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Abstract

:

This study analyses the expansion of urban growth and land cover changes in five Saudi Arabian cities (Riyadh, Jeddah, Makkah, Al-Taif and the Eastern Area) using Landsat images for the 1985, 1990, 2000, 2007 and 2014 time periods. The classification was carried out using object-based image analysis (OBIA) to create land cover maps. The classified images were used to predict the land cover changes and urban growth for 2024 and 2034. The simulation model integrated the Markov chain (MC) and Cellular Automata (CA) modelling methods and the simulated maps were compared and validated to the reference maps. The simulation results indicated high accuracy of the MC–CA integrated models. The total agreement between the simulated and the reference maps was >92% for all the simulation years. The results indicated that all five cities showed a massive urban growth between 1985 and 2014 and the predicted results showed that urban expansion is likely to continue going for 2024 and 2034 periods. The transition probabilities of land cover, such as vegetation and water, are most likely to be urban areas, first through conversion to bare soil and then to urban land use. Integrating of time-series satellite images and the MC–CA models provides a better understanding of the past, current and future patterns of land cover changes and urban growth in this region. Simulation of urban growth will help planners to develop sustainable expansion policies that may reduce the future environmental impacts.
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1. Introduction


Urbanization has a significant effect on the ecosystem components and is a key factor in global environmental change [1]. The expansion of urbanization is a response to world population growth and its consequences involve the transformation of natural forms of land cover into urban areas [2]. The world population has rapidly increased from 244 million in 1900 to 7 billion in 2011 and is expected to exceed 9.3 billion by 2050 [3]. Most of the population growth will occur in the urban areas [4] and most of the net increase will be in the cities of developing countries [4]. Human developments in urban areas have resulted in a serious modification of and threat to the landscape’s ecosystem and natural diversity [5,6], and cause changes in the ecological and environmental components [7]. Measuring past spatiotemporal dynamics of urban cover and predicting patterns of future change can provide much needed information for planners and resource managers to enable sustainable development that takes into account the management of natural resources and environmental conservation.



Remote sensing data and methods provide the essential information regarding identifying, mapping, assessing, monitoring and modelling the spatial, temporal and thematic scales of various land cover features [8,9], including urban growth [10,11]. The spatial time-series data provided by Remote Sensing (RS) systems serve as an excellent source to analyse and quantify the changes over time in different urban cover and other land cover types. The repetitive coverage, cost effectiveness and accessibility of RS data offer great potential in terms of identifying and modelling long-term urban changes [12,13,14]. A number of studies have utilized bi-temporal RS data to detect the spatial patterns and overall rate of urban cover change for selected periods of time. For instance, Rahman [15] detected urban land use in eastern coastal city of Al-Khobar, Saudi Arabia between 1990 and 2013 using maximum likelihood classification (MLC) and ISODATA methods to classify Landsat TM, ETM+ and OLI data. Similarly, Pellikka and Alshaikh [16] utilized Landsat TM and ETM+ to map LULC changes and built-up area in Al-Baha southwestern Saudi Arabia between 1984 and 2014 using MLC method. While considerable efforts were made to provide accurate information related to the rate and patterns of urban growth, understanding and quantifying the transition patterns are essential in order to determine the direction and magnitude of urban growth predicted to occur in the future. Given the availability of RS data and the capabilities of different land cover modelling techniques, accurate extraction of past urban cover information allows us to model the change trajectories of urban cover and other land cover types.



Modelling land cover changes requires accurate extraction of both historical and current land-use and land-cover (LULC) information [17], which allow models to evaluate past scenarios and predict future changes. A wide variety of remote sensing methods have been developed and used to extract LULC change information from satellite data. Pixel-based image analysis methods are the most widely used to derive LULC maps [18,19,20]. Recently, object-based image analysis (OBIA) has gained an acceptance among different RS applications and has received a great attention in image classification [21,22,23]. The OBIA method has advantages of including contextual information into the classification process, which can effectively reduce the “salt and pepper” effect and improve the classification accuracy compared to pixel-based classification methods [21,23,24,25].



OBIA technique has been successfully implemented on Landsat images and provided accurate classification for LULC changes in the previous studies. For example, Taubenböck, et al. [26] utilized OBIA technique to monitor urban expansion in 28 mega cities throughout the world using Landsat images. Yu, et al. [23] used OBIA technique and Landsat TM data to classify LULC changes in Beijing, China. Platt, et al. [27] concluded that OBIA classification yielded high average class accuracies compared to traditional pixel-based approaches. For this propose, OBIA and updated classification approaches are utilized to accurately classify LULC changes which are then used as input for the simulation model.



Urban expansion is a dynamic and complex process that involves a number of social, environmental, institutional and economic processes [28] and, therefore, modelling urban dynamics with these driving factors is a challenging task [29]. The role of these factors is defined and then included in the transition rules for the modelling of urban development [30]. In the past, a wide variety of approaches and methods have been applied to model the dynamics of urban cover change and its driving factors [31,32,33,34,35,36,37,38]. Integrating the Markov chain (MC) and cellular automata (CA) techniques has been found to be a suitable approach through which to simulate the spatiotemporal changes in urban cover [2,39,40,41].



The basic assumption of MC model is that the LULC changes are stochastic processes in which different categories of LULC are states of a chain [42,43]. The definition of chain is as a stochastic process, where the value of the process at time t, Xt, only depends on its value at time t − 1, Xt−1 and is not dependent on the sequence of values Xt−2, Xt−3,…X0, which the process passed through before arriving at Xt−1. The expression of chain can be as:


     P {  X t    =    A j   |   X 0  =  A 0  ,  X 1  =  A 1  , … ,  X  t - 1   =  A i  }      = P {  X t  =    A j   |   X  t - 1   =  A i  }     



(1)







The    P {  X t  =    A j   |   X  t − 1   =  A j  }    is known as the one-step transitional probability, which gives the probability the process that makes the transition from state Ai to Aj in one time period. The    P {  X t  =    A j   |   X  t − 1   =  A j  }    is called the m-steps transition probability,     P  i j  m     when m-steps are required to implement this transition [42]. The MC is said to be homogeneous if the     P  i j  m     is independent of time and dependent only upon states Ai, Aj and m. The use of MC treatment in this study will be limited to the first order homogenous and in this case:


   P {  X t  =    A j   |   X  t − 1   =  A i  } =  P  i j     



(2)




where Pij can be estimated from observed data by tabulating the number of times the observed data went from state i to j and summing the number of times that state Ai occurred.



There are three issues arising where the observed changes violate the assumption of a first order Markov model. Non-stationarity, spatial dependencies and historical matters limit the success of the first order MC due to dynamics of LULC change (more information can be found in [43]). The non-stationarity can be solved by limiting the time span of the historical LULC changes to be short between t − 1 and t − 2 [42]. The use of MC model and CA can resolve the spatial dependencies by combining the concept of MC, CA, Multi-Criteria Evaluation (MCE) and Multi-Objective Land Allocation (MOLA) [35,43,44]. The CA model, hence, controls the spatial patterns of LULC classes through the local rules that are determined by either the neighbourhood configuration or by the transition potential maps [2,45,46]. Thus, integration of MC–CA models gives the opportunity to use the power of both methods to model the dynamics of urban growth. Although the simulation of urban cover using the MC–CA integrated model has been improved in previous research [2,39,41], only a few studies have conducted a comparative study of the urban expansion patterns for different landscapes.



In this research, an integration of time-series satellite images and MC–CA models has been conducted to identify and analyse the patterns of urban expansion in the fast-growing cities of Saudi Arabia. The main aim of this study is to assess the amount and pattern of urban growth in the present and in the past, using RS data between 1985 and 2014 in five Saudi Arabian cities (Riyadh, Jeddah, Makkah, Al-Taif and the Eastern Area). The pattern of LULC in time-series is then used to predict urban growth change scenarios. The objectives of this research are: (1) Urban LULC classification of different change years (1985, 1990, 2000, 2007 and 2014) using OBIA technique for the selected cities; (2) analysis and comparison of the spatiotemporal patterns of LULC changes in relation to urban expansion; (3) determination of transition probabilities of other LULC classes changing to urban area and simulating of changes using MC-CA integrated modelling approach; and (4) based on time-series simulation accuracy, determining future urban expansions for two simulated years 2024 and 2034. The results from this study will provide an overview of past and present urban pattern trends that will help planners and decision makers assess the change pattern in the past and will allow them to prepare and manage the expected future expansion of urbanization to attain sustainability in these cities.




2. Study Areas


The study areas include five cities of Saudi Arabia: Riyadh, Jeddah, Makkah, Al-Taif and Eastern Area (Figure 1). These cities are considered to be the most urbanized and populated in the country [38]. Riyadh is the capital and largest city, situated in the central part of Saudi Arabia on the large Najd plateau. Al-Kharj city, which is 77 km south-east of Riyadh, is included in the study area. Jeddah is the largest sea port on the Red Sea coast, a major urban centre of western Saudi Arabia and an important commercial hub nationally. It is also the largest city in the western part and the second largest in the country. Makkah is the holy place of the Muslim community and is located in the central part of the region, approximately 70 km inland from Jeddah. Al-Taif, considered to be the most important tourist city of Saudi Arabia [47], is the fourth study area in our analysis and is located in the south-east of Makkah. Eastern Area is located in eastern Saudi Arabia on the Arabian Gulf and is home to most of Saudi Arabia’s oil production. Eastern Area includes 11 towns spread across the region. Only the most populated six towns, which are Dammam, Dhahran, Al-Khobar, Al-Qatif, RasTanura and Al-Jubail, are considered for Eastern Area. Dammam city is in the central part and is the administrative city of the Eastern Area. Table 1 lists the population of 2015 (Central Department Statistics & Information) and the importance of each city.



Most Saudi Arabian cities have faced massive urban growth recently due to an increase in national economics [47,48], which have been used to support the public and private sectors to increase development across the country. The government policy with the natural demographic growth has led to massive changes and increased complexity in the structure of the cities as well as unsystematic development in the last three decades. Migration from the rural to urban centres, for job opportunities, has led to a significant increase in population in these cities. For example, the populations in large cities, such as Riyadh and Jeddah, have increased by 4.6 and 3.0 million respectively between 1985 and 2014 (Central Department Statistics & Information 2015). With such rapid population growth, local authorities and planners face a significant challenge to meet the infrastructure demand and to understand the urban growth process and associated consequences [49]. Therefore, it is important to understand the past and present spatial dimensions for management and for preparing for the future expansion in these cities. Understanding the urban growth process and its patterns is essential to secure sustainable development for future urban growth and to avoid unwanted and negative environmental and ecological consequences.




3. Data and Methods


3.1. Data and Pre-Processing


A total of 30 Landsat thematic mapper (TM), enhanced thematic mapper plus (ETM+) and operational land imager (OLI) images were collected from the United States Geological Survey (USGS) Global Visualization (GloVis) site for the five cities. The acquisition data ranged between spring and summer from March to November, except for the 1985 images for Riyadh, (path 165 and 166 and row 43), which were collected during winter (January) (Table 2). All of the images were georeferenced as level 1 products; however, the TM images (path 164 and row 42 and path 165 and row 43) of the Eastern Area and Riyadh, respectively, were not correctly georeferenced. An automatic image-to-image registration was applied using Landsat OLI images of a similar path and row as base images and Landsat TM images were employed as wrap images. Mosaic processing was applied to merge two path and row images for Riyadh and the Eastern Area. Finally, image subsets were extracted for the five cities, including all of the urban boundaries across the five cities. The entire image processing tasks were carried out using ENVI 5.1 software.




3.2. Image Segmentation and Classification


OBIA was used to create LULC classifications for years 1985, 1990, 2000, 2007 and 2014. The OBIA process consisted of image segmentation and classification, which was carried out using eCognition Developer 8.9 software [50]. The segmentation and classification procedures were applied first on the 1985 Landsat image which was then used as a reference image to classify the next period (1990). The multi-resolution segmentation algorithm was applied to create objects that delineated LULC classes. Two levels for the segmentation and classification processes were created based on land cover patches. The level-1 was created for relatively small land cover patches, such as vegetation cover for all five cities and also for water in Riyadh, Makkah and Al-Taif. The scale parameter setting was 5 for this level. The level-2 was created for the large land cover patches, such as urban area and bare soil in all five cities and also water for coastal cities (Jeddah and Eastern Area). The scale parameter was set at 10 for this level. The other two parameters, colour and shape, were adjusted to 0.9 and 0.1 respectively, as suggested by previous studies for better segmentation results [23,51,52].



The classification of segmentation objects was started with the 1985 image based on the defined rules and threshold values. The classification was divided into four land cover categories, water (W), vegetation cover (VC), bare soil (BS) and urban area (UA), in the class hierarchy (Table 3). The feature sets used to create land cover classes were based on the spectral patterns of Landsat TM bands, Normalized Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI) and brightness (the mean of 6 TM bands). Following the previous studies [23,26,53,54], the threshold values of the feature sets were defined. The classification map of 1985 was then used as a thematic layer (reference) for the classification of 1990 image. For each land cover class, the objects with no changes (NC) from 1985 to 1990 were classified as “NC” followed by the class name (e.g., NC–W, NC–VC, etc.). Objects with changes were classified according to the new state of 1990. For example, objects classified as W in 1985 and changed to BS, were then assigned as W–to–BS. At the end of these processes, 13 subclasses were created. Three subclasses were assigned to each class of W, VC and BS and four subclasses were assigned to UA class. Finally, the subclasses were merged and classified into the assigned class, which produced the final 1990 classification. Following similar processes of the 1990 classification analysis, the 2000, 2007 and 2014 images were classified and produced for all five cities.




3.3. Accuracy Assessment


To attain the desired classification accuracy, first a 2016 SPOT 7 image of 1.5 m spatial resolution was used to generate stratified random sampling for each LULC class. The samples were then used for the 2014 image classification and accuracy evaluation, assuming that not much change occurred in the two years’ time. Care was taken to take a large number of samples and also note possible dynamic land cover types, such as vegetation cover, that could have changed between images of 2016 and 2014 and only unchanged samples were used. At the end, 822 samples for Riyadh and other large cities (Jeddah and Eastern Area) and 531 samples for the other two cities were finalized for accuracy evaluation for the year 2014. However, in the absence of reference data of past years, these samples could not be used directly for other change years (2007, 2000, 1990, and 1985) accuracy evaluation because of larger year gaps between the change years. To use these samples as dependent samples, Foody [55,56] suggested a process called signature extension, which allows to use samples for unchanged areas for such purposes. The method was found effective and has been used in several studies (e.g., [57,58]).



For this study, additional processing was undertaken to include sample sites that had not changed during these periods. The NDVI of each year was computed and a difference image was generated by subtracting each year NDVI from 2014 NDVI (e.g., NDVI 2014–NDVI 2007 and so on). The NDVI image was used for this purpose as it reflects both vegetation and non-vegetation areas. On the change image, a threshold of ±1 standard deviation was used to separate change/no-change areas as unchanged pixels were usually clustered about the mean of the difference histogram distribution, while changed pixels were found within the tails. The 2014 samples were overlaid on this change/no-change image, and only samples falling in unchanged area were used for accuracy evaluation. The process was repeated for other change images and signature refinement was done accordingly. The process allowed us to evaluate time-series classification results in the absence of historical reference data. Thus, the sample points for other periods were adjusted to 782, 751, 702 and 679 for large cities and 498, 443, 414 and 382 for the other two cities (Makkah and Al-Taif) for the 2007, 2000, 1990 and 1985 images, respectively. The classifications were compared with respect to the reference points and the error matrix was computed to calculate the overall accuracies and the Kappa statistics for time change periods.




3.4. LULC Change Modelling


3.4.1. MC Model


The classified images of 1985, 1990, 2000, 2007 and 2014 were used to model the LULC changes using the MC method (Figure 2). The MC technique computes the transition matrix for each land cover feature between two time periods. The MC method is a stochastic process [42,43,59] that identifies the probability of the transition of a LULC class from one state to another (e.g., the transition probability of the conversion from bare soil to urban area and so on) within a given time [40]. The outputs of the MC model contain two transition matrices and a set of conditional probability images [60]. The two types of transition matrices are the transition probability matrix and transition area matrix. The transition probability matrix represents the probability of a LULC class changing to another class. The transition area matrix represents the number of pixels that are likely to change from one class to another class over the selected time period [60]. In this study, the transition probabilities were calculated for four change periods (Figure 2). To avoid non-stationarity in the land-cover data, the time span between observation dates is reasonably short [42]. The time intervals used for calibration were 5, 10, 7 and 7 years for the 1985 to 1990, 1990 to 2000, 2000 to 2007 and 2007 to 2014 spans, respectively.




3.4.2. Integrating MC and CA Models


The MC model is not able to provide spatial characteristics to change probabilities [28,43]. Thus, the CA and the MC models were integrated to control the spatial dynamics of LULC changes. The CA model mainly depends on the current state of a cell, its neighbourhood cells and the transition rules that are applied through time and space to predict the state of that cell and its neighbourhood cells in the future. In this study, the transition area matrices and LULC base maps along with the transition suitability maps of each land cover class were used to model the LULC changes using the MC–CA integrated model. The transition area matrix for the period 1985–1990 with 1990 as the base land cover map and the 1990 transition suitability maps were used to predict LULC changes for the year 2000 (Figure 2). Similarly, for the 2007 prediction, the transition area matrix for the period of 1990–2000 and 2000 LULC map as the base along with the transition suitability maps of the 2000 LULC maps were used. The process was repeated for other change years 2014, 2024 and 2034 predictions for each city. The number of iterations selected was based on the number of time steps (years gap) that were used to predict the LULC changes. By using the MOLA procedure, the transition areas were divided by the number of iterations. The results of each MOLA operation were overlaid to produce the prediction for the new LULC maps at the end of each iteration [60]. The CA filter for the suitability of each pixel for the LULC classes was weighted using a contiguity filter type. The standard filter of 5 × 5 pixels was used to define the neighbourhood rules.




3.4.3. Transition Suitability Maps


The transition suitability maps of each LULC class were generated using five variables or factors. These factors were elevation, slope, distance from drainage, distance from roads and distance from urban cover. The elevation, slope and drainage were calculated using a 30 m digital elevation model (DEM) for each city [61], with an accuracy of ±20 m [62]. The distances from roads and from drainage were calculated using the Euclidean distance algorithm. Road layers were delineated using heads-up digitizing from the time-series Landsat images for each year from 1985 to 2014. The distance to urban cover was generated by extracting the urban class from the LULC images and running the Euclidean distance algorithm on the output. Figure 3 shows an example of factors that were used to create the suitability maps in Jeddah.



A fuzzy set function was used to evaluate the possibility of the suitable locations (pixels) of the five factors having an effect on the LULC classes. For each factor, visual analysis was carried out to examine its effect by overlaying the urban cover and each factor individually and when satisfied, the values of each factor were adjusted based on the current state of urban growth. For example, the effect of elevation was evaluated by overlaying the urban cover of 2014 and the elevation data. When urban growth was not detected at the higher elevation values, this area and higher values were termed as unsuitable for urban growth. The lower elevation values were selected as suitable locations for possible growth. The suitable values were then standardized as a continuous scale of suitability ranging from 0 to 255 where 0 represents the least suitable and 255 the most suitable. Different membership function types were used for the standardization of the factors. A sigmoidal function was used for both elevation and slope, a J-shaped function was applied for the distance from roads and the distance from drainage, and a linear distance function was applied for the distance from urban cover using a monotonically decreasing membership function shape. These factors were then weighted using the analytical hierarchy process (AHP) weight derivation based on their importance to urban growth. The importance of each factor was evaluated using a logistic regression model. The results of the logistic regression showed that the distance from roads and the distance from urban cover were the most important factors in terms of development, while the distance to drainage was the least important factor among the others. Thus, the weighted values of each factor were adjusted accordingly.



The MCE procedure was applied to the selected factors. MCE aggregates several criteria (factors) to specify the suitable locations (pixels) of each land cover type [63]. By using the weighted linear combination (WLC), the five criteria (elevation, slope, distance from roads, distance from drainage and distance from urban cover) were tested to create the suitability map for the urban class. The suitability maps of other land cover classes (vegetation, water and bare soil) were determined using only three criteria including the actual urban cover, distance from roads and the current distribution of these land cover classes.




3.4.4. Model Validation


The validation of the model was tested using both qualitative and quantitative methods. The qualitative approach involved a visual comparison between the simulated maps and the reference maps. The second method involved using the quantity and allocation disagreement method between the simulated maps and the reference maps [64,65,66]. The model was validated using the VALIDATE module in the TerrSet 18.11 software. The module compared the simulated map and the reference map by computing five elements that represent the basis for the agreement components (N(n), N(m) and M(m)) and the disagreement components (P(m) and P(p)) between the simulated and reference maps. In this study, five agreement and disagreement components were calculated and they are presented in the results section. These components include: (1) disagreement due to quantity = P(p) − P(m); (2) disagreement due to location = P(m) − K(m); (3) agreement due to location = MAX [M(m) − H(m), (0); (4) agreement due to quantity = If MIN [N(n), N(m), H(m), M(m)] = N(n), then MIN [N(m) − N(n), H(m) − N(n), M(m) − N(n)], else 0; and (5) agreement due to chance = MIN [N(n), N(m), M(m)]. The descriptions of each notation can be found in [67]. The validation process was applied to test the performance of the MC–CA integrated model for each projected time in order to obtain accurate LULC predictions for each change year and also for the future prediction years of 2024 and 2034. The simulated maps of 2000, 2007 and 2014 were compared to the reference (classified) maps of 2000, 2007 and 2014, respectively, in all five cities.






4. Results


4.1. Accuracy Assessment of LULC Classifications


The accuracy assessment results of image classifications indicate high overall accuracies for all five cities. Table 4 shows the overall accuracies and Kappa statistics of the classification images of the 1985, 1990, 2000, 2007, and 2014 years. The lowest accuracy was associated with Al-Taif classified image of 2014 (~82%), while the highest overall accuracy was for Eastern Area for the 1985 year. Overall, the range of accuracies between 96% and 82% indicated sufficiently robust results to model LULC changes using historical data. Note that the accuracies of recent years were less for a few cities (Makkah, Al-Taif and Eastern Area) as compared to previous years, which is not expected considering ground truth information collected for the later years. However, this may be due to more intermixing issue in the later years. The increase of the development in these cities may allow for more intermixing of urban class with other classes such as vegetation cover and bare soil. When urban areas were compact and centred in the previous years (1985 and 1990), the difference between urban area and other land cover classes was easily distinguished in the classification process. However, urban area in these cities has expanded, and new developments have been noticed in recent years, which has led to more intermixing with other land cover classes (e.g., bare soil). This is not the case in Riyadh and Jeddah, for example, where the expansion of urban areas for later years was compact and the development continued from the previous years.




4.2. LULC Changes (1985 to 2014)


The LULC classification maps for the years 1985, 1990, 2000, 2007 and 2014 produced from Landsat images are displayed in Figure 4 from A to C for Riyadh, Jeddah and Makkah, respectively as examples. The other two cities (Al-Taif and Eastern Area) showed similar expansions. It is clear that LULC of the respective cities have changed considerably between 1985 and 2014. The most remarkable changes found were in urban areas. The time-series maps of Riyadh city (Figure 4A) show that urban area experienced a gradual expansion from the urban core to the periphery of the city. In Jeddah (Figure 4B), the situation is different, as the shape of the city expansion looks to be determined by the coastline, as most of the expansions occurred along the coasts. Urban growth is seen to be distributed north and east, than the south. Makkah (Figure 4C) has experienced rapid development from the centre of the city towards the southern and eastern sectors. The vegetation cover (croplands) in the southeast of Riyadh in 1985 was of significant intensity, while they decreased over the years between 1985 and 2014. The distributions of the vegetation cover varied in other cities during the change period.




4.3. Transition Matrices


The results of the transition probability matrices for the LULC (water, W; vegetation cover, VC; bare soil, BS; urban area, UA) change processes obtained from the MC model are listed in Table 5. For Riyadh, the higher transition for the 2000 projections (1985–1990) was from VC to BS (0.93), which continued to increase between other change periods (2000–2007 and 2007–2014). Based on this pattern of change, the probability of VC transitioning to BS is likely to reach 0.62 in 2024 (2007–2014). The second important transition was from W to BS. The probability of W transitioning to BS was 0.66 in the 2000 projection and is expected to remain approximately the same in the 2024 projection. The W, VC and BS were likely to convert to UA. However, the highest transition probability for UA is likely to come from W in the 2024 and 2034 projections (0.14). Jeddah is also experiencing in a relatively similar situation, where highest transition probability is from VC to BS. Here, the VC conversion to UA was 0.40, which has come down between (1990–2000) and (2000–2007) by 0.15 and 0.14. This pattern is likely to continue, with a conversion probability of 0.30 for the 2024 and 2034 projections. Similarly, the transition of VC to BS was higher in Makkah. The transition from VC to BS in Al-Taif and the Eastern Area was similar to that in other cities. The VC was likely to convert to BS with a probability of 0.68, 0.23 and 0.49 in Al-Taif and 0.30, 0.27 and 0.29 in the Eastern Area in the 2000, 2007 and 2014 projections respectively. The transition from VC to UA was greater in the Eastern Area than in Al-Taif. W is likely to be converted to UA with a probability of 0.68 in 2024 and 2034 in Al-Taif, while water had a 0.99 chance of being in the same class in the Eastern Area for all of the projection periods. The transition of the UA remained the same (1.00) in all five cities. The transition from W to other land cover classes is reasonable because water surfaces, except seas, in most of Saudi Arabian cities are not permanent and fed by rain, which is very little in these arid cities, and are likely to be used for urban or other developments.




4.4. Model Validation


4.4.1. Agreement and Disagreement Components


Figure 5 shows the agreement and disagreement components between the simulated maps and corresponding reference maps for each transition matrix of each city. The validation was interpreted using disagreement location and quantity. The main disagreements due to quantity between the simulated and the reference maps were at 4.5% and 4.6% for the cities like Makkah (Figure 5C) and Al-Taif (Figure 5D), respectively. The disagreement due to quantity in the other transition matrices was relatively low (≤2%). The disagreements due to location were lower for all transition matrices. In Al-Taif, the disagreement due to location between the simulated map and reference map was the highest for 2000 (1985–1990) and 2007 (1990–2000) projections, at 3.85% and 3.83%, respectively. For the other cities, the average location disagreements between the simulated maps and reference maps were less than 3%.




4.4.2. Spatial Comparison between the Actual LULC Classification and the Simulation Map


The second validation was carried out by visual comparison of the reference map and the simulated map. Figure 6A–C show spatial comparisons of the reference maps (a); and the simulated maps (b) for 2014 in three cities (Riyadh, Jeddah and Makkah, respectively). As shown in the figures, the model predictions were found very close to the actual maps as the distribution patterns of land cover features were found very close to each other. The small differences may be due to new developments.





4.5. Simulating the 2024 and 2034 Land-Cover Changes


Figure 7A–C show the future land cover changes for the years 2024 and 2034 for Riyadh, Jeddah and Makkah, respectively. The LULC map of 2014 was used to simulate the LULC maps for 2024, which was in turn used to simulate the 2034 LULC maps. As indicated in the figures, the urban growth will continue in the same patterns mostly when the expansions would be located closer to the existing areas of urban growth.




4.6. Urban LULC Quantification


Table 6 shows the absolute area for urban cover (in ha) for 1985–2014 and the expected transition areas in 2024 and 2034 for all five cities. The increase in urban cover appeared significant in all five cities. For Riyadh, the UA was ~150 K ha in 2014 and will likely cover ~183 K ha in 2024 (an increase of 33 K ha between 2014 and 2024). The growth will likely increase by ~32 K ha by 2034. For Jeddah, the expansion of urban cover between 2014 and 2024 will likely increase by ~26 K ha and by ~23 K ha between 2024 and 2034. Similarly, Makkah, Al-Taif and Eastern Area will likely to face a considerable growth by the 2024 and 2034 predictions.





5. Discussion


Modelling LULC changes and urban growth is crucial for environmental and ecological management and for enabling a better understanding of future land use changes. Most Saudi Arabian cities have faced massive urban growth in the past. The five cities included in this research showed a highly urbanized growth rate between 1985 and 2014. This massive growth has resulted in complex structures and huge increases in the transportation networks across all five cities, leading to environmental changes and major modifications to the natural landscape [15]. The rapid urbanization in Saudi Arabian cities has also led to an increase in natural hazards, such as increasing desertification and land degradation, water scarcity and habitat/species loss [68]. More recently, flash flooding hazards have become a serious issue and have caused human death and damages to urban infrastructure in most of Saudi Arabian cities [69,70]. Past land cover patterns and the direction of future changes suggest that urban growth will increase in the same areas, which may add more pressure to the sensitive environments in the five cities in Saudi Arabia.



The transition matrix results showed a variation in the conversion from different land cover classes (W, VC and BS) to UA with BS being the most highly converted type of land. This is because BS is the most dominant land type in all the five cities. Although there has been a considerable transition (in terms of area) from VC into UA in almost all of the cities, the conversion of land from VC to BS was higher than the conversion to urbanization. For instance, the transition probability for VC to BS was 93% for the 2000 projection (1985–1990), while the percentage for the transition probability value in terms of UA was only 1%. Similarly, VC is likely to be converted to BS (62%) and to UA (6%) for the 2024 projection (2007–2014). For a desert environment, this is reasonable, as the variations in vegetation abundance is due to erratic rainfall and rising temperatures in these cities. A similar condition applies to W in Riyadh, Makkah and Al-Taif, which showed considerable transition into other land cover uses, except for the sea areas in Jeddah and the Eastern Area.



The results indicate that urban cover was the most developed type of land use among the other land cover features between 1985 and 2014. Similarly in other parts of the world, Dewan and Yamaguchi [71] found that built-up area in Dhaka, Bangladesh was the most expandable land cover type between 1975 and 2003. In Saudi Arabia, Pellikka and Alshaikh [16] showed that urban build-up area was the major changed land cover among other LULC areas between 1984 and 2014 in Al-Baha, Saudi Arabia. The major issue in most of Saudi Arabian cities is that the new development areas are developed wherever vacant lands are available and less expensive. This is due to limitation to apply a master plan that keeps the development within the urban boundaries. As this action may create problems for researchers and planners and lead the growth to be faster than the simulated results using historical data, the simulation results presented in this study should provide the essential information of the future development and provide an overview for the future scenarios in the selected cities.



The analysis of urban growth showed variations from 1985 to 2014. For the capital city of Riyadh, high growth took place from 2000 to 2007, which then decreased from 2007 to 2014. In contrast, the growth in Jeddah was relatively similar for all change periods, while the highest increase was observed between 2007 and 2014. Makkah, Al-Taif and Eastern Area also showed massive growth between 2007 and 2014 periods (Figure 8). Figure 8 shows the size of urban growth in percentage for each period between 1985 and 2014. The massive urban growth, potentially in the later years, can be attributed to the increase in the oil price between 2005 and 2014 that allowed increases in the national budget of the country, which was then used for development across the country. The development during this period was directed more towards other cities than the developed cities such as Riyadh. As Figure 8 indicates, 50% of the development of the Eastern Area from 1985 to 2014 was between 2007 and 2014. Just as urban planning has a significant role in past development, it will also contribute to future development. The government now intends to rely on the investment, tourism and industrial sectors by 2020 and into 2030, instead of on oil revenues [72]. Such changes will expand the size of the cities and allow for more development in the near future. The predictions for 2024 and 2034 show an increase in urban growth in all five cities, when most of future development will tend to be close to existing urban areas due to economic benefits [40,73]. With such developments, the local authorities and related sectors will need to join together to provide sustainable development for future urban growth.



The classification of LULC maps was conducted using OBIA technique in this study. The overall accuracies ranged from 82% to 96% in all five cities, which indicates highly robust results to model LULC changes. However, previous studies in Saudi Arabia showed an improvement of the classification accuracy using pixel-based approaches. For example, Rahman [15] used MLC and ISODATA methods to classify urban build-up changes in Al-Khobar, Saudi Arabia and concluded that ISODATA method provided overall accuracy greater than 85%. Similarly, Pellikka and Alshaikh [16] detected LULC changes in Al-Baha, Saudi Arabia using MLC and achieved overall accuracies between 81% and 96%. Thus, compared to these results, both OBIA and traditional pixel-based approaches performed well. This may be due to the medium spatial resolution (e.g., Landsat), where both pixels and objects are nearly similar in scale, which provided approximately similar results.



The methodology used in this research provided an opportunity to integrate time-series LULC classifications into MC–CA models. However, the assumptions of MC model that the amount of change observed during the calibration period will remain the same during the entire projection periods is not always true [28] because there are other factors that influence the LULC changes and hence impact on the model outcomes. This difficulty is overcome to some extent through the use of CA model that allows us to incorporate other spatial variables to address the neighbourhood effect in the change process. The use of time-series classifications of different change periods has advantage in step-wise model prediction accuracy assessment in terms of urban expansion in the five cities. The MC model used the time-series data to quantify the transition amount and patterns of urban growth, which allowed us to predict urban expansion for the next change period. For example, the 1985 and 1990 LULC classifications were used to predict urban expansion for the year 2000. The simulated change for the year 2000 (predicted) was then compared with the year 2000 classification (reference) to assess the modelling accuracy. The processes were repeated for all the change years. These step-wise evaluations and validation of model outputs in a time series manner allowed achieving higher accuracy in prediction modelling and provided confidence in obtaining nearly accurate future simulations for the years 2024 and 2034. However, there is further scope to improve the model outputs through the inclusion of more variables such as socio-economic and environmental factors as they also contribute significantly towards changes. A subsequent study is planned to include these variables for more accurate predictions.




6. Conclusions


Saudi Arabian cities have faced massive urban growth during the last four decades. Government planning has contributed directly to this expansion and it will continue to support future development. Urban growth is recognized as a key factor that is altering the natural ecosystem and modifying the landscape of the Earth’s surface. Measuring past and present urban growth and modelling future urban growth is essential for understanding its patterns and enabling sustainable development. This study firstly used Landsat TM, ETM+ and OLI satellite images to analyse urban expansion between 1985 and 2014 in five Saudi Arabian cities: Riyadh, Jeddah, Makkah, Al-Taif and the Eastern Area. It then predicted the potential growth in the selected cities for 2024 and 2034 using the MC–CA integrated model based on past land cover classifications. The simulation results showed that urban growth is likely to increase in all five cities during the next 20 years in a similar manner to past growth. The cities are likely to expand near the current growth areas, which may result in complex structures and patterns of urban growth in these cities. Most of the other land cover classes have been converted in the past to urban land use and are likely to convert in a similar way in the future. However, bare soil is the most likely land cover class for conversion into urban areas.



While Remote Sensing data can be effectively used to model dynamic land-cover changes and provide the required information to sufficiently predict future changes, accurate classification of time-series satellite imagery is essential for modelling LULC changes. The simulation of future scenarios is highly dependent on accurate information of historical LULC changes. The error in the LULC classification that is used as a modelling input is a major source for uncertainty in the model’s projections [43,74,75]. In this study, the overall accuracies of LULC change maps were sufficiently high to provide precise simulations for future changes. OBIA and the updating classification approach helped in providing accurate information and reduce the amount of classification time for past land cover changes, especially for large study areas. The future predictions assessed by comparing the simulated and reference maps provided confidence in the model results.



The use of spatial factors such as elevation, slope, distance from drainage, distance from roads and distance from urban determined the neighbourhood suitability for urban growth, which further strengthened the model prediction. However, incorporation of other variables, such as socio-economic and environmental factors, can improve the model predictions for a more detailed interpretation of the future patterns of urban LULC changes. Nevertheless, the prediction results for the future changes produced in this research provide essential information to support the decision-making processes for the planners and local authorities to ensure environmental sustainability and protection of the natural resources of the five cities.
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Figure 1. Geographical locations with the estimation of population of 2015 (in millions) of the selected study sites in Saudi Arabia. 
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Figure 2. Flowchart of the research methodology. 
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Figure 3. An example of factors used to create the suitability maps in Jeddah. The continuous suitability scale ranges from 255 (most suitable) to 0 (least suitable). 
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Figure 4. Spatial distribution of LULC changes between 1985 and 2014 in three cities: (A) Riyadh; (B) Jeddah; (C) Makkah. 
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Figure 5. Validation of the MC–CA integrated model for allocation and quantity agreement for (A) Riyadh; (B) Jeddah; (C) Makkah; (D) Al-Taif; and (E) the Eastern Area simulations. 
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Figure 6. A comparison between the reference LULC change map (a) and the simulation map of LULC changes (b) in 2014 for (A) Riyadh; (B) Jeddah; (C) Makkah. 
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Figure 7. A prediction of the future land cover changes in (a) 2024 and (b) 2034 for (A) Riyadh; (B) Jeddah; (C) Makkah. 
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Figure 8. The differences in urban growth in percentage between the observation dates. 






Figure 8. The differences in urban growth in percentage between the observation dates.



[image: Remotesensing 08 00838 g008]







[image: Table] 





Table 1. The 2015 population and importance of the five cities.
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City

	
Population (M)

	
Importance






	
Riyadh

	
6.7

	
Capital city




	
Jeddah

	
4

	
Commercial hub nationally




	
Makkah

	
2

	
Pilgrimage and holy places




	
Al-Taif

	
1.1

	
Tourism sector




	
Eastern Area

	
2.8

	
Oil production industry
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Table 2. Information of Landsat data used to classify land cover changes.
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City

	
Sensor

	
Path/Row

	
Date






	
Eastern Area

	
TM

	
164/41-42

	
(15 June 1985), (31 July 1990)




	
ETM+

	
(6 July 2000), (6 July 2007)




	
OLI

	
(2 August 2014)




	
Riyadh

	
TM

	
165-166/43

	
(13–20 January 1985), (14–15 August 1990), (18–25 August 2000)




	
ETM+

	
(29–20 July 2007)




	
OLI

	
(9–16 August 2014)




	
Makkah & Al-Taif

	
TM

	
169/45

	
(30 March 1985), (27 August 1990)




	
ETM+

	
(6 August 2000), (5 August 2007)




	
OLI

	
(5 August 2014)




	
Jeddah

	
TM

	
170/45

	
(9 June 1985), (11 September 1990)




	
ETM+

	
(1 November 2000), (17 August 2007)




	
OLI

	
(29 September 2014)
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Table 3. Description of LULC classes.







Table 3. Description of LULC classes.







	
Class

	
Definition






	
Water

	
Seas, lakes, dames and stream surfaces




	
Vegetation

	
Natural vegetation, crop fields and green spaces




	
Bare Soil

	
Sand desert, bare rocky and mountains




	
Urban

	
Built-up lands, human-constructed elements and transportation











[image: Table] 





Table 4. List of overall accuracies and Kappa statistics of the classified images.







Table 4. List of overall accuracies and Kappa statistics of the classified images.







	
Image

	
Overall Accuracy

	
Kappa Coefficient




	
1985

	
1990

	
2000

	
2007

	
2014

	
1985

	
1990

	
2000

	
2007

	
2014






	
Riyadh

	
87.5

	
94.5

	
90.8

	
88.9

	
92.8

	
0.82

	
0.92

	
0.87

	
0.85

	
0.90




	
Jeddah

	
92.4

	
90.1

	
85.6

	
86.2

	
94.9

	
0.88

	
0.83

	
0.75

	
0.77

	
0.92




	
Makkah

	
87.2

	
85.9

	
87.4

	
86.7

	
83.8

	
0.77

	
0.80

	
0.82

	
0.81

	
0.73




	
Al-Taif

	
89.1

	
89.6

	
88.9

	
84.5

	
81.9

	
0.81

	
0.84

	
0.83

	
0.77

	
0.73




	
Eastern Area

	
96.2

	
92.3

	
88.6

	
89.2

	
89.3

	
0.94

	
0.87

	
0.82

	
0.84

	
0.83
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Table 5. Markov transition probability matrices.







Table 5. Markov transition probability matrices.







	

	
Riyadh

	

	
Jeddah

	

	
Makkah

	

	
Al-Taif

	

	
Eastern Area






	

	
1990

	

	
1990

	

	
1990

	

	
1990

	

	
1990




	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA




	
1985

	
W

	
0.29

	
0.04

	
0.66

	
0.01

	
1985

	
W

	
1.00

	
0.00

	
0.00

	
0.00

	
1985

	
W

	
0.00

	
0.01

	
0.74

	
0.25

	
1985

	
W

	
0.16

	
0.46

	
0.36

	
0.02

	
1985

	
W

	
0.99

	
0.00

	
0.01

	
0.00




	
VC

	
0.00

	
0.06

	
0.93

	
0.01

	
VC

	
0.01

	
0.16

	
0.42

	
0.40

	
VC

	
0.00

	
0.07

	
0.86

	
0.07

	
VC

	
0.00

	
0.25

	
0.68

	
0.07

	
VC

	
0.01

	
0.58

	
0.30

	
0.11




	
BS

	
0.00

	
0.01

	
0.98

	
0.02

	
BS

	
0.01

	
0.00

	
0.94

	
0.05

	
BS

	
0.00

	
0.00

	
0.94

	
0.06

	
BS

	
0.00

	
0.01

	
0.93

	
0.06

	
BS

	
0.05

	
0.01

	
0.91

	
0.04




	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00




	

	
2000

	

	
2000

	

	
2000

	

	
2000

	

	
2000




	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA




	
1990

	
W

	
0.55

	
0.30

	
0.13

	
0.02

	
1990

	
W

	
0.99

	
0.00

	
0.01

	
0.00

	
1990

	
W

	
0.00

	
0.00

	
0.00

	
1.00

	
1990

	
W

	
0.20

	
0.17

	
0.57

	
0.06

	
1990

	
W

	
0.99

	
0.00

	
0.01

	
0.00




	
VC

	
0.00

	
0.46

	
0.52

	
0.02

	
VC

	
0.01

	
0.68

	
0.16

	
0.15

	
VC

	
0.00

	
0.39

	
0.53

	
0.07

	
VC

	
0.00

	
0.72

	
0.23

	
0.04

	
VC

	
0.00

	
0.63

	
0.27

	
0.11




	
BS

	
0.00

	
0.01

	
0.98

	
0.01

	
BS

	
0.00

	
0.01

	
0.96

	
0.03

	
BS

	
0.00

	
0.01

	
0.97

	
0.03

	
BS

	
0.00

	
0.01

	
0.97

	
0.03

	
BS

	
0.00

	
0.00

	
0.97

	
0.03




	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00




	

	
2007

	

	
2007

	

	
2007

	

	
2007

	

	
2007




	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA




	
2000

	
W

	
0.48

	
0.11

	
0.37

	
0.05

	
2000

	
W

	
1.00

	
0.00

	
0.00

	
0.00

	
2000

	
W

	
0.00

	
0.00

	
1.00

	
0.00

	
2000

	
W

	
0.00

	
0.07

	
0.93

	
0.00

	
2000

	
W

	
0.99

	
0.00

	
0.00

	
0.00




	
VC

	
0.00

	
0.58

	
0.39

	
0.03

	
VC

	
0.00

	
0.24

	
0.62

	
0.14

	
VC

	
0.00

	
0.43

	
0.44

	
0.14

	
VC

	
0.00

	
0.47

	
0.49

	
0.04

	
VC

	
0.00

	
0.61

	
0.29

	
0.09




	
BS

	
0.00

	
0.01

	
0.96

	
0.03

	
BS

	
0.00

	
0.00

	
0.97

	
0.03

	
BS

	
0.00

	
0.00

	
0.96

	
0.03

	
BS

	
0.00

	
0.01

	
0.96

	
0.03

	
BS

	
0.01

	
0.01

	
0.95

	
0.03




	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00




	

	
2014

	

	
2014

	

	
2014

	

	
2014

	

	
2014




	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA




	
2007

	
W

	
0.24

	
0.01

	
0.62

	
0.14

	
2007

	
W

	
0.99

	
0.00

	
0.01

	
0.00

	
2007

	
W

	
0.00

	
0.00

	
0.61

	
0.39

	
2007

	
W

	
0.00

	
0.00

	
0.32

	
0.68

	
2007

	
W

	
0.99

	
0.00

	
0.01

	
0.01




	
VC

	
0.00

	
0.32

	
0.62

	
0.06

	
VC

	
0.03

	
0.11

	
0.57

	
0.30

	
VC

	
0.00

	
0.46

	
0.45

	
0.09

	
VC

	
0.00

	
0.60

	
0.26

	
0.13

	
VC

	
0.03

	
0.38

	
0.12

	
0.47




	
BS

	
0.00

	
0.01

	
0.97

	
0.02

	
BS

	
0.00

	
0.00

	
0.90

	
0.09

	
BS

	
0.00

	
0.01

	
0.86

	
0.14

	
BS

	
0.00

	
0.02

	
0.86

	
0.12

	
BS

	
0.01

	
0.01

	
0.85

	
0.13




	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00




	

	
2024

	

	
2024

	

	
2024

	

	
2024

	

	
2024




	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA

	

	
LULC

	
W

	
VC

	
BS

	
UA




	
2014

	
W

	
0.86

	
0.00

	
0.00

	
0.14

	
2014

	
W

	
1.00

	
0.00

	
0.00

	
0.00

	
2014

	
W

	
0.60

	
0.00

	
0.00

	
0.40

	
2014

	
W

	
0.32

	
0.00

	
0.00

	
0.68

	
2014

	
W

	
0.99

	
0.00

	
0.00

	
0.01




	
VC

	
0.00

	
0.94

	
0.00

	
0.06

	
VC

	
0.00

	
0.70

	
0.00

	
0.30

	
VC

	
0.00

	
0.91

	
0.00

	
0.09

	
VC

	
0.00

	
0.87

	
0.00

	
0.13

	
VC

	
0.00

	
0.53

	
0.00

	
0.47




	
BS

	
0.00

	
0.00

	
0.98

	
0.02

	
BS

	
0.00

	
0.00

	
0.91

	
0.09

	
BS

	
0.00

	
0.00

	
0.86

	
0.14

	
BS

	
0.00

	
0.00

	
0.88

	
0.12

	
BS

	
0.00

	
0.00

	
0.92

	
0.08




	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00

	
UA

	
0.00

	
0.00

	
0.00

	
1.00
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Table 6. Absolute urban growth (in ha) between 1985 and 2014 and for the expected growth for the years 2024 and 2034.







Table 6. Absolute urban growth (in ha) between 1985 and 2014 and for the expected growth for the years 2024 and 2034.







	
Year

	
Riyadh

	
Jeddah

	
Makkah

	
Al-Taif

	
Eastern Area




	
Area (ha)

	
(%)

	
Area (ha)

	
(%)

	
Area (ha)

	
(%)

	
Area (ha)

	
(%)

	
Area (ha)

	
(%)






	
1985

	
50,604.0

	
22.9

	
23,321.9

	
37.8

	
10184.9

	
30.1

	
5173.3

	
54.7

	
33,234.4

	
27.7




	
1990

	
62,174.3

	
41.6

	
32,132.4

	
40.8

	
13,252.9

	
30.3

	
8003.3

	
42.3

	
42,444.7

	
46.3




	
2000

	
88,041.8

	
43.1

	
45,242.7

	
18.6

	
17,264.5

	
17.8

	
11,390.3

	
22.6

	
62,106.6

	
20.0




	
2007

	
125,958.3

	
19.1

	
53,677.3

	
37.0

	
20,345.7

	
42.6

	
13,969.5

	
52.6

	
74,543.3

	
55.9




	
2014

	
150,050.0

	
22.3

	
73,526.2

	
35.7

	
29,020.7

	
37.7

	
21,320.0

	
44.3

	
116,203.9

	
28.7




	
2024

	
183,503.9

	
17.8

	
99,761.0

	
23.9

	
39,963.5

	
23.6

	
30,755.7

	
26.9

	
149,542.8

	
16.1




	
2034

	
216,110.9

	

	
123,583.5

	

	
49,393.7

	

	
39,026.0

	

	
173,605.5
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