this term effectively describes its purpose. It is not an entirely 
novel raster. Instead, it is a method for arranging the current 
rasters into a single catalog, or �ile, to facilitate access. The 
output is shown in �igure 5.

Figure	5:	Band	12	virtual	raster

Merging the data does not generate an entirely new raster �ile 
for a VRT. In contrast, it generates a catalog or virtual mosaic of 
the input rasters so as to prevent the duplication of the pixel 
values. While a VRT �ile may contain metadata and references to 
the locations of the source raster �iles, it does not replicate or 
combine the pixel values into a distinct �ile. Multiple raster �iles 
ought to be dealt with as a single dataset to prevent data 
duplication, and large datasets needed to be managed more 
ef�iciently without requiring additional disk space. VRTs were 
therefore implemented.

3.1.3	Clip	the	data
An approach to minimizing processing time and restricting the 
study area is to crop the image. Before anything else, a Band set 
comprising the bands to be clipped must be de�ined. The Band 
sets, comprising numbered collections of raster bands and 
associated data (including center wavelength and acquisition 
date), are utilized by multiple tools within SCP. Bandset is 
accessed via the SCP dock or the SCP menu by selecting the 
bandset tool button. To update the layer list, the following 
bands: 2, 3, 4, 5, 6, 7, 8, 8A, 11, and 12 are selected. To add the 
selected rasters to Band set 1, the plus button is clicked. To 
specify a directory in which clipped bands are to be stored, the 
RUN button should be clicked. When the Output name pre�ix is 
speci�ied, new �iles will be generated with that pre�ix. Upon the 
completion of the procedure, clipped rasters will be loaded and 
visually presented as shown in Figure 6.

Figure	6:	Band	2	Clipped

3.1.4	Generate	the	input	�ile	for	training
The Band set, which serves as the input image for SCP 
classi�ication, must now be de�ined. To access the Bandset tab, 
select the Bandset tool button from the SCP menu or dock. The 
"Reset" button in the Band set de�inition is utilized to remove all 
bands from the active band set that was created in the preceding 
steps. To refresh the layer list and ensure that all converted 
bands are selected, the reload button is clicked. To add the 
selected rasters to the Band set, a plus sign is then used. Arrange 
the band names in ascending order in the table Band set 
de�inition (clicking "order by name" will automatically arrange 
bands by name). In conclusion, the Wavelength quick settings 
menu is utilized to select Sentinel-2, which automatically 
con�igures the wavelength unit and center wavelength of each 
band, which are essential for the calculation of spectral 
signatures as shown in �igure 7. 

Figure	7:	Bands	7-3-2	in	order	of	RGB
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Color composites of bands can be displayed as follows: In order 
to access the Near-Infrared, Red, and Green regions, the item 7-
3-2 (which corresponds to the band numbers in the Band set) is 
selected by clicking the RGB= list in the Working toolbar. The 
map's image colors exhibit variation in accordance with the 
bands that are selected; vegetation is denoted by the color red; 
had the 3-2-1 option been chosen, natural colors would be 
presented. A temporary virtual raster (referred to as Virtual 
Band Set 1) is automatically generated when a band set is 
speci�ied, enabling the implementation of color composite. To 
accelerate the visualization process, it is possible to conceal all 
layers within the QGIS Layers and only display the virtual raster. 
At this moment, in order to collect Training Areas (ROIs) and 
compute their Spectral Signatures (which are utilized in 
classi�ication), it is necessary to generate the Training input. To 
generate the Training input, which is assigned a name such as 
training.scp, one selects the Training input tab in the SCP dock 
and clicks the "New File" button. A vector with the same name as 
the Training input is appended to QGIS layers, along with the �ile 
path.

3.1.5	Establishing	region	of	interest	(ROIs)
ROIs will be generated through the de�inition of classes and 
macroclasses. A ROI is designated to a speci�ic land cover class 
by means of a Macroclass ID (MC ID), which is allocated to each 
ROI via a Class ID (C ID). Macroclasses consist of numerous 
materials with distinct spectral signatures; to attain accurate 
classi�ication outcomes, it is necessary to distinguish the 
spectral signatures of distinct materials, even if they are 
members of the same macroclass. Thus, multiple ROIs will be 
generated for each macroclass, with each ROI being assigned a 
unique C ID while maintaining the same MC ID. The manual 
creation of a polygon or the implementation of an automatic 
region-growing algorithm can both generate ROIs. A water body 
is depicted as a dark blue area that is magni�ied on the map. To 
generate a manual ROI within the dark area, one must select the 
manual ROI icon from the Working toolbar. 
The image is layered with a temporary orange semi-transparent 
polygon, which is not retained in the Training input. The 
temporary polygon can be saved to the Training input if its shape 
is satisfactory. Opening the Training input permits the de�inition 
of Classes and Macroclasses. With MC ID = 1 and MC Name = 
Water in the ROI & Signature list, C ID = 1 and C Name = Guelta 
are also speci�ied. At this point, the ROI is saved in the Training 
input by clicking Save ROI. The ROI is added to the ROI & 
Signature list and the spectral signature is computed after a 
brief interval of time (since the Signature checkbox is selected). 
The C ID in the ROI & Signature list is evidently incremented by 
one. The saved ROI is visually represented on the map as a dark 
polygon, while the transient ROI is eliminated. Additionally, the 
Type of RS in the ROI & Signature list indicates that the ROI 
spectral signature was computed and stored in the Training 
input. The ROI for the remaining classes will now be created.

4.	Data	processing	procedure
The processing was performed using QGIS 3.4 software and the 
Semi-Automatic Classi�ication (SCP) plugin for classi�ication. To 
extract Guelta from Saudi Arabia using the SCP (Semi-Automatic 
Classi�ication Plugin) in QGIS, the following approach depicted 
in Figure 8 was used.

Figure	8:	Processing	steps

Ÿ SCP	 Plugin	 Installation:	 Ensure that the SCP plugin is 
installed in QGIS, if it is not already. 

Ÿ Data	 Acquisition	 and	 Preparation: Obtain satellite 
imaging data of Saudi Arabia. Perform image preprocessing 
to improve the overall quality if deemed required. 

Ÿ Region	 of	 Interest	 (ROI)	 Selection:  Specify the 
geographical boundaries within Saudi Arabia where gueltas 
are anticipated to exist. 

Ÿ Setup	 for	 Classi�ication: Select training samples for the 
classes of interest, speci�ically for gueltas, within the chosen 
study region. Utilize SCP technologies within QGIS to 
establish a classi�ication framework to classify the imagery. 

Ÿ Spectral	 Signature	 Analysis: Utilize SCP techniques to 
examine the spectral signatures of the observed gueltas and 
nearby characteristics. Conduct an analysis of the spectral 
properties of gueltas through the extraction and 
examination of their spectral signatures from satellite 
imagery. The comprehension of these distinct spectral 
patterns facilitates precise classi�ication. 

Ÿ Images	 Classi�ication:	 Utilize the selected classi�ication 
technique to analyze the complete satellite image. Create a 
classi�ication map that differentiates gueltas as a separate 
class or category. Supervised classi�ication can be achieved 
by utilizing the techniques provided by the SCP plugin 
integrated into QGIS. Maximum Likelihood Classi�ication is 
an example of an algorithm that can be utilized to classify 
imagery into various land cover classes, including gueltas. In 
this project, classi�ication by minimum distance was applied.

 
Ÿ Interpret	 the	 outcome: Display and map the extracted 

gueltas utilizing QGIS and SCP visualization tools. By 
generating statistics and overlays from the classi�ied results, 
interpretation and analysis are enhanced. 

5.	Classi�ication	approach
Classi�ication algorithms employ spectral signatures to identify 
image pixels. Diverse substances may exhibit comparable 
spectral signatures, particularly when multispectral images are 
taken into account. Pixels may be incorrectly classi�ied if the 
spectral signatures employed for classi�ication exhibit excessive 
similarity, rendering the algorithm incapable of accurately 
differentiating said signatures. Assessing the Spectral Distance 
between signatures is therefore advantageous for identifying 
similar spectral signatures that necessitate elimination. 
Obviously, the de�inition of distance differs depending on the 
classi�ication algorithm in use. By displaying a signature plot, 
spectral signature similarity can be easily evaluated. The 
subsequent diagram in Figure 9 illustrates the signature plots of 
various materials.
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Figure	9:	Spectral	signatures	plot

aforementioned features are quanti�ied, thereby enabling 
precise distance measurement. 
If classi�ication previews yielded satisfactory results (pixels 
were appropriately designated to the classes speci�ied in the 
ROI and Signature list), the complete image can be classi�ied in 
terms of land cover. As can be seen in �igure 12.

The plot displays the signature line. Additionally, it illustrates 
the spectral range, including the minimum and maximum 
values, of each band through a semi-transparent region colored 
similarly to the signature line. The process of classi�ication 
depends on the spectral signatures of the acquired ROIs. Before 
the �inal classi�ication, it is bene�icial to generate a 
Classi�ication Preview so that the results (which are in�luenced 
by spectral signatures) can be evaluated. Figures 10 and 11 
illustrates classi�ication preview. If  the results are 
unsatisfactory, additional ROIs can be gathered to improve land 
cover classi�ication.

Figure	10:	Before

Figure	11:	After

At this time, the classi�ication algorithm must be chosen. The 
minimum distance classi�ication algorithm is a direct approach 
utilized in tasks involving pattern recognition and classi�ication. 
When contemplating the classi�ication of geological formations 
such as gueltas, the implementation of minimum distance 
classi�ication can yield numerous advantages: 
1.	 Simplicity:	 The minimum distance classi�ier possesses a 
relatively straightforward implementation and comprehension. 
It assigns the data point to the class whose centroid is closest to 
it after calculating the distance between the point and the class 
centroids. 

2.	Appropriateness	for	Gueltas	Classi�ication:	Gueltas may 
possess discernible characteristics across multiple dimensions, 
including but not limited to size, depth, geological composition, 
and adjacent vegetation. A minimum distance classi�ication 
algorithm may be appropriate in situations where the

Figure	12:	Output

After classi�ication, raster to vector transformation was 
performed along with feature extraction for each polygon in 
order to conduct targeted analyses or re�ine data to concentrate 
on particular geographic regions or features that are of interest. 

Figure	13:	Extracting	water	features

Figure	14:	Deleting	all	non-guelta	water	features

In Figure 13 and 14 most water features situated outside of 
Saudi Arabia and those not in an arid region were excluded. 

6.	Evaluation	of	results
Random sampling technique was utilized from the dataset 
comprising classi�ied data and subsequently validating the 
correspondence of these arbitrarily chosen points with gueltas 
via Google Maps may serve as a practical approach to assess the
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classi�ication outcomes. Moreover, spectral signature visualization is utilized in the testing and evaluation procedure. The utilization 
of spectral signature visualization is crucial for the comprehension of guelta spectral response patterns, as it provides a 
comprehensive understanding of their unique attributes. By employing this method, a comparative analysis can be conducted 
between the dataset and known features or ground truth data. This enables the detection of anomalies or inconsistencies and 
signi�icantly contributes to the validation and improvement of the classi�ication process.
First accuracy of detection was validated by comparing it to known Guelta locations (ground truth). This allows for the assessment of 
the accuracy of the satellite image evaluation. Table 3 depicts some of the validation performed.
Table	3:	Accuracy	validation
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A random sample technique was employed to select data points 
from the classi�ied dataset. These randomly selected points 
were then cross-referenced with Google Maps to evaluate if they 
accurately represent gueltas. This method can be valuable for 
assessing the accuracy of the classi�ication results. This method 
offers a way to verify the precision of the classi�ication algorithm 
by comparing it to real-world observations. Nevertheless, it is 
crucial to take into account some aspects that may result in 
inconsistencies during the veri�ication process:

1.	Ground	Truth	Data	Quality: The precision of Google Maps or 
any other external source utilized as ground truth may not 
always be �lawless. Inaccuracies or obsolete data in the 
reference information can result in inconsistencies between the 
classi�ied data and the veri�ication process. 

2.	Sampling	Bias: The random selection of data may lead to a 
distorted portrayal of the dataset due to bias. The sampled data 
may be biased due to an overrepresentation or under 
representation of certain areas or types of gueltas, which can 
impact the overall assessment.
The code in �igure 15 was used to randomly chose 20 
coordinates. This code use Python's random module to generate 
a sequence of 20 random numbers ranging from 1 to 439,396. 
The sort() method is utilized to rearrange the components of the 
random numbers list in ascending order. The sorted sequence of 
randomly generated numbers will be displayed in table 4.

Figure	5:	Random	sampling	script

Although the main purpose of the Semi-Automatic Classi�ication 
Plugin (SCP) is to aid in the processing, classi�ication, and 
analysis of remote sensing data, speci�ically satellite imagery, 
distinguishing between lakes and gueltas can be dif�icult for a 
variety of reasons: 
1.	 Spectral	 similarity: Lakes and gueltas can display 
comparable spectral properties in satellite imaging, particularly 
under speci�ic environments. Both aquatic environments can 
exhibit similar patterns of re�lectance in remote sensing bands, 
which poses a challenge in distinguishing them merely based on 
spectral signatures. 

2.	 Resolution	 and	 Scale:	 Satellite imaging may lack the 
requisite level of precision to differentiate tiny water bodies 
such as gueltas from bigger ones such as lakes. The 
identi�ication of minor water features may be hindered by lower 
resolution or scale constraints in the images. 

3.	Algorithm	Limitations: SCP's classi�ication algorithms may 
lack specialized attributes or customized procedures designed 
for distinguishing the distinct properties of lakes and gueltas. 
The algorithms employed in SCP may not provide priority to 
distinguishing these speci�ic water characteristics. 
4. User Pro�iciency and Interpretation: The accurate 
identi�ication and distinction between lakes and gueltas can 
greatly depend on the user's pro�iciency in interpreting spectral 
signatures, comprehending local conditions, and manually 
improving classi�ication outcomes, which may not be fully 
automated in SCP. 
In general, the dif�iculty in distinguishing between lakes and 
gueltas using SCP mostly stems from the dif�iculty of identifying 
these bodies of water purely based on the spectral information 
obtained from satellite images. In addition to specialized 
algorithms,  higher-resolution imagery,  and manual 
interpretation, this task frequently surpasses the capabilities of 
automated classi�ication modules such as SCP. 

Table	4:	Random	sampling
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The application of spectral signature plots was crucial to this 
assessment. Spectral signature plots facilitated the validation 
process by offering a graphical depiction of the distinct spectral 
reactions exhibited by gueltas. The examination of these 
spectral patterns enabled the discernment of particular 
attributes, thereby improving the credibility of classi�ication 
outcomes and augmenting comprehension of the gueltas' 
spectral behavior.

7.	Conclusion
A guelta is a type of wetland that can be found in arid regions and 
is created when underground water in lowland depressions 
over�lows and creates permanent pools and reservoirs. Gueltas 
are hidden from view by a canyon. The enormous sandstone 
cliffs that surround this area serve to protect its waters. One is 
able to map the size of a Guelta or foretell where water would 
�low after strong storms by using a Geographic Information 
System (GIS), which is an extremely useful tool for appraising a 
region. It is necessary to make a decision as to the location of 
surface water in the Kingdom of Saudi Arabia because this has 
an effect on the management of domestic water in many aspects. 
Satellite imagery can be used to determine the surface water 
areas of a region. The goal of this work was to identify all Guelta 
regions that are located within the Kingdom of Saudi Arabia.
Data is becoming an increasingly important component of 
urbanized city administration as a means of both enhancing the 
decision-making process and shortening the amount of time 
needed to arrive at a decision. Machine learning, geospatial 
analysis, and arti�icial intelligence are some of the areas that 
might be implemented into the system to better data analysis

and management. These are just few of the domains. Alternately, 
these data can be utilized to increase the automation of the 
system by identifying Guelta regions, and the system could 
automatically draw the optimal path in real-time based on 
satellite-derived traf�ic routes. This would be possible if the 
system had access to satellite imagery. 
One further tactic for attaining growth is to work toward 
elevating the standard of the information that is compiled and 
analyzed. Databases can be improved and kept up to date so that 
they combine occurrences from the present with those from the 
past in order to make data analysis more effective. Since both 
spatial and nonspatial data can be stored inside a GIS's systems, 
the Geographic Information System (GIS) plays an important 
role in the process of centralizing data. It is vital to select key 
datasets in order to increase the quality of the study. 
Additionally, it is required to determine how to combine 
multiple datasets in order to have a functional in�luence on the 
entire project. 
To achieve a greater level of accuracy, it is recommended to take 
into consideration the enhancement of classi�ication 
algorithms, the acquisition of imagery with a higher resolution, 
the execution of further preprocessing, the incorporation of 
more features into the classi�ication process, and the testing of 
the classi�ication �indings using different ground truth datasets 
or methodologies. In order to properly interpret and resolve any 
disparities that may exist between the classi�ied �indings and 
the ground truth observations, it is necessary to be aware of the 
limitations imposed by both the ground truth data and the 
classi�ication technique.
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When imagery from satellites are analyzed, it may be feasible to 
differentiate between lakes and gueltas by employing additional 
image processing techniques and algorithms that have been 
developed expressly for the detection and categorization of 
water bodies. These methods might include the following: 

1.	This technique examines the surface qualities of lakes and 
gueltas by taking into consideration their contextual 
surroundings and appearance in satellite imagery. Texture 
analysis is the �irst technique.

2.	Classi�ication and Machine Learning: In order to differentiate 
between lakes and gueltas based on the attributes that are 
obtained. This is done in order to solve classi�ication dif�iculties. 

In general, the adoption of technology, analysis, modeling, and 
display of results are not possible without the presence of 
hardware components. As a result, the government has the 
ability to make investments in highly advanced and fully 
functional computers, which will improve the system for the 
collection, analysis, and effectiveness of data. In these kinds of 
circumstances, locals may have access to highly effective smart 
devices that shorten the amount of time needed for a response 
and enable quicker system access. The use of ef�icient gadgets 
also enables rapid and insightful studies, which provide locals 
with guidance on the most expedient routes to take. A key 
feature is the potential improvement that mobile mapping, 
photography, and data collection in real time may have on 
emergency response.
It is of the utmost importance to acknowledge some of the 
constraints that were encountered during the course of this 
work. These constraints include the limitations that were 
imposed on the enormous amount of data that needed to be 
reprojected and clipped, computation, and the inherent 
challenges that were encountered when identifying gueltas 
from other natural features that were similar. The existence of 
these limitations highlights the importance of continuously 
validating and improving methodologies in order to achieve 
higher levels of precision and dependability. The �indings of this 
research, on the other hand, propose major contributions to the 
management of resources, and the monitoring of environmental 
conditions in regions that are dependent on these natural water 
reserves. Through the provision of a fundamental framework 
for future research, the established technique makes it easier to 
make sustainable use of gueltas and to preserve them in regions 
where water is of limited availability. 
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