
Page 1/19

Spatio-temporal Analysis of Land Cover Changes in
Al-Hubail Wetland (Kingdom of Saudi Arabia)
Walid CHOUARI  (  walidchouari@yahoo.fr )

King Faisal University https://orcid.org/0000-0001-7038-8678

Research Article

Keywords: Land cover, classi�cation, change detection, Al-Hubail wetland

Posted Date: November 12th, 2021

DOI: https://doi.org/10.21203/rs.3.rs-1034065/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-1034065/v1
mailto:walidchouari@yahoo.fr
https://orcid.org/0000-0001-7038-8678
https://doi.org/10.21203/rs.3.rs-1034065/v1
https://creativecommons.org/licenses/by/4.0/


Page 2/19

Abstract
Land cover dynamics were analyzed temporally and spatially in Al-Hubail wetland (Al-Ahsa, Kingdom of
Saudi Arabia) to determine the evolution of the environmental status of this biologically and ecologically
interesting area in Saudi Arabia. Land cover changes were estimated for the next 41 years (1980-2021)
using remote sensing data. For this analysis, three images from 1985 (Landsat 5 MSS) 2000 (Landsat 7
ETM+) and 2021 (Sentinel-2) were used to classify and detect changes. A machine learning algorithm
was used and the images were classi�ed into four main land cover classes: Water bodies, hydromorphic
areas, vegetation and open ground. Change detection was performed for the year pairs 1985 to 2000 and
2000 to 2021. The results of this classi�cation show that there was a signi�cant increase in the area of
hydromorphic areas and vegetation. The results were checked with a confusion matrix indicating an
overall accuracy between 89.3 and 92.8%. The qualitative trend data show that the Al-Hubail wetland has
changed signi�cantly during the study period. Thus, a signi�cant expansion of the wetland was observed
in conjunction with an increase in agricultural drainage towards the wetland. This analysis shows the
strong anthropogenic pressure on the area and highlights the need to strengthen the existing laws in
order to preserve the local biodiversity in the long term. It suggests that more efforts should be made to
effectively manage the water resources of the region. 

Article Highlights
- Assessment of the dynamics of land cover change in Al-Hubail wetland.

- Post-classi�cation comparisons (PCCs) have been used to assess the change scenario of the wetland.

- The water body and vegetated land have increased signi�cantly during the study period.

- The discharge of agricultural drainage water explains the dynamics of the study area.

Introduction
Despite their multiple functions and services to human society, wetlands are among the most threatened
ecosystems worldwide by human activities: Pollution, use of biological resources, alteration of natural
systems, impacts of agricultural activities, etc. (Gardner and Finlayson 2018; Van Asselen et al. 2013; Xu
et al. 2019). The Al-Ahsa region in Saudi Arabia is characterized by a great diversity of wetland
ecosystems and natural resources. This diversity is related to the large number of endemic species they
host (Al-Dakheel et al. 2009; Al-Hussaini 2005; Al-Sheikh and Fathi 2010; Chouari 2021b; Eid et al. 2020;
Fathi et al. 2009; Salih 2018; Youssef et al. 2009). However, the establishment of a drainage network in
Al-Ahsa Oasis has led to increasing pressures on natural ecosystems and their biodiversity. These human
pressures, depending on their intensity, lead to quantitative (degradation or �uctuation of the ecosystems'
surface) and/or qualitative changes, resulting in dysfunction and loss of bioecological values of the
natural environments (Abdel-Moneim 2014; Almadini et Hassaballa 2019; Al-Obaid et al. 2017; Chouari,
2021b).
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The aim of this paper is to analyze the land cover evolution in Al-Hubail wetland through a mapping
method using multidata satellite imagery and a Geographic Information System (GIS). Remote sensing is
a powerful tool for studying environmental issues (Al-Hussaini 2005; Almadini and Hassaballa 2019;
Chouari 2021a, b; Maimaitijiang et al. 2015; Petropoulos et al. 2015; Rapinel et al. 2015). Satellite
imagery provides valuable large-scale and multi-temporal data on land cover change. A number of
change detection techniques have been developed to assess LULC changes using satellite data (Alwashe
et al. 1993; Borak et al. 2000; Close 2021; Coppin et al. 2004; Lu et al. 2004; Rokni et al. 2015). Post-
classi�cation comparisons (PCCs) are commonly used (Coppin et al. 2004; Deng et al. 2008; Lu et al.
2004; Wu et al. 2017). Post-classi�cation comparisons examine changes between independently
classi�ed land cover data over time. Three multispectral satellite images acquired at different times
(1985, 2000, and 2021) were used. The results are of great importance for decision making in wetland
management and for predicting likely future development scenarios.

Materials And Methods
A change detection analysis was performed using thematic data derived from maximum likelihood
classi�cation of 1985 and 2000 Landsat imagery and 2021 Sentinel-2 imagery of the Al-Hubail wetland.

Study area and data

To offset water losses from the Al-Ahsa Oasis irrigation and drainage project in eastern Saudi Arabia,
project management developed a strategy based on the use of non-traditional water sources such as
treated wastewater and reuse of agricultural drainage water while reducing groundwater pumping from
wells. Excess agricultural drainage water is discharged into two wetlands: Al-Asfar and Al-Hubail, which
were originally two Sabkhas wetlands. Al-Hubail wetland is connected to the D1 canal of the Saudi
Irrigation Organization (Fig. 1).

The wetland has a variety of natural environments (temporary pools, open ground, sand dunes, etc.), with
ecosystems of great biological and ecological interest, which, thanks to the presence of water, allow the
permanent and temporary settlement of exceptional �ora (macrophytes, algae, riparian vegetation, etc.)
and fauna (Tachybaptus ru�collis, Rallus aquaticus, Himantopus himantopus, Egretta garzetta Circus
aeruginosus, Accipiter nisus etc.). The site is one of the �rst refuges for waterfowl in the Arabian
Peninsula, but also one of their resting and feeding places. It attracts visitors, especially in winter, to enjoy
the natural landscape and observe migratory birds. The birds migrate from cooler regions to areas with
warmer climates, which include the Al-Hubail wetland. However, the water of the wetland is now
contaminated with heavy metals, mainly from agricultural wastewater. The level of heavy metals is
generally higher than the international permissible limits and �uctuates seasonally (Alfarhan 1999; Al-
Taher 1999; Ashraf et al. 2020; Fahmy et al. 2011; Salih 2018); (Fig. 2).

In order to assess the evolution of the Al-Hubail wetland, two Landsat images (MSS from 1985 and ETM+
from 2000) and one Sentinel-2 image (2021) were used for this analysis. All three images were acquired
in the same season to avoid confusion in classi�cation due to phonological changes. Because the area is
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often marshy and �ooded in the wet season and dry in the summer, satellite imagery from the summer
season (July and August) was primarily used to clearly extrapolate the different land covers. All data and
information used in this study can be found in Table 1. The land cover maps resulting from the
classi�cations of the satellite images were then used for the spatio-temporal comparison (Table 1). 
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Table 1
All inputs for the classi�cation of images in 1985, 2000 and 2021 (https://eos.com /

https://www.usgs.gov/).
Images Bands and features Wavelength (µm) and description Resolution

(m)

Landsat 5
(MSS) 1985

band 1 – Visible Green 0.5 - 0.6 60

band 2 - Visible Red 0.6 - 0.7 60

band 3 - NIR 0.7 - 0.8 60

band 4 - NIR 0.8 - 1.1 60

NDVI (Normalized
Difference Vegetation
Index)

(B 4 – B3) / (B4 + B3)

(Near-Infrared – Visible) / (Near-Infrared
+ Visible)

60

NDWI (Normalized
Difference Water Index)

(B4 – B5) / (B4 + B5)

Near-Infrared - Short-wave Infrared) /
(Near-Infrared + Short-wave Infrared

60

Landsat 7
(ETM+)
(2000)

Band 1 – Visible 0.45-0.52 30

Band 2 - Visible 0.52-0.60 30

Band 3 - Visible 0.63-0.69 30

Band 4 - Near-Infrared 0.77-0.90 30

Band 5 - Short-wave
Infrared

1.55-1.75 30

Band 6 - Thermal 10.40-12.50 60 (30)

Band 7 - Mid-Infrared 2.09-2.35 30

Band 8 - Panchromatic 0.52-0.90 15

NDVI (Normalized
Difference Vegetation
Index)

(B 4 – B3) / (B4 + B3)

(Near-Infrared – Visible) / (Near-Infrared
+ Visible)

30

NDWI (Normalized
Difference Water Index)

(B4 – B5) / (B4 + B5)

(Near-Infrared - Short-wave Infrared) /
(Near-Infrared + Short-wave Infrared)

30

Sentinel 2
(2021)

Band 1 - Ultra blue
(Coastal and Aerosol)

0.421-0.457 60

Band 2 - Blue 0.439-0.535 10

Band 3 - Green 0.537-0.582 10
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Images Bands and features Wavelength (µm) and description Resolution
(m)

Band 4 - Red 0.646-0.714 10

Band 5 - Visible and Near
Infrared (VNIR)

0.694-0.714 20

Band 6 - Visible and Near
Infrared (VNIR)

0.731-0.749 20

Band 7 - Visible and Near
Infrared (VNIR)

0.768-0.796 20

Band 8 - Visible and Near
Infrared (VNIR)

0.767-0.808 10

Band 8A - Visible and
Near Infrared (VNIR)

0.848-0.881 20

Band 9 - Short Wave
Infrared (SWIR)

0.931-0.958 60

Band 10 - Short Wave
Infrared (SWIR)

1.338-1.414 60

Band 11 - Short Wave
Infrared (SWIR)

1.539-1.681 20

Band 12 - Short Wave
Infrared (SWIR)

2.072-2.312 20

  NDVI (Normalized
Difference Vegetation
Index)

(B8 - B4) / (B8 + B4)

(NIR - RED) / (NIR + RED)

10

  NDWI (Normalized
Difference Water Index)

(B8 - B12) / (B8 + B12)

(NIR - MIR)/ (NIR + MIR)

 

 

Classi�cation of satellite images

Pre-processing of the selected satellite images (radiometric and geometric corrections) was performed
(Fontinovo et al. 2012; Nguyen 2015; Wang et al. 2012). This included radiometric calibrations to allow
the transition from grayscale to apparent re�ectance, the parameters of which were taken from the
metadata of each image. After geometric correction of these images, the boundary of the study area was
digitized to crop the satellite images and extract the area of interest. Moreover, all the �eld work was
carried out with the help of instruments like Differential Global Positioning System (DGPS), topographic
maps and digital camera. The exact location of each area representing each land cover has to be
determined. These areas are called training areas. They were used to classify the satellite images and
evaluate their accuracy (Table 2).
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Table 2
Data collected during training and testing for all images

  Water bodies Vegetation Hydromorphic areas Open ground

Images’ year Train Test Train Test Train Test Train Test

1985 40 80 45 91 53 88 40 115

2000 52 89 57 110 61 120 49 120

2021 38 68 53 115 72 120 40 92

 

After preprocessing the images and deriving NDVI and NDWI features, the images are classi�ed using
maximum likelihood classi�cation under Gaussian assumption to obtain land cover maps of the study
area (Girard and Girard, 2010). The library of spectral signatures created in the training phase was fed
into the maximum likelihood classi�er to classify the satellite images. Thus, each pixel was classi�ed
according to its probability of belonging to a particular class. Field tests were conducted to evaluate the
accuracy of the classi�cation.

After selecting the channels to be subjected to the classi�cation, training areas were selected by digitizing
polygons of su�ciently large and homogeneous areas. Based on the knowledge of the terrain, the plots
were located on each candidate image for classi�cation. Their outlines were delineated avoiding the edge
pixels to limit the variability within the plots. This was done to distinguish the following land uses on the
satellite images: Water bodies, hydromorphic areas, vegetation, and open ground. The training plots were
evaluated using a contingency matrix representing the confusion between the classes used for
classi�cation. This matrix was used to rede�ne these areas to avoid such confusion as much as
possible.

Evaluation of the detection of changes

Change detection techniques assume that a change in surface coverage results in to a corresponding
change in re�ectance. Recently, many change detection techniques have been developed; the most
commonly used are image differencing, principal component analysis, and post-classi�cation
comparisons (Close 2021; Deng et al. 2008; El-Hattab 2016; Lu et al. 2004; Ojaghi et al. 2017; Rokni et al.
2015; Wu et al. 2017). The detection method of post-classi�cation comparisons (PCCs) is effective in
determining the nature, rate, and location of change. PCC examines changes over time between
independently classi�ed land cover data (Almutairi and Warner 2010; El-Hattab 2016). The use of an
independent classi�cation procedure for each satellite image and low sensitivity to changes in
acquisition conditions and features are some of the features of the PCC detection method.

The post-classi�cation approach is the comparative analysis of classi�cations made independently for
different data (El-Hattab 2015, 2016; Ojaghi et al. 2017). Thus, the method captures the classi�ed satellite
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images using the maximum likelihood classi�cation method. Moreover, the method provides information
about the extent and distribution of the modi�ed area according to each land cover, which is uniformly
distributed among the multitemporal images. The pixel-to-pixel approach is also used to identify
differences between objects or phenomena at different times (Deng 2008; Hussain et al. 2013; Nemmour
and Chibani 2004; Rokni et al. 2015). This approach consists of simultaneous analysis of multispectral
images.

Since the post-classi�cation technique is directly dependent on the classi�cation accuracy of the images,
an assessment of classi�cation accuracy was performed for each of the three images. In this study, a
contingency matrix was used as a validation measure based on selected independent test patterns to
evaluate the classi�cation performance.

In the next step, a Geographic Information System-based overlay technique was applied to obtain the
spatial changes in land cover over two time periods: 1985-2000 and 2000-2021. The result of this
technique is a cross matrix with two entries summarizing the main types of changes in the studied area.
For each of the three four-class maps, a new thematic layer was created with different combinations of
change classes.

Spectral bands and features used for the classi�cation

Due to the presence of water and vegetation in the study area and in order to obtain a very accurate
classi�cation, the Normalized Difference Vegetation Index (NDVI) and the Normalized Difference Water
Index (NDWI) were added outside the spectral band of the satellite imagery according to the following
formulas as input to the classi�cation algorithm (Fig. 3a-c and Fig. 4a-c).

NDVI = XNIR − XSWIR / XNIR + XSWIR

NDWI = XGreen−XNIR / XGreen + XNIR

Figures 3a-c and 4a-c show the NDVI and NDWI derived for each of the satellite images. These extracted
indices in combination with the spectral bands of the satellite images allow the classi�cation of each
image. Table 1 provides information on all spectral bands and indices that contributed to the
classi�cation of the 1985, 2000, and 2021 images.

Results And Discussion
After the creation of the classi�cation maps, a post-classi�cation change detection changes was
performed. The results of this classi�cation were compared with the accuracy of the land cover maps
and topographic maps. In this section, the results of land cover classi�cation and change detection are
presented.

Land cover maps
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Change detection is based on satellite image classi�cation. The process of image classi�cation and
creation of thematic land cover maps consists mainly of three steps: the extraction of training data, the
creation and training of the classi�er model, and �nally the evaluation of the accuracy of the created
maps using the test data. In the �rst and third stages of this process, the number and method of
collecting training and testing data play an important role in the quality of classi�cation and change
detection. For this reason, in this work, the collection of training and testing data was not only done by
�eld surveys, but DGPS and satellite imagery were also used in this step to collect very reliable data.
Table 2 shows the number of training and test data extracted to train the classi�er and evaluate the
accuracy of the maps produced in 1985, 2000 and 2021 (Fig. 5a-c).

The derived land cover maps for 1985, 2000 and 2021 are shown in Figures 5a-c. The extent of
hydromorphic area and vegetation classes can be visually seen on these maps. Table 3 shows the
confusion matrix for the classi�cation maps (Table 3).

Table 3
Average contingency matrix for the three satellite images of 1985, 2000 and 2021 (in %).

Classes Water bodies Hydromorphic areas Vegetation Open ground

Water bodies 92.6 4.8 2.3 2.1

Hydromorphic areas 4.1 88.4 3.2 4.2

Vegetation 2.5 3.9 93.3 2.9

Open ground 0.8 2.9 1.2 90.8

 

Roughly speaking, four land cover classes each have a distinct spectral behavior in all the satellite
images used: Water bodies, vegetation, hydromorphic areas and open ground. Also, the comparison
between the three contingency matrices created for the years 1985, 2000 and 2021 shows a constant
improvement in the separability of the land cover classes. The overall classi�cation accuracy for the
1985, 2000, and 2021 scene classi�cation was 89.3%, 91.4%, and 92.8%, respectively, which was
considered acceptable for accuracy evaluation. Thus, the accuracy of the land cover map of the most
recent date (2021) improved compared to that of an older date (1985). Thus, the average accuracy
resulting from the combination of the four confusion matrices developed for the three land cover maps is
90.2%.

Change detection results

To determine the extent of land cover change in the Al-Hubail wetland, a Geographic Information System
(GIS) was overlaid to detect the changes between 1985 and 2000 in Fig. 6a and between 2000 and 2021
in Fig. 6b. The change maps are shown in Fig. 6a-b and show signi�cant changes in the land cover of the
study area.
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Table 4 shows the area occupied by each land cover class. Analysis of this table shows a signi�cant
increase in hydromorphic areas and vegetated areas over the last four decades. Hydromorphic areas
have increased from 7.91 km2 (2.69%) to 7.62 km2 (2.59%) from 1985 to 2000 and to 20.05 km2 (6.82%)
by 2021.

Table 4
Area coverage of land cover classes for the study area from 1985 to 2021.

Classes 1985 2000 2021

Km2 % Km2 % Km2 %

Water bodies 4.12 1.4 7.85 2.67 3.71 1.26

Hydromorphic areas 7.91 2.69 7.62 2.59 20.05 6.82

Vegetation 1.62 0.55 2.43 1.21 6.82 2.32

Open ground 280.18 95.32 276.03 93.53 263.35 89.59

Total 293.93 100 293.93 100 293.93 100

 

Figure 7 shows the percent change in each land cover between 1985 and 2021. Figure 7 shows different
trends for each land cover. Wetlands comprised about 1.4% of the study area in 1985, and then increased
sharply to over 6.8% in 2021. Despite the ongoing con�ict between water and sand in the area, the area of
wetlands (aquatic and hydromorphic) gradually increases from about 4% in 1985 to 5.2% in 2000 and
then rapidly increases to nearly 12% in 2021. The vegetated area also increases gradually from 0.38–
2.32% between 1985 and 2021. Overall, there is a strong trend of increasing water and vegetated areas
between 1985 and 2021, while at the same time there is a strong decrease in open ground area, which is
related to an increasing input of drainage water into the Al-Hubail depression (Fig. 7).

Tables 5 and 6 show the result of the contingency table. They summarize the main changes land cover
during the periods 1985-2000 and 2000-2021.

Table 5
Details of the change in wetland area between 1985 and 2000 in km2.

Classes 1985

Water bodies Hydromorphic areas Vegetation Open ground

2000 Water bodies 2.53 0.69 0.22 4.41

Hydromorphic areas 0.31 3.84 1.15 2.32

Vegetation 0.35 0.91 0 1.67

Open ground 0.93 2.47 0.25 280.18
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As shown in Table 5, most hydromorphic areas increased in size (about 2.32 km2 and 9.89 km2,
respectively) due to conversion of areas that were previously open ground.

Table 6
Details of change in wetland area between 2000 and 2021 in km2.

Classes 2000

Water bodies Hydromorphic areas Vegetation Open ground

2021 Water bodies 2.48 0.37 0.65 0.21

Hydromorphic areas 3.46 3.91 2.79 9.89

Vegetation 0.82 1.07 0 6.05

Open ground 1.09 2.27 0.11 258.76

 

A huge transformation between vegetation and hydromorphic areas (1.07 km2) also occured between
2000 and 2021. As shown in Table 6, the conversion of approximately 6.05 km2 of open ground resulted
in vegetated area.

Conclusion
The aim of this study was to record and analyze the land cover changes in Al-Hubail wetland in
northeastern Al-Ahsa, eastern Saudi Arabia. The study area has changed dramatically during the last two
decades due to various reasons, such as the discharge of increasing amounts of irrigation water into the
wetland. To achieve this objective, multispectral and temporal satellite images (Landsat 5 MSS, Landsat
7 ETM+ and Sentinel 2) from 1985, 2000 and 2021 were used. After pre-processing the satellite images
and in order to achieve a highly accurate classi�cation, the water and vegetation indices (NDVI and
NDWI) were integrated with the spectral bands of the satellites and used as input for the classi�cation
process. To classify the images and generate land cover maps for different selected years, a supervised
maximum likelihood classi�cation algorithm is used. Based on the obtained land cover maps, post-
classi�cation comparisons (PPCs) change detection methods are used to analyze the land cover between
1985-2000 and 2000-2021. In general, the results showed a remarkable change within the Al-Hubail
wetland and its surroundings between 1985 and 2021. The most signi�cant change was found in the
hydromorphic area class, which increased from 2.32 km2 in 1985 to 9.89 km2 in 2021 at the expense of
the open ground class. This study expresses that remote sensing and GIS are important technologies for
temporal analysis of environmental phenomena that would otherwise not be possible with obsolete
techniques. With these technologies, it is now possible to detect changes more accurately, more quickly,
and at a lower cost.
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Figures

Figure 1

Geographical location of the Al-Hubail wetland (eastern Saudi Arabia).
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Figure 2

The �ow chart of the applied methodology
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Figure 3

a–c NDVI

Figure 4

a–c NDWI

Figure 5
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a–c Maps of land cover

Figure 6

a-b Change detection maps

Figure 7

Evolution of land cover in the Al-Hubail wetland (1985-2021).
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