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ABSTRACT 

 
The water resources are limited and need to be managed in different demand areas. As agriculture consumes the major 

quantity of water, thus water management is an essential process. In KSA, new regulations have been issued to manage 

the water consumption in agriculture. This led to a shift within agriculture use from the more consumption crops to the 

lower ones in some areas, apart from the areas that stopped cultivation activity. This study aims at evaluating the land 

use/cover changes within an agricultural area in Al-Jouf region, KSA. Therefore, multi-temporal Sentinel-1 (S-1) and 

Sentinel-2 (S-2) data were analyzed with the aid of the valuable capabilities of the cloud-based platform Google Earth 

Engine (GEE). The cultivated areas during the period 2017 to 2021 were calculated based on monthly normalized 

difference vegetation index (NDVI). The results revealed a significant decrease in the annual average of cultivated area 
from 121,161 to 74,468 ha in 2021, with a high variation between winter and summer cultivated area. On the other 

hand, the multi-sensor/-temporal classification of S-1 and S-2 data showed a decrease in the agriculture area, and the 

shift to orchards. The orchards area increased by 84.0% (from 9,202 to 16,929 ha), the crops area decreased by 24.3% 

(from 125,512 to 95,016 ha), while the bare land increased by 9.7% (from 235,009 to 257,779 ha) as comparing areas in 

2017 and 2021, respectively. The proposed approach provides near-real-time tracking of the changes in land use/cover 

for updating the water management strategies. 
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1. INTRODUCTION 

Water resources across the world are becoming 

under stress because of population growth, 
agricultural area expansion to meet the population 

demand, modern lifestyles, in addition to climate 

change and deterioration of water quality (Mostafa 

et al. 2021; Musa 2021; Valjarevic et al. 2021). 
Increasing water consumption in many countries has 

led to deficiency of water availability to satisfy 

water demand and consequently significantly affects 
agricultural productivity and food security (Gino 

Sophia et al. 2020; Jiang 2009). As water resources 

in most countries of the Middle East Region are 
more limited and vulnerable, therefore, the situation 

seems to be critical (Abdelhaleem et al. 2021; 

Kazemi Moghaddam et al. 2017).  

With a rapid development in Saudi Arabia, the 
promotion of standard living, in addition to the 

increase in population from 6.9 to 34 million in 1972 

and 2019, respectively, the water demand has 
significantly increased to 263 L per capita per day 

(LPCD) in 2019 (Almulhim et al. 2021). In 2020, 

the total water demand reached 15979 MCM, from 

which 10%, 23%, and 67% for industrial, domestic, 
and agriculture use, respectively (MEWA 2020). In 

the agriculture sector, about 90% of its consumption 

comes from groundwater aquifers (Alotaibi and 

Kassem 2021). Moreover, due to the climate change 
impacts on water resources, there is a possibility of 

rainfall decrease, and temperature increase which 

may cause a significant increase in water 

consumption in many areas in KSA (Djoundourian 
2021; Mallick et al. 2021) and consequently increase 

the stress on water scarcity (Bahrawi et al. 2021). In 

KSA, generally, the net annual recharge compared to 
the withdrawal rate of groundwater is very low, 

causing a decline in its level and consequently the 

quantity and quality of groundwater (Mallick et al. 
2021). Therefore, there is a challenge to meet the 

increasing water demand, and thus a proper water 

management of available water resources is required 

(Musa 2021). Notwithstanding such water scarcity, 
cultivated area, production of green fodder, and 

water-depleting crops have been significantly 

expanded in KSA, in addition to the production of 
fresh milk (Alrwis et al. 2021).  

Therefore, various strategies are applied to 

manage the water and wastewater aiming to reduce 

the use of the resources, and resources reuse, 
recycle, and to recharge groundwater (Alrwis et al. 

2021; Djoundourian 2021). The Ministry of 
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Environment, Water and Agriculture (MEWA 2014) 

formulated the National Pasture Strategy and Plan 

(NPSP), which suggested that KSA can compensate 
for the water shortage by applying the NPSP and 

green fodder cultivation suspension. Where one 

hectare of alfalfa requires water quantity to grow 
that is sufficient to grow 48 ha of improved pastoral 

plants producing more than 56% of the digestive 

feed per hectare. Besides the positive effects on 

ecotourism, animal production, combating 
desertification, conservation of water resources, 

water quality, biodiversity, and the standard of living 

of breeders (Alrwis et al. 2021). Moreover, 
“Strategic plan 2030” was developed by MEWA to 

maintain sustainable water management through 

supporting water infrastructure projects, rising water 

awareness, reducing the water-intensive crops area, 
encouraging the adoption of sustainable water 

management among farmers, and ensuring 

compliance with water legislation and laws (Alotaibi 
and Kassem 2021). 

In this regard, land use/cover (LU/LC) diversity 

under such conditions is critical to water 
consumption (Turk et al. 2021). Since different types 

of field crops, vegetables, fodder crops and orchards 

vary in water requirements, accordingly, the 

combination of such types in a particular area can be 
planned for optimum water management. Therefore, 

LU/LC monitoring is important for a proper water 

management strategy (Rajmohan et al. 2021). 
Accordingly, remote sensing can be utilized to 

extract the corresponding information at the required 

spatial and temporal scales (Johansen et al. 2021). 
Several studies have applied remote sensing in 

LU/LC studies in KSA (Alharthi et al. 2020; Aly et 

al. 2016; Turk and Aljughaiman 2020; Youssef et al. 

2019). In general, there are various sources of 
remotely sensed data including commercial and free 

data. The free sources support the optical remote 

sensed data, i.e., Landsat and Sentinel-2 data, as well 
as microwave remote sensing, i.e., Seninel-1 SAR 

data (Rapinel and Hubert-Moy 2021). 

Since 2017, the European Space Agency (ESA) 

has provided high-resolution images (having 10, 20, 
and 60 m), with Sentinel-2A and 2B satellites, 

worldwide coverage, and revisit interval of 5-day. 

Such data enables to study and monitor the crop 
composition at no cost, especially in vegetation 

mapping, with the aid of enhanced definition in the 

red-edge spectral reflectance (Jiang et al. 2020). On 
the other hand, the synthetic aperture radar (SAR) 

data has the advantage that the SAR signal 

interaction with the surface depends mainly on the 

studied object characteristics (i.e., surface 
roughness, shape, and dielectric properties), also on 

the sensor characteristics, i.e., polarization, 

wavelength, and incidence angle (Paluba et al. 

2021). Several studies showed that LU/LC 

classification could be improved through the 

combination of Sentinel-1 and Sentinel-2 data 
(Amani et al. 2020b; Chong et al. 2021; Hu et al. 

2021). Recently, the cloud-based RS data processing 

has been supported by several platforms, from which 
Google Earth Engine (GEE) is the most popular one 

(https://earthengine.google.org), launched by Google 

in 2010 (Amani et al. 2020a), for pixel-based land 

cover classification and crop mapping (Shelestov et 
al. 2017). In GEE, “multi-petabyte” analysis-ready 

data, combined with several image processing 

capabilities are located, where the user can access 
these data and perform the required analysis via a 

web browser. It is freely available for education, 

research, and nonprofit use (Paluba et al. 2021). 

The current study aims at mapping the changes 
in LU/LC in the study area during the period 

2017-2021 using multitemporal Sentinel-1 and 

Sentinel-2 data with the capability of GEE. This will 
help to prepare, monitor, and update the water 

management programs. 

2. MATERIALS AND METHODS 

2.1. Study area  

The selected test site is located in Al-Jouf 

Region in the northern part of Saudi Arabia and 

covers an area of 369,724.7 ha (Figure 1). It lies 
between latitudes 29° 37ʹ 40ʺ and 30° 19ʹ 13ʺ N and 

between longitudes 37° 58ʹ 30ʺ and 38° 44ʹ 2ʺ E. 

From the agricultural area and water use point of 
view, Al-Jouf is considered one of the top five 

agricultural regions, with the majority area of central 

pivots and most of the agriculture is managed by 
large commercial farms. Over the last three decades, 

the irrigated area in Al-Jouf has increased from 

being practically non-existent in the 1980s to an area 

of about 1500 km
2
 by 2005 (Valencia et al. 2020) 

and, recently, recognized by the largest modern olive 

farm in the world. The area has hot desert climatic 

conditions with an annual average temperature of 
22.2 °C and a rainfall average of 59 mm (Youssef et 

al. 2019). The main water resource in the study area 

is groundwater (Lopez et al. 2020) which is utilized 

in irrigation, domestics, and industrial process. In 
the study area, besides the bare land, the agriculture 

activities include field crops, vegetables, fodder 

crops, and orchards. 

2.2. Data used and processing 

The data used in this study were 10-m multi-

temporal (2017 to 2021) Sentinel-1 (S-1) C-band 
SAR data, and Sentinel-2 (S-2) optical data (the 

European Space Agency) in order to utilize different 

potentiality of imageries that support land cover 

classification. The S-1 mission includes a 
constellation of two satellites, Sentinel-1A/-1B, 
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Figure 1. Location of the study area 

 
sharing the same orbital plane with a 12-day repeat 

cycle per satellite (Paluba et al. 2021). The S-2 
satellites consist of two satellites as S-2A (launched 

in 2015) and S-2B (launched in 2017) with a 10-day 

revisit cycle. Thus, the data from both satellites can 

be obtained at 5-day interval which offers dense 
time-series observations. S-2 data acquired by a 

multispectral imager (MSI) onboard with a spatial 

resolution varying from 10 m to 60 m and covering 
13 spectral bands (Luo et al. 2021). 

In the current study, S-2 data was used to 

produce the monthly normalized difference 
vegetation index (NDVI) for monitoring the 

cultivation activities along the period 2017-2021. On 

the other hand, the land use/cover (LU/LC) 

classification was only applied for two years; 2017 
and 2021. Where S-1 level-1 Ground Range 

Detected (GRD) scenes available in GEE in 

combination with S-2 data were used and processed 
for LU/LC classification. With the coding 

capabilities in GEE, Sentinel-2 imageries were 

filtered to a cloud cover < 10%; from which five 
individual months (January to May) during the 

winter season of 2017 and 2021 were investigated. 

These months were chosen according to the monthly 

changes in cultivated area, and to represent the 
growth period of winter crops. The classification 

was applied using the same period to compare, 

almost, the same conditions. Also, the winter season 
with higher cultivated area was selected to represent 

the most agriculture area and overcome or reduce 

the effect of the fallow land on the comparison 

process. So, for each month (January- May), one 
image was generated based on the mean pixel value 

of available imageries per month. In addition, the S-

1 SAR images covering the same periods were 
combined with S-2 for LU/LC classification. 

Ground Range Detected (GRD) images were 

obtained in Interferometric Wide swath mode (IW) 
for VV- and VH-polarization. Scenes taken in 

descending orbit were chosen to be processed for 

LU/LC classification. And speckle effects were 

filtered using the median filter, according to (Schulz 
et al. 2021). 

2.3. Temporal changes in cultivated area 

To examine the changes in cultivated area 
during the period from 2017 to 2021, the analytical 

capabilities of GEE with the available S-2 data were 

employed to extract the normalized difference 
vegetation index (NDVI). Then, NDVI was 

classified as vegetation and non-vegetation 

according to a threshold value which is set based on 

the interpretation of the S-2 data and the high-
resolution data of Google Earth. Various studies 

deployed such NDVI-based approach for cultivated 

area mapping (Abdelhaleem et al. 2021; Sakuma and 
Yamano 2020; Wang et al. 2021). Thus, a proper 

script was written in JavaScript code editor in GEE 

to calculate the NDVI for the available S-2 data 
within each month, then the mean filter was applied 

to generate one NDVI image per month along the 

defined period. From which the monthly cultivated 

area (as a vegetation class), and annual average of 
cultivated area were calculated. 

Furthermore, the Google Earth Engine App 

(https://jstnbraaten.users.earthengine.app/view/lands
at-timeseries-explorer), which supports the 

monitoring concept and provides annual changes 

based on Landsat data, was utilized. For the selected 

area, the GEE App creates a Landsat time series 
chart with chips of image that represents the median 

annual composites for the selected area. In the 

current study, two examples were selected to 

https://jstnbraaten.users.earthengine.app/view/landsat-timeseries-explorer
https://jstnbraaten.users.earthengine.app/view/landsat-timeseries-explorer
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represent the reduction in cultivated (pivot) area, and 

another one to show the expansion in orchards area.  

2.4. Land use/cover classification 

Multi-temporal S-1 and S-2 data were utilized 

for image classification as a multi-sensor approach 

for agriculture area mapping in 2017 and 2021. 
Afterwards, the changes in LU/LC were evaluated. 

The training and validation samples for each 

acquisition date were collected through the visual 

interpretation of multi-temporal S-2 imagery and the 
available high-resolution data in Google Earth (Luo 

et al. 2021). A randomly stratified sampling 

technique was applied to collect regions of interest 
(ROI) that represent each class. The total number of 

ROIs were 157, 251 and 198 in 2017, and 145, 171, 

and 199 in 2021 for orchards, crops, and bare land, 

respectively. According to the proposed GEE script, 
the ROIs were divided as 75% for training and 25% 

for validation process. The pixel-based image 

classification was applied using the random forest 
classifier (Schulz et al. 2021; Vogels et al. 2019) 

within GEE. In addition, the validation overall 

accuracy was calculated, and confusion matrix was 
obtained within GEE. In the current study, the main 

LU/LC classes were defined as orchards, crops 

(including field crops, vegetables, and fodder crops), 

and bare land. 

3. RESULTS AND DISCUSSION 

3.1. Changes in cultivated area 

Sentinel-2 data covering the period from 2017 to 
2021 were utilized to monitor the monthly changes 

in the cultivated area based on the calculated NDVI 

values where the threshold for vegetation was set to 
NDVI greater than 0.20 (Gandhi et al. 2015; 

Karakani et al. 2021). The cultivated area per month 

gives an indicator about the agriculture activities, 

and consequently, the irrigation water demand for 

each month. The results indicate a general decline in 

the cultivated area (Figure 2). In 2017, the annual 
average of the cultivated area was 121,161 ha, while 

it is decreased in 2021 to 74,468 ha (reduction of 

38.5%). It is also clear that there is a monthly 
variation within each year, with a higher cultivated 

area of winter crops than that in the summer season, 

and such variation is higher in 2021. This could be 

attributed to the water management strategies, as the 
evapotranspiration is increased in summer, leading 

to higher consumption of irrigation water. However, 

some areas might be left as fallow for specific 
period, the monthly sequence of NDVI-derived 

cultivated area shows general decreasing trend in the 

cultivated area for the last three years. Which could 

refer to a decline in the agriculture area. 
Exploring the study area using GEE app for 

tracking changes using Landsat time-series 

imageries showed a significant decrease in the 
agriculture area. Recently, applying the water use 

regulations that ban fodder cultivation according to 

some criteria, such as the farm size, it appears that 
some groups of pivots at different locations have 

been altered to not-cultivated land (Figure 3). This 

agrees with the reports which declared that some 

agriculture companies had stopped fodder 
cultivation. While some farms have been shifted to 

other crops (i.e., field crops or vegetables) or 

orchards (i.e., olive trees). The sequence of the 
images demonstrates that some pivots are left 

without cultivation during the last three years. With 

the same GEE app, Figure (4) illustrates an example 
of orchards area expansion. It is clear that some 

pivots in 2017 were converted to orchards in 2021, 

which indicates the changes from the pre-defined 

use of such areas (field or fodder crops) to orchards.

 

Figure 2. Monthly and annual average of vegetation area from 2017 to 2021 
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Figure 3. Landsat time-series images (RGB: SWIR1/NIR/Green) show decreasing in agriculture area 

 

 

 

Figure 4. Landsat time-series images (RGB: SWIR1/NIR/Green) show increasing in orchard area 

 

 

3.2. Land use/cover classification 

The classification of S-1 and S-2 imageries of 
2017 and 2021 (Figure 5) showed that, in general, 

there is a decline in the agriculture area. However, 

the orchard area (Table 1) is increased from 9,214 to 

16,929 ha (increased by 83.7%), the crops area 
decreased from 125,557 to 96,016 ha (decreased by 

23.5%). Thus, the total agriculture area (crops and 

orchards) decreased by 16.2%, from 134,771 to 
112,945 ha in 2017 and 2021, respectively. While 

the bare land increased from 235,240 to 256,816 ha 

(Figure 6). The random forest classifier revealed 
high classification accuracy (Table 2) with an 

overall accuracy of 0.97 and 0.96 in the case of 2017 

and 2021, respectively. The current classification is 

applied for the winter season to represent most of the 

entire agriculture area with a wide range of variation 

in crops, while for the summer season, the cultivated 
area is lower than the winter one, as shown in Figure 

(2). 

The analysis of LU/LC changes revealed that 

there is an area of 39,857 ha changed from crops to 
bare land, which appears mainly as patches of 

pivots. Such areas require further investigations of 

land evaluation and water requirements; thus, 
optimum reuse can be defined to get benefits of the 

previously applied soil management practices in 

these areas. The mentioned changes confirm that 
some companies have stopped their fodder 

cultivation and shifted to import the required fodders 

from other countries (i.e., Sudan). 
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Figure 5. Land use/cover map of the study area in 2017 and 2021 
 

Table 1. Land use/cover classes area and changes between 2017-2021 

 2017 2021 Class changes 

Class Area (ha) % Area (ha) % Area (ha) % 

Orchards 9,202.58 2.5 16,929.21 4.6 7,726.6 84.0 

Crops 125,512.52 33.9 95,016.23 25.7 -30,496.3 -24.3 

Bare land 235,009.60 63.6 257,779.26 69.7 22,769.7 9.7 

Total 369,724.70  369,724.70    

 

 
Figure 6. Land cover area in 2017 and 2021 

 

Table 2. Error matrix for the land use/cover map in study area 

 
2017  2021 

Class Orchards Crops 
Bare 

Land 

Total 

pixels 

User 

accuracy 
 Orchards Crops 

Bare 

Land 
Total 

User 

accuracy 

Orchards 2236 1 74 2311 96.8  7007 4 17 7028 99.7 

Crops 26 2919 152 3097 94.3  312 5282 163 5757 91.7 

Bare Land 0 14 4899 4913 99.7  32 76 5420 5528 98.0 

Total pixels 2262 2934 5125 10321 
 

 7351 5362 5600 18313 
 

Producer 

accuracy 
98.9 99.5 95.6  

 
 95.3 98.5 96.8 

  

 
Overall accuracy 97.4  Overall accuracy 96.7 
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On the other hand, 1,875 ha of crops area was 

converted to orchards area in 2021. The analysis 
further showed that 6,855 ha of bare soil in 2017 had 

been changed to orchards in 2021. However, it is 

clear from the imageries that most of these extension 
areas had a shape of pivots then converted to 

orchards, which means that the planned use for such 

area was either for crops or fodders. Also, the 

orchard area has increased mainly as an extension of 
the existing orchards area of 2017 in addition to 

other small fields distributed over the study area 

(Figure 7). 
 

 

 
 

Figure 7. Land use/cover change map of the 

study area between 2017 and 2021 
 
 

The results confirm the capability of GEE 

platform in different steps, such as selecting the 

required imageries according to the defined criteria, 
applying the proper processing and LU/LC 

classification, and producing various outputs, i.e., 

charts. Moreover, with adapted codes, GEE reduces 
significantly acquiring and processing time and the 

operational cost, and big data could be managed 

apart from the capacity of the local hardware 

(Capolupo et al. 2020).  
 

4. CONCLUSION 

Land use/cover (LU/LC) data is crucial for 
several applications, i.e., water management. In 

KSA, increasing water demand by various usages, 

especially agriculture which has the highest share, 
besides the limited water resources, led to the need 

for applying numerous water management strategies. 

One of these strategies is to ban or reduce the area of 

the fodder crops according to some criteria, i.e., 
farm size. The current work aims at monitoring the 

changes in LU/LC during the period 2017 - 2021 

through the combination of multi-temporal 
Sentinel-1 and Sentinel-2 data with the help of 

Google Earth Engine. The study area was selected in 

Al-Jouf Region which represents one of the major 

agricultural regions in KSA. 
Monitoring the monthly changes in the 

cultivated area based on NDVI, showed a general 

decline in the cultivated area from 121,161 to 74,468 
ha as annual average in 2017 and 2021, respectively. 

In addition to the monthly variation, the winter 

cultivated area is higher than that in summer. On the 
other hand, LU/LC classification using random 

forest classifier revealed a high overall accuracy of 

0.97 and 0.96 in 2017 and 2021, respectively. The 

results indicated an increase in the orchard area from 
9,202 to 16,929 ha (about 84%) and a decrease in 

crops area from 125,512 to 95,016 ha (about -24%). 

Thus, the agriculture area decreased (about -17%) 
from 134,715 to 111,945 ha in 2017 and 2021, 

respectively. While the bare land increased from 

235,240 to 256,816 ha. 
The changes analysis showed that an area of 

39,857 ha has changed from crops to bare soil, 

which appears mainly as patches of pivots. Thus, it 

is recommended to apply further investigation for 
water requirement and land evaluation to define the 

potentiality of reusing such area, especially after 

receiving soil management practices for several 
years. In addition, 1,875 ha of crop area was 

converted to orchard area in 2021. The analysis 

further showed that 6,855 ha of bare soil in 2017 had 

been changed to orchards in 2021. 
In general, integrating of multi-temporal S-1 and 

S-2 imageries produced high classification accuracy. 

In addition, cloud computing such as GEE offers a 
powerful approach to utilize the increasing remote 

sensing data availability. The proposed approach can 

be applied to other regions in KSA to evaluate the 
changes in LU/LC. Further study is recommended to 

map the crop type distribution in addition to the 

water requirements based on the remotely sensed 

data. 
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 الملخص العربي
 
تغيرات استخدام/غطاء الأراضي في الجوف بالمملكة العربية الدعودية استجابةً لاستراتيجيات إدارة المياه 

 Google Earth Engineباستخدام بيانات متعددة المدتذعرات/الفترات الزمنية في 
 

 محمد محمودعلي جابر 
 

 قدم الأراضي والمياه ـــــ كلية الزراعة ـــــ جامعة الفيوم ـــــ الفيوم ـــــ مرر
 

فإن إدارة  تعتبخ السياه مؽ السؾارد السحجودة وتحتاج إلى إدارتيا في مشاطق الظمب السختمفة. ونغخًاً لاستيلاك الدراعة لمكسية الاكبخ مشيا، لحا
دى ذلػ إلى السياه تعج عسمية ضخورية. في السسمكة العخبية الدعؾدية، تؼ إصجار بعض القخارات تيجف لإدارة استخجام السياه في الدراعة. وقج أ

 تحؾل في الاستخجام الدراعي مؽ السحاصيل الأكثخ استيلاكًا لمسياه إلى السحاصيل الأقل استيلاكا، في بعض السشاطق، بالإضافة الى مشاطق
ؾف اخخي قج تؾقفت عؽ الشذاط الدراعي. تيجف ىحه الجراسة إلى تقييؼ التغيخات في استخجام/غظاء الأراضي في مشظقة زراعية بسشظقة الج

وبسداعجة الامكانيات الستاحة  في تتابع زمشي Sentinel-2 (S-2)و Sentinel-1 (S-1)بالسسمكة العخبية الدعؾدية. لحلػ تؼ تحميل بيانات 
إلى  7107والسعتسج عمى نغام الحؾسبة الدحابية. فقج تؼ حداب السداحة السشدرعة خلال الفتخة مؽ  Google Earth Engine (GEE)في 

 مؽ السشدرعة لمسداحة الدشؾي ( الذيخي. وأعيخت الشتائج انخفاضًا معشؾيًا في الستؾسط NDVIعمى مؤشخ الغظاء الشباتي ) بشاءً  7170
د تبايؽ كبيخ بيؽ السداحة السشدرعة في الذتاء والريف. مؽ ناحية أخخى، أعيخ وجؾ  مع ،7170 عام في ىكتارًا 74468 إلى 070060

انخفاضًا في السداحة الدراعية بذكل عام، مع وجؾد تؾجو في زراعة  S-2و S-1الترشيف السعتسج عمى بيانات في تتابع زمشي لكل مؽ 
ىكتارًا(، وانخفزت مداحة السحاصيل بشدبة  06979إلى  9717: )مؽ 84.1السحاصيل البدتانية. حيث ازدادت مداحة البداتيؽ بشدبة 

ىكتارًا( وذلػ  757779إلى  725119: )مؽ 9.7ىكتارًا(، بيشسا زادت الأراضي غيخ السشدرعة بشدبة  95106إلى  075507: )مؽ 74.2
في الؾقت ـــ ي استخجام/غظاء الأراضي عمى التؾالي. وتسكؽ الظخيقة السقتخحة مؽ تتبعً التغيخات ف 7170و 7107بسقارنة السداحات في عام 

 مسا يجعؼ تحجيث استخاتيجيات إدارة السياه. ـــ الفعمي تقخيبًا
  


