Examining the Impacts of Urban Expansion on Spatial Patterns of Rurban Space; Case Study; Urmia City

Abstract
Unprecedented urbanization, characterized by population shifts from rural to urban areas and urban land expansion, has occurred globally in the past few decades. Urbanization is usually associated with land use change and urban expansion. Urban expansion, as an important social phenomenon, has a clear effect on the landscape pattern, processes, and performance on a local and global scale. Therefore, urbanization is always associated with the spatial expansion of urban land, which leads to changes in the landscape pattern. Previous studies have analyzed urbanization patterns in areas with rapid urban expansion, while urban areas with low to moderate expansion have yet to be addressed, especially in developing countries such as Iran. Therefore, the current research aims to analyze the effects of urban growth on the spatial patterns of the suburban areas in Urmia. In the present study, the first set of data will be satellite images, so the satellite images of 1990, 2000, 2010, and 2020 of Urmia city were received from Landsat satellite and processed using related software. In order to achieve the goal of the research, urban expansion was quantified with two main indicators, UEDI and UEII, and then spatial criteria were used in concentric and concentric zones to examine changes in the landscape. The results show that Urmia city expanded continuously during the studied periods, and the built-up area increased proportionately to the total area, which may indicate urban growth and population increase. Also, the findings indicate that the area with high-intensity expansion is located in the middle areas of Urmia city, and the intensity of expansion has decreased significantly in the following decades compared to the first period (1990-2000). In the first decade of 1990-2000, the greatest difference and intensity of urban expansion occurred in the direction of the east and north of Urmia city. But in the next decade, the desire to expand the built lands in the southwest, west, and northwest has increased. Finally, in the decades of 2010-2020, the pattern of urban expansion has tended toward the east and northern regions, mainly due to the increase in agricultural and industrial activities. Also, the investigation of the effects of urban expansion on urban spatial patterns using geographic spatial regression showed that the spatial pattern of Urmia city can significantly intensify urban expansion.
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1- Introduction
Over the past few decades, there has been an unprecedented global shift in population from rural to urban areas, accompanied by an increase of urban land (Z. Zhang et al., 2016). The world is becoming more urbanized by the day. At a rate of 4% every ten years, the percentage of the global population living in cities grew from 29.4% in 1950 to 54% in 2014 (Huang et al., 2019). By 2050, it's expected to reach 66%. According to this, there will be a nearly 2.5 billion rises in the global urban population. (Madanian et al., 2018). All around the world, however, the process of urbanization and expansion follows a different pattern. The concentration of people in medium-sized cities (those with fewer than a million residents) has dramatically expanded in developing nations (Chakraborti et al., 2018). Such occurrences are typical in developing nations (Wu et al., 2016). 
Changes in land use and urban expansion are typically linked to urbanisation (Cao et al., 2020). In developing cities, this topic has garnered a lot of attention (Al Rifat & Liu, 2019). Due to its direct correlation with sustainability concerns like food security and a safe urban future, this process of urban growth poses a serious threat to sustainable urban development in developing nations (Rimal et al., 2017). Researchers, physicians, planners, and decision-makers have serious concerns about this matter. This is the reason that researching and comprehending urban development processes from many angles is usually quite popular (Karimi et al., 2019). In this setting, developing urban planning and governance initiatives requires an understanding of the process of urban expansion and its drivers (You & Yang, 2017).
Urban expansion is a significant social phenomena that has a discernible impact on the processes, patterns, and performance of the environment both locally and globally. An increase in the amount of impermeable surfaces in an urban region, whether planned or unplanned, is referred to as urban expansion. (J. Li et al., 2017). Urbanization is always associated with the spatial expansion of urban land, which leads to changes in the landscape pattern (Karimi et al., 2019). Moreover, the spatiotemporal patterns and dynamics of urban growth and land use changes can be better understood by combining the ecology of spatial patterns, such as landscape measurements (Wu et al., 2016). The combined influences of human and natural forces are generally what lead to urbanisation. Natural factors involved in spatial heterogeneity mainly include topography and loss of natural vegetation and agricultural land. The main human factors are urban traffic development, economic and demographic expansion. These elements have the potential to drastically alter spatial patterns and structures as well as bring about various forms of urban growth transformation (Wu et al., 2016; C. Li et al., 2017; Dai et al., 2018).
Numerous research endeavors have examined the impact of urban expansion on the composition and configuration of spatial patterns (Mondal et al., 2017). These studies have mostly concentrated on major urban. They have emphasized that the spatial patterns of metropolises should be identified to plan for balanced growth. On the contrary, little attention has been paid to small and medium-sized cities, where urban sprawl is more prominent. Therefore, research done in big cities has had a major influence on conceptual concepts about urbanization (Terfa et al., 2020; Salem et al., 2019). Therefore, previous studies have analyzed urbanization patterns in areas with rapid urban expansion. Urban areas with low to medium expansion have yet to be addressed, especially in developing countries such as Iran (Al Rifat & Liu, 2019). They are considering the dominance of medium and small cities, which are expected to lead to future urbanization globally. It is essential to study these cities (Terfa et al., 2020).
It should be mentioned that studies on urban landscape patterns and urban dynamics have risen in recent decades due to the application of remote sensing, geographic information systems (GIS), and landscape pattern analysis. Further empirical research is necessary to fully understand the dynamics of urban expansion and the connections between ecological processes at various scales and spatial patterns (Gong et al., 2018). As a result, studying the temporal and spatial dynamics of urban growth can aid in the formulation of sustainable urban development plans and other relevant decision-making processes. Understanding how urban development affects ecological processes requires quantifying the patterns of urban expansion in both space and time (Zhao et al., 2019).
Urban transfer for Iran took place in 1980. In other words, during the past 60 years. The process of urbanization and ruralization in Iran has experienced an exponential pattern and has continuously been increasing. The proportion of urbanization in Iran is increasing. It is expected to continue its upward trend in the future. (Assari et al., 2016). Urbanization and urban expansion in developing countries like Iran have faced many problems. The disproportionate and heterogeneous distribution of the population and the rapid expansion of cities in these countries have caused various social and economic disturbances, including an increase in poverty, an increase in the amount of waste in urban communities, an increase in the level of unemployment, Etc (Sidi, 2018; Pourafkari et al., 2018). The city of Urmia is one of the middle cities of Iran. This city is experiencing rapid growth of urbanization and scattered growth. Such growth has led to many consequences, including the loss of habitats, the fragmentation of the landscape, the formation of unplanned peripheral settlements, and, as a result, the loss of agricultural land. These consequences have led to an increase in costs for the decision-making bodies of Urmia city. In order to deal with such growth, organizations such as Agricultural Jihad and Urmia municipality have so far only destroyed garden houses, which seems too little. Such growth has made it difficult for city management to provide services. Understanding the significant geographical process based on the features of the alteration of spatial patterns and the look of the land requires drawing the evolution of the spatial pattern as a result of urban growth. The current study is novel in that it quantifies the spatial patterns of urban expansion in middle-class cities in developing nations. For this reason, the current study attempts to examine how suburban area spatial patterns are impacted by urban expansion.
2-Materials and Methods
2-1- Study Section
Urbanization is the process by which people move from rural areas to cities. Iran is a rapidly urbanizing country, and more than 76% of its population will live in urban areas in 2023. This figure was 51% in 1986. Iran's population has grown over the previous fifty years and is expected to do so in the upcoming decades.
The provincial capital of West Azerbaijan, Urmia, sits adjacent to Lake Urmia and spans an area of around 11,230 hectares. In total, this region is an area whose height decreases from west to east and leads to the Urmia plain. According to the 2015 census, with a population of 736,224 people, This city is the second most inhabited in Iran's northwest and the tenth most populated in the country overall.
2-2-Land Cover mapping
To create land use maps, Landsat satellite pictures from 1990, 2000, 2010, and 2020 were used. Land covers in Urmia were divided into four general categories: built-up land, vegetation (non-forest and forest), water areas, and barren land. All classification steps are done in the Google Earth Engine system. In this system, the image averaging method was used to select high-quality and geometrically and atmospherically modified images. In this method, instead of selecting only one photo for one day, a series of images was collected for each period. Then the average of the images was selected as the output.
LANDSAT/LC08/C01/T_SR collection data are geometrically and atmospherically corrected. The term SR expresses this. The time was also selected in the summer season to minimize the presence of clouds in the images.
Three indices—UI, SAVI, and MNDWI—were chosen to represent land cover based on the primary components of land cover. In this study, SAVI was used because of its advantage over NDVI to highlight vegetation features.
An indicator of vegetation cover that is measured and tracked using remote sensing is the Soil Adjusted Vegetation Index (SAVI). For measuring and tracking vegetation, the SAVI index is an effective tool. Vegetation mapping, vegetation health monitoring, land use classification, and crop yield calculation are just a few of the GIS applications that use it (Huete, 1988; Qi et al., 1994; Jensen, 2016; Tucker et al., 1985). The vegetation index values in areas with sparse vegetation and exposed soil surfaces may be impacted by the reflectance of red and near-infrared wavelengths (Huete, 1988). According to Jensen (2005) and Li et al. (2016), SAVI makes use of the significant pigment absorption of red light, such as the TM 3 band, and the NIR spectral range, such as the TM 4 band, which has high vegetative reflectance. Due to SAVI's superior ability to analyse regions with little vegetation, including urban areas, and emphasise vegetation traits, we choose to utilise it instead of the normalised difference index (NDVI). SAVI is applicable to regions with a minimum of 15% plant cover. But in places where there is at least 30% plant cover, NDVI can be applied successfully (Herold et al., 2015). Equation 1 shows the soil-adjusted vegetation index (SAVI), where NIR is the near-infrared sensor's reflectance value (TM band 4). The colour red in the TM sensor indicates the reflectance value of band 3 (red). L is a correction factor that has values of 1 for extremely low density and 0 for very high density. An enhanced vegetation image was produced, taking into account the medium density of vegetation in the analysed area. By increasing its range, SAVI may differentiate between built-up or dry land and vegetation using a value of 0.5. Vegetation therefore exhibits strong reflection in the near-infrared range and low reflectance in the red band; this is the basis of SAVI. In order to reduce the impact of soil illumination on the SAVI value, the soil illumination correction factor is applied (Huete et al., 1991; Zhang et al., 2003).
Equation number 1:
SAVI = [(NIR - Red) / (NIR + Red + L)] * (1 + L)
I is a correction factor, and it goes from very low densities (value = 1) to very high densities (value = 0). For this reason, SAVI is superior to other vegetation indices, like the Normalised Difference Vegetation Index (NDVI), in many ways. Firstly, compared to NDVI, SAVI is less susceptible to soil brightness. Second, according to Huete (1988), Qi et al. (1994), and Jensen (2016), SAVI is more successful in differentiating between plants and other types of land cover, such as soil and water. Equation 2 was used to build the constructed terrain image using Urban Index (UI) following the generation of the vegetation image using SAVI. The sensor measures band 4 (near infrared) and band 7 reflectance values, which are referred to as NIR and SWIR. TM were located. An effective technique for locating and keeping an eye on urban areas is the UI index. Urban area mapping, urban growth monitoring, urban land use classification, and urban heat island monitoring are just a few of the GIS applications that employ it (Zha et al., 2003; Kawamura et al., 1992; Huang et al., 2019; He et al., 2015).
Equation number 2:
UI = SWIR – NIR/ SWIR + NIR
Where:
UI is an urban index.
SWIR represents reflectance values in the shortwave infrared (SWIR) band commonly found in remote sensing data.
NIR indicates reflectance values in the near-infrared (NIR) band.
The idea behind the urban index (UI) is that urban areas have relatively high reflectance in the SWIR band due to materials commonly found in cities, such as concrete and asphalt. In contrast, natural or non-urban areas typically have lower SWIR reflectance. By calculating UI, it is possible to create an index that increases the spectral differences between land cover types and makes it easier to distinguish between urban and non-urban areas.
In order to aid distinguish between populated areas and wasteland, the urban index (UI) was employed. The Normalized Difference Making Index (NDBI) is less recognizable than the Urban Index (UI) in terms of urban characteristics. Band 7 yields the best results when band 5 is not employed (Bouhennache et al., 2015; Pratibha et al., 2014). Consequently, these urban index values were used instead of the Normalized Difference Making Index (NDBI) data. In general, increasing the range of SAVI can differentiate vegetation from built-up land or wasteland. In summary, the urban index (UI) has many advantages over other urban indices, such as the normalized difference index (NDBI). First, the user interface is less sensitive to atmospheric interference than NDBI. Second, UI is more effective in distinguishing between urban areas and other types of land cover, such as soil and vegetation.
A background primarily made up of developed land is distinguished from water using the modified normalised water change index (MNDWI). Zhou (2005) claims that in terms of outcomes, MNDWI has done better than the normal water difference index (NDWI). The modified NDWI (MNDWI), where the MIR is a mid-infrared band similar to the 5 TM band, is described by equation 3 (McFeeters, 1996). Due to an increase in the values of water features and a drop in the values of built-up land, the MNDWI's contrast between water and built-up land will drastically change from positive to negative when compared to the NDWI (Hu, 2007).
Equation number 3:
MNDWI = (Green - SWIR) / (Green + SWIR)
Where:
MNDWI: Normalized water change index.
Green: Indicates the reflectance values in the green spectral band.
SWIR: Shows reflectance values in the short wave infrared (SWIR) band.
To enhance its sensitivity to shallow water and decrease false positives in water detection, Zhou (2006) modified the normalised water difference index (NDWI) and introduced MNDWI. The foundation of MNDWI is the idea that water has low reflection in the mid-infrared band and high reflectivity in the green band. The reason for this is that green light is reflected to the satellite sensor and is absorbed by water in the mid-infrared spectrum. Compared to other water indices, including the Normalised Difference Water Index (NDWI), MNDWI has a number of advantages. First, MNDWI is less sensitive to atmospheric interference than NDWI. Second, MNDWI is more effective in distinguishing between water and other land cover types, such as soil and vegetation. This index has been widely used in applications related to water resources management, wetland mapping, and flood monitoring due to its effectiveness in highlighting the features of open water (Hu, 2006; McFeeters, 1996; Feyisa et al., 2014; Gao et al. ., 2009; Zhang et al., 2018).
Following the creation of the SAVI, MNDWI, and UI pictures, three new photos were used as the bands in a new dataset. The correlation between the bands is significantly reduced when the thematic three-band image is substituted for the original seven-band multispectral image. Then, A fresh image was produced by combining three more bands.
The supervised classification procedure was carried out using a support vector machine technique. Consequently, Figure 1 illustrates how the four primary types of urban land cover are effectively divided: vegetation (high SAVI value), water (high MNDWI values), built-up area (high UI value), and barren land (low UI value).
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Fig 1: Classified images of Urmia urban area 1990-2020
2-3- Gradient Model
When presenting geographical and temporal changes in patterns between urban and rural areas, the gradient model has proven to be a beneficial tool (McDonnell and Pickett, 1990; Zhang et al., 2016; Cheng et al., 2019; Yang et al., 2022). Urban expansion is examined in this study in terms of both space and time. Gradient analysis has been applied for this purpose in conjunction with geographic information systems and remote sensing. In this study, buffer analysis based on geographic information system is applied. It comprises of buffer zones encircling the city centre in a circle. At first, the central business area (CBD) is thought to be the core location and the focal point of the city. The entire area is covered by a buffer zone (20 concentric/buffer zones) with a width of 1 km. This system is intended to monitor Urmia's general process of expansion, encompassing both the city and its suburbs. Next, in eight equal directions (north, northeast, east, southeast, south, southwest, west, and northwest), the final circular region is divided. In order to enable statistical comparison, these many areas are used to extract the built area in various directions.
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Fig 2: Built-up lands and zoning of Urmia urban area in the period of 1990-2020

2-4- Urban expansion measurement
The pace, volume, and intensity of urban expansion have all been studied, and growth ratio indicators and geographic information system (GIS) analytical techniques have been used in several of these investigations. Urban expansion intensity index (UEII) (Hu et al., 2007; Herold et al., 2015), landscape expansion index (LEI) (Liu et al., 2009), and urban expansion differentiation index (UEDI) are a few examples of Certain ones have been utilised on a frequent basis. Urban expansion was measured in this study using a mixed method (Heidarinejad, 2017).
The first statistical index to determine the average annual urban growth rate is the Average Annual Urban growth Rate (AUER) (Equation 4). According to Acheampong et al. (2016), this indicator determines the built-up land's average yearly increase during the course of the study period in a case study. Although it can be computed for any duration, AUER is typically computed for yearly intervals. An effective metric for comprehending and controlling urban growth is AUER. It can be used to monitor the rate at which urban areas are growing, pinpoint regions that are seeing fast urbanisation, and evaluate how urban development affects other forms of land cover (Seto et al., 2012; Angel et al., 2007; Zhao et al., 2020).
Equation 4

where AUERi is the annual urban expansion rate. ULAit2 and ULAit1 are the area of unit i at times t2 and t1, respectively. AUER is not affected by the size of the spatial unit. ∆t is the study period.
Furthermore, this study has employed the Urban Expansion Intensity Index (UEII).
Equation 5 illustrates how the UEII determines a geographical unit's annual average proportion of newly built-up land, standardised by the unit's total area (Manesha et al., 2021). The following is its formula (Li et al., 2015).
Equation 5:
 
Unit I's urban expansion intensity index is denoted by UEIIi, whereas ULAit2 and ULAit1 represent the areas within unit I at periods t2 and t1, respectively. The entire area in unit I, t of the research period is denoted by TLAi. Consequently, the computation involves splitting the mean yearly rate of urban growth by the entire area of a certain geographic region. Higher values of the unitless UEII index denote a faster and more intensive rate of urban expansion (MacGregor-Fos et al., 2022; Liu et al., 2021; Zhou et al., 2020).
Changes in the amount of urban area per unit of time can be assessed using the urban growth intensity index. This index is important for assessing the geographical variations of urban growth because it provides a quantitative assessment of the volume and intensity of urban expansion (Heidarinejad, 2017; Medayese et al., 2023). Urban expansion will vary depending on the regulation of urban driving variables and their geographical consequences during the expansion process.
The preference for urban growth is the term used to describe this tendency (Alsharif and Pradhan, 2013; Heidarinejad, 2017). Urban spatial expansion has been quantitatively evaluated and analysed in this study using UEII. Furthermore, the desire for urban expansion during a given time period was identified using UEII. UEII measures the intensity of changes in urban cover over time and represents potentials for urban expansion. The Urban growth Intensity Index (UEII) scores of the 20 concentric regions that comprise the region are divided into five UEII regions (Table 1) to reflect the spatial evolution pattern of urban land growth. (Heidarinejad, 2017; Alsharif et al., 2015).
Table 1: Range of Urban Expansion Intensity Index
	Range
	Potentials of urban expansions

	0 <UEII <0.28
	Slower development

	0.28 <UEII <0.59
	Low-speed development

	0.59 <UEII <1.05
	Medium-speed development

	1.05 <UEII <1.92
	High speed development

	UEII <1.92
	Extremely high-speed development


Ref: Acheampong et al., (2016); Heidarinejad, (2017)
Furthermore, the Urban Expansion Differentiation Index (UEDI) determines the proportion of the total altered area to the growth in urban area of one unit (proportionally). In contrast to UEII, UEDI measures the difference in urban land expansion between various spatial units. It so renders the units comparable. (Acheampong et al., 2016; Heidarinejad). The differentiation or diversity in urban growth patterns in a given area is assessed and quantified using the urban expansion differentiation index (UEDI), which is used in land use analysis and urban planning. This index offers insightful information about the nature and spatial distribution of urban growth throughout time(Zhao et al., 2020; Yan et al., 2018). This criterion is useful in evaluating the differentiation of urban land expansion and identifying hot spots of urban expansion. The formula for this case is as follows (Li et al., 2015):
Formula number 6:
 
The entire area of unit i at times t2 and t1, respectively, is represented by ULAit1 and ULAit2, while the differentiation index of urban expansion in unit i is denoted by UEDIi. Generally speaking, UEDI can be divided into three categories: (1) The study region as a whole classifies a region as fast-growing when the differentiation index of the constituent geographical unit, or region, is greater than 1. (3) When the region differentiation index equals 1, the region is compared to the region (2) when the region differentiation index is less than 1, in which case the region is defined as a slow-growth region in respect to the case study, and Table 2 categorises the research area as a medium growth area (Acheampong et al., 2016; Heidarinejad, 2017).
Table 2: Range of the Differentiation Index for Urban Expansion
	Range
	Urban Expansion Differentiation

	UDEI<1
	Fast Growing Area

	UDEI=1
	Moderate Growing Area

	UDEI<1
	Slow Growing Area


Ref: Acheampong et al., (2016); Heidarinejad (2017)

2-5- Measurement of urban spatial patterns
Quantitative measurements of an object's or feature's spatial distribution are called spatial metrics. By assessing urban land use parameters like the size, form, and connection of various urban elements, they can quantify the urban spatial pattern. According to the study's goals, three dimensions have been determined in order to comprehend the primary patterns of urban expansion, which are the outcome of spatial patterns within the city. Using the Fragstats 4.2 programme, several landscape parameters were computed in order to draw the urban spatial layout. Finding the association between metric and pattern values is challenging, though. Intercorrelation exists between most metrics (McGarigal et al., 2012).
Quantifying the spatial patterns' accumulation level is a crucial step in urban pattern analysis (Hong et al., 2000; Clark & Evans, 1954). He et al. (2001) claim that the aggregation index is a useful tool for managing and understanding spatial patterns in the surrounding environment. The aggregation index (AI) is a spatial statistic that quantifies the degree to which related characteristics are aggregated or clustered together in a landscape or spatial dataset. The aggregation index is the number of adjacencies of a given land cover class divided by the maximum number of adjacencies that may potentially belong to that class. It may be more effective since it allows concentrate on just one class at a time (Alberti, 2008). This index indicates the degree to which the objects in a given region are distributed or grouped. Evaluating the spatial distribution of species or phenomena is helpful in a number of fields, such as ecology, geography, and urban planning. Because this index is class-specific, it is more accurate than other indices that measure landscape aggregation generally. Consequently, AI provides a quantitative basis for linking a class's spatial pattern to a specific process. The map units have no bearing on the computation because the aggregate index is a ratio variable. It may be contrasted with other or comparable picture classes, or even with other similar classes of the same image at various resolutions. (Hong et al., 2000; Heidarinejad, 2017). The specific formula and method for calculating the aggregation index can differ depending on the research question, the type of data, and the software used. These methods consider the spatial arrangement of features and compare them to a random or uniform distribution to determine whether the features are clustered or scattered.
Compaction indices are calculated to determine the urban footprint. The urban footprint is almost a circle. This study uses the mean radius of gyration (MRoG) as a convenient tool to measure the extent of patches and joints, which preserves the actual measurement units (meters). The mean radius of gyration is a spatial metric that measures the dispersion of habitat patches around a central point. Thus, the average gyration index provides insights into how objects are concentrated or dispersed in a region. The average radius of the gyration index is equal to the average distance (m) between each cell in the patch and the center of the patch (Heidarinejad, 2017; Botequilha et al., 2006; Baker et al., 2015; Rocha et al., 2016). As a result, the mean radius of rotation is a useful measure to evaluate the impact of land use change on landscape landscapes (Baker et al., 2015). A smaller mean radius of gyration (MRoG) index indicates compactness, while a larger mean radius of gyration (MRoG) index indicates that objects are more scattered from their center (Wang et al., 2018; Pérez-Hernández et al., 2018). It should be noted that the Mean Radius of Rotation Index (MRoG) is a powerful tool for understanding and managing the terrain. It is a relatively new measure, but it has quickly gained popularity among climate ecologists and researchers from other disciplines (McGarigal et al., 2012; Rocha et al., 2016).
An effective spatial measure for determining the average distance between items or points in a collection is the Euclidean Mean Nearest Neighbor (ENN_MN). In spatial analysis, knowing the general spatial distribution of features or objects is very useful. This measure sheds light on whether items in a study area scatter or cluster. Therefore, a spatial statistic that calculates the average distance between a point and its nearest neighbor in the same class is called the average Euclidean distance of the nearest neighbour. It is computed by dividing the total number of points by the sum of the distances between each point and its closest neighbors within a class. According to the shortest straight-line distance determined from the cell centers, Euclidean Mean Nearest Neighbor (ENN_MN) determines the distance to the closest neighboring patch of the same kind (McGarigal and Marks, 1995; Diggle, 2013; Jin and He, 2012; Liu et al. al., 2019). Euclidean nearest neighbor mean values are never less than zero and never have boundaries. This index gets closer to 0 as the distance from the closest neighbor gets smaller. The cell size, which is equal to twice the cell size when applying the neighboring patch rule, sets a minimum value for this index. The size of the territory, which in this study is the size of the block, sets an upper limit. The average Euclidean nearest neighbor is not defined if the patch has no neighbors, that is, no other patches of the same class (Heidarinejad, 2017; McGarigal, 2012). As a result, the index's value represents the typical separation between an object and its closest neighbors. A smaller value denotes clustering or spatial dependence, meaning that objects are more likely to be found in close proximity to their immediate neighbors. Conversely, a greater value suggests that the items are dispersed more widely or uniformly within the research region (Diggle, 2013; Jin and He, 2012).
2-6- Regression
Variations in the spatial criteria values were employed as dependent variables to comprehend the impact of urban expansion on spatiotemporal patterns. Understanding how urban expansion affects spatial patterns required an understanding of the results of quantifying urban expansion using growth ratio indices (UEII and UEDI) as independent variables. Furthermore, taken into consideration as dependent variables were modifications in the spatial metrics' values (AI, GYRATE_MN, and ENN_MN).
One of the many increasingly popular spatial regression methods is geographically weighted regression (GWR). A spatial statistical method for modelling spatially varied connections between variables in geographic data sets is called geographically weighted regression, or GWR. By fitting a regression equation for each feature in the data set, geographically weighted regression yields a local model of the variable (Heidarinejad, 2017; Fotheringham et al., 2002). Geographically weighted regression generates spatial data that indicate spatial diversity in interactions between variables, in contrast to traditional regression, which generates a single regression equation to summarise the overall correlations between explanatory and dependant variables. These data are used to create maps, which are essential for analysing and understanding spatial relationships. This regression's equation (Equation 7) can be written as follows (Zhou et al., 2020; Fotheringham et al., 2002).
Equation 7:


Where yî is the estimated value of the dependent variable for observation i, β0 is the cross-sectional variable, βk is the parameter estimate for variable k, xik is the value of the kth variable for i, εi is the error term, and (uivi) takes the coordinate location of i.
It is posited that the influence of nearby observations on each other's parameter estimation is more than that of distant observations. A distance decay function with observation i at its centre determines the weight given to each observation. The distance between polygon centres is used to compute the distance between observations when dealing with regional data. Where the weight distance quickly approaches zero, a bandwidth adjustment modifies the distance decay function, which might take on many shapes. The analyst might choose the bandwidth manually or by optimising it with an algorithm that aims to reduce the cross-validation (CV) score. As an alternative, the Akaike Information Criterion (AIC) score can be minimised to determine the bandwidth. (Equation 8)  (Medayese et al., 2023; Heidarinejad, 2017; Nakaya et al., 2005).
Equation 8:


One benefit of using the AIC technique is that it accounts for the possibility of multiple degrees of freedom in models based on different observations. Furthermore, the user can select between a variable bandwidth that grows and decreases in the model over regions with sparse observations, or a set bandwidth that is used for each observation. Regressing regions of dense observations is more crucial for the model with a lower AICt value. For the GWR model, the AICt approach was therefore applied in this investigation (Medayese et al., 2023; Heidarinejad, 2017; Griffith, 2008).
3- Results and Discussion
In this research, the appearance of land use changes in a specific area in four different decades (1990, 2000, 2010 and 2020) is very important. These data are obtained from remote sensing images and image processing techniques and make it possible to interpret changes in urban expansion, vegetation, water resources, and land cover status of the region.
Table3. Area and share of Landuse
	Year
	1990
	2000
	2010
	2020

	Land use
	Km2
	%
	Km2
	%
	Km2
	%
	Km2
	%

	Vegetation
	598.67
	47.71
	505.70
	40.30
	482.44
	38.45
	449.56
	35.83

	Built-Up
	34.43
	2.74
	63.13
	5.03
	87.33
	6.96
	109.64
	8.74

	Water
	56.94
	4.54
	56.46
	4.50
	24.04
	1.92
	17.80
	1.42

	Barren-Land
	564.76
	45.01
	629.50
	50.17
	660.98
	52.68
	677.78
	54.02
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Fig 3. Share of land uses 1990-2020

According to the data in Table 3 and Figure 3, in 1990, the total area of the study area was equal to 1254.80 square kilometers. 47.71% (598.67 square kilometers) belonged to vegetation. This percentage gradually decreased in the following years and decreased to 35.83% in 2020. This decrease represents the increase in construction activities and urban development, which, on the one hand, requires urban development and, on the other hand, affects the issues related to the preservation of natural resources and vegetation.
The share of built-up users has also increased greatly in these periods. In 1990, only 2.74% (34.43 km²) of the area was built-up. But, in 2020, this number has increased to 8.74% (109.64 square kilometers). This increase represents comprehensive urban development and changes in the urban structure of the region.
As for surface waters, their area in 1990 was equal to 4.54% (56.94 square kilometers) of the total area and has shown a continuous decrease in the following years. In 2020, only 1.42 percent (17.80 km2) of the area was devoted to water. This decrease represents the lack of water resources and changes in the region. This issue raises the need for proper management of water resources.
Barren lands have also played an important role in these changes. Their area has increased from 45.01 percent (564.76 square kilometers) in 1990 to 54.02 percent (677.78 square kilometers) in 2020. This increase represents the changes in the geological and climatic conditions of the region.
In general, a detailed analysis of these data shows that several factors have influenced land use changes during these four decades. The increase of the built surface and the decrease of plants in cities represent the processes of urbanization and urban development. Instead, the reduction of water resources and the increase of barren lands represent changes in the geological and climatic conditions of the region.

Table 4. Conversion between land uses (KM2)
	بازه زمانی

	Class
	1990-2000
	2000-2010
	2010-2020

	1->2
	21.73
	10.95
	16.59

	1->3
	1.39
	1.59
	0.29

	1->4
	103.54
	56.43
	57.84

	مجموع
	126.66
	68.98
	74.72

	2->1
	4.00
	11.73
	5.65

	2->3
	0.14
	1.51
	0.09

	2->4
	8.35
	8.85
	14.18

	Total
	12.49
	22.08
	19.92

	3->1
	0.03
	1.07
	2.11

	3->2
	0.20
	0.62
	0.48

	3->4
	2.45
	36.82
	5.43

	Total
	2.68
	38.52
	8.03

	4->1
	29.73
	32.93
	34.06

	4->2
	19.29
	34.70
	25.16

	4->3
	0.68
	2.93
	1.39

	Total
	49.70
	70.56
	60.61


1- Vegetation 2- Built up 3-Water 4- Barren

In Table 4, land use transformations in different time frames for four land classes (vegetation, built-up, water areas, and barren) are given in the study area. This table shows the changes that have occurred in land use during the specified period of time.
From land class 1 (vegetation) to land class 2 (built), 21.73 square kilometers of vegetation land has been converted to built from 1990-2000. This figure will decrease to 10.95 square kilometers in the next decade. But in 2010-2020, there was an increasing trend, and vegetation conversion to built-up area was 16.59 square kilometers. Similar transformations are observed in land class 1 (vegetation) to land class 3 (water areas). These changes show that several vegetation lands have turned into water areas. But these changes have decreased in recent decades compared to previous decades. Also, a similar trend is observed in converting vegetation to barren. So, in 1990-2000, the conversion rate was 103.54 square kilometers. But in the following decades, it has decreased to 56.43 and 57.84 square kilometers. In general, reducing vegetation and converting it to other uses, especially barren and built lands, is evident in all decades. In the last decade, this conversion has increased. Another significant trend related to converting irrigated lands to barren lands, especially in 2000-2010, is that about 36.82 square kilometers of irrigated areas has been turned into barren lands. The conversion of barren land into built-up land is also a good indication of the result of urban expansion in the urban area of Urmia, the highest amount of which was 34.70 square kilometers in the years 2000-2010.
In 1990, the built area was 34.43 square kilometers, which increased over the years and reached 109.64 square kilometers in 2020. Therefore, the share of built area has also increased in these periods. In 1990, the built-up area of the total area was 2.74%, and in 2020 it increased to 8.74%. This increase in the share of the built area shows urban growth and urban development in these periods. Furthermore, the annualized growth rate (AUER) shows that approximately 83.3% of this increase occurred in the initial period. Compared to 25.5% in the last 10-year period, the volume of urban expansion in the first period was the highest(Figure 4).
Overall, the analysis shows that the city expanded continuously during these periods. The built area has increased in proportion to the total area. It may indicate urban expansion and population growth.


Fig 4. Area and share of total built up land

3-1- Evolutionary-temporal features of urban land expansion
Every place and direction may experience urbanisation in a different way. This phenomena is indicative of the urban area's growth. The Urban Expansion Intensity Index (UEII) adjusts the yearly rate of urban growth for every study unit based on its land area. This score was utilised in the current study to determine if urban expansion was preferred over a 30-year period in a case study. The built-up area intensity in various city regions from 1990 to 2020 is contrasted in Figure 4.
Figure 5 shows that the highest values of the urban intensity index are from 1990 to 2000. This issue indicates the major occurrence of urban expansion in this period. Thus, from the city center to a distance of 4 km, it has increased rapidly to a value of 34.88, which indicates the experience of high intensity of urban expansion in this area. But, the highest intensity of urban expansion occurred at a distance of 16 km with a value of 69.66. But in the following decades, the intensity of urban expansion is significant only up to a radius of 7 km, and from a distance of 8 km from the city center, with increasing distance and decreasing the intensity of expansion, it has slowly decreased, and the intensity of expansion has decreased in peripheral areas. The outcome reveals that Urmia City's central regions are home to the region seeing the highest rate of expansion. However, the following decades saw a marked decline in the expansion intensity relative to the previous phase.

Fig 5. Changes in the intensity index of urban expansion (UEII) in the central regions 

Fig 6. Urban expansion variations in the intensity index (UEII) in different geographical directions
The expansion intensity index for Urmia during a 30-year period is compared in Figure 6 in various directions within the city. The primary directions of urban expansion throughout the first ten years of the 1990s–2000s were north and east. However, the rate of urban growth has accelerated in the north, west, and southwest in the ensuing decades. The tremendous rate at which the populated areas to the north of Urmia are expanding is astonishing.
The difference index, in contrast to the urban expansion intensity index (UEII), normalises urban expansion (UEDI) to the rate of expansion throughout the metropolis. so strengthening the uniformity between the units of spatial expansion (Achiampong et al., 2016). This indicator is frequently used to assess the trend of urban expansion and identify regions that experience significant variations in urban expansion.
It is evident from Figure 7's fluctuations in UEDI index values over a 30-year period that the model needed to be more reliable. According to the UEDI index, the beginning point in the first period was almost equal to 0 (central areas), and in the subsequent periods, it rose in the peripheral areas. The examination revealed that the case study's original centre has been enlarged in subsequent years. In fact, over the past ten years, nearly all inner-city areas have increased their UEDI scores. In other words, over time, the central areas close to the previous lands are built, and as a result, urban expansion occurs at distances far from the center. Areas located within a radius of 3 to 8 kilometers from the city center have grown significantly from 1990 to 2000. The main reason is the addition of urban areas. However, the areas located in 9 to 13 km have grown less than those in 13 to 16 km, which can be one of the reasons for establishing industries and activities related to agriculture. From 2000 to 2010, however, the largest urban expansion occurred in 6 and 7 kilometers from the city center, and other areas experienced even less growth compared to other decades. From 2010 to 2020, the radius of 8 km from the city center has experienced the greatest expansion of built-up lands. But another important thing that has happened is the significant growth of the radius of 11 to 14 kilometers of built-up land. One of the possible reasons for this is the land use policies and the transfer of some incompatible industries and services outside the city, as well as the growth caused by the addition of rural centers to the city.
Figure 8 shows the difference index values of urban expansion in which directions. Therefore, in the first decade of 1990-2000, the greatest difference and intensity of urban expansion occurred in the direction of east and north. But, in the next decade, the desire to expand the built lands in the southwest, west, and northwest has increased. Finally, in the decades of 2010-2020, the pattern of urban expansion has tended toward the east and northern regions, which is mainly due to the increase in agricultural and industrial activities.

Fig 7. UEDI index values in concentric regions
 
Fig 8. UEDI index values in geographical directions
In order to better understand and compare the UEDI values, the UEDI pattern in Urmia (hot spot) was examined according to three selected patterns. There are three possible expansion classes based on this index:
High (ie UEDI>1),
Medium (ie UEDI = 1)
and low (ie UEDI<1) (Heidarinejad, 2017).
The top class of UEDI was split into "very high" and "high" subclasses based on the values that were obtained. Likewise, there were two categories for the lower class: "low" and "very low." The Jenks Natural Breaks method in ArcGIS is used to display the five UEDI score classes in concentric zones in Figure 9. The spatial visualisation outcomes for directional zones in this category are also displayed in Figure 10.
The acquired data indicated that during the course of two decades, marginal areas were home to the hotspots of urban expansion. The north and northeast are experiencing extremely fast expansion, whereas the west and south are experiencing the slowest rate of expansion.
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Fig 9. UEDI index values in concentric regions
[image: ]Built up

Fig 10. UEDI index values in geographical directions

3-2- Patterns of landscape in the urban area of Urmia
Three geographic land analysis criteria were applied in order to examine and contrast patterns of urban expansion. At both the micro and macro levels, the three primary features of the urban pattern—aggregation, compactness, and isolation—were explained by these spatial criteria. Spatial requirements were interpreted for the entire Urmia urban region at the macro level. The analysis of spatial micro-patterns in concentric zones and in various orientations has persisted in this work.
Data on changes in land spatial criteria values over time in the Urmia urban area between 1990 and 2020 is shown in Figure 4. The expansion of additional urban patches is typically factored into the distribution of urban areas, as indicated by the rising AI index. The heightened aggregation suggests that there was a tendency for the synthetic stains to develop an aggregation pattern. Furthermore, the rising trend of ENN_MN demonstrated a decline in the isolation process over the course of the investigation. Moreover, compaction in the city showed an increasing trend, according GYRATE_MN. The increase in GYRATION_MN and AI generally indicates the fragmented growth and scattered development of the current metropolis in Urmia.

Fig 11. Temporal changes of land spatial indicators in Urmia urban area
Temporal changes in spatial measures were interpreted in spatial units in order to provide a more comprehensive picture of the pattern of urban expansion in the Urmia urban area. Figure 12 shows the evolution of cumulative index value for 30 years since 1990. This graph shows a similar negative trend in the cumulative index value in 20 concentric regions over 30 years. The value of the AI index decreased sharply with increasing distance from the city center. Urmia's centre sections generally have higher cumulative index values. This could result in the emergence of tiny construction sites in the city's periphery and surrounding areas. This can become a problem if the city grows through dispersed development.
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Fig 12. AI index changes based on distance from city center
The next graph (Figure 13) of the AI index in the case study in different directions shows how much the ratio of each spatial unit of the accumulation process was from 1990 to 2020. Overall, according to the graph, a higher value of AI is recorded in the Southeast (SE), South (S), and Southwest (SW) regions. In other words, the patches of land built in these areas have a more cumulative pattern than other areas.

Fig 13. AI index changes based on geographical directions
The Gyration index was used in directed and concentric zones to examine the micro compaction process. The Gyration index value variation in Urmia between 1990 and 2020 is depicted in Figure 14. In general, it is evident that the Gyration Index declined quickly, reaching its minimum value approximately 8 km outside the city centre. Then, on the periphery, there has been a consistent tendency. Research has generally indicated that the densification process has been accelerating in Urmia's periphery.
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Fig 14. Gyration index changes based on distance from the city center
The diagram below (Figure 15) compares the Gyration index in directional zones. This graph shows that in the 1990s-2000s, the eastern (E) and southern (S) regions recorded high values of the gyration index. This process has been similar in the following decades. But, in the following decades, the western part of the region has also witnessed the growth of this index.


Fig 15. Gyration index changes based on geographical directions 
The ENN_MN index, which measures the growth in the distance between areas of the same type of use, was used to examine the next pattern (separation or isolation). The change in ENN_MN in peripheral regions between 1990 and 2020 is depicted in Figure 16's linear diagram. This figure indicates that there is a decrease in the variety of uses as the distance from the city centre grows along with the degree of isolation.
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Fig 16. Changes of the ENN_MN index based on the distance from the city center 
The directions with the greatest index values during the research period are displayed in the radar diagram (Figure 17). It is evident that the directional and peripheral zones have higher ENN_MN values overall. Furthermore, the index value in the centre regions is significantly lower than in the periphery regions, and it has exhibited a consistent trend over the course of the time. The graphs had identical initial values, but their periphery saw a dramatic increase in value. West (W) and Northeast (NE) have the best separation technique.

Fig 17. ENN_MN index changes based on geographical directions
Two phases can be distinguished when examining Urmia's urbanisation. A decline in the AI index indicates that between 1990 and 2000, the city's core area grew due to the rapid expansion in the city's periphery. Furthermore, fresh growth is seen in regions that are divided from one another by open space. It displays the city's sweeping growth. Between 2000 and 2010, there was a decline in the rate of urban expansion. The accumulation of specks fell significantly during this time, and the city saw a cumulative decline in GYRATION_MN. It might suggest that urban patch development has been the main focus of Urmia's ongoing growth, and that this development has been accompanied by a notable rise in ENN_MN and a cumulative decline in Gyration.
3-3- Urban spatial patterns and the consequences of urban expansion
Two spatial indices (growth ratio indices) for gauging urban expansion are UEII and UEDI, as was previously mentioned. They are regarded as independent factors to look into the connection between spatial patterns and urban growth. Furthermore, the spatial criteria's value is regarded as a dependent variable. The GWR model was selected as a useful model to examine the connection between these two categories of variables. Table 5 displays the corrected R² and AICt values produced by the GWR model for various time periods.
Table 5. The GWR regression measures' outcomes
	Period
	Spatial metrics
	Adjusted R²
	AICt

	
	
	UEII
	UEDI
	UEII
	UEDI

	1990-2000
	AI
	0.4571
	-0.1402
	174.4822
	54.6116

	
	GYRATE_MN
	0.4093
	0.1429
	176.7599
	48.9642

	
	ENN_MN
	0.2664
	-0.0893
	178.6680
	53.5632

	2000-2010
	AI
	0.3974
	-0.1134
	140.6866
	87.4393

	
	GYRATE_MN
	0.4646
	-0.0422
	137.1340
	85.4452

	
	ENN_MN
	0.2710
	-0.0941
	144.4142
	86.9415

	2020-2010
	AI
	0.2347
	-0.0349
	99.7322
	73.1597

	
	GYRATE_MN
	0.2488
	0.0912
	97.8137
	70.7454

	
	ENN_MN
	0.1265
	0.1703
	101.8860
	74.1855



Overall, Table 5 shows higher values for R² and AICt for UEII than for UEDI. The analysis of two distinct variables reveals that the index of urban development exhibits a more robust correlation with spatial patterns. To put it simply, alterations in spatial arrangements are strongly correlated with the magnitude of urban expansion.
The regression coefficients exhibited substantial variation among urbanised locations. The spatial distribution of the coefficient indicates that the connections between spatial factors and UEII values differ across concentric zones. The coefficients for each spatial pattern exhibited a consistent trend for the first two decades, which remained relatively unchanged in the last decade, as illustrated in the accompanying graphs.
The initial graph (Figure 18) depicts the correlation between UEII and AI as influenced by the proximity to the urban core over a span of two decades. Initially, a notable positive association was identified at a distance of 12 km from the city centre. This suggests that the acceleration of expansion can result in a rise in the agglomeration process. The negative coefficients observed at a distance of 12 km from the city centre indicate that the rapid growth of urbanisation results in a decline in the development of larger urban structures and an increase in the consolidation of land in the peripheral areas of Urmia.

Fig 18. The relationship between UEII and AI based on the distance from the city center
The shift in relationship values between ENN_MN and UEII in the central sections is depicted in the second diagram (Figure 19). Both positive and negative values have been displayed by the separation index. Over the course of the investigation, a negative correlation has been found overall. It demonstrates how the intensification of urban expansion results in a lessening of the separation process as one moves away from the city centre. Conversely, the growth of ENN_MN has been positively impacted by urban expansion. The AI trend line value and the ENN_MN value exhibit a reversing trend when compared.

Fig 19.  The Relationship between ENN_MN and UEII based on distance from city center 
Figure 20 illustrates how varied oscillations were seen throughout the study period in the effects of expansion on the changes of GYRATION_MN value in various regions. The regions that have suffered the most are 17 km out from the city centre. The intensification of urban expansion in region 17 has resulted in a decline in the index of gyration and the dispersion process, as indicated by the negative link between the intensity of expansion and the index of accumulation (Gyration index). Overall, the GWR analysis demonstrated that Urmia City's spatial arrangement may greatly accelerate urban expansion.

Fig 20. Relationship between GYRATION_MN and UEII based on distance from city center

4- Conclusion
The current study examines the urban expansion of medium-sized cities. In this sense, user changes have been addressed first. The results show that during the course of the four decades under investigation, a variety of factors have influenced changes in land usage. Growing built-up areas and dwindling plant life in Urmia are indicators of the city's increasing urbanisation. Rather, the rise in arid areas and the decline in water resources represent changes in the climate and geology of the region. The conversion of desert land into developed land in the Urmia metropolitan area is a good predictor of the effects of urbanisation.
Therefore, in the next step, the urban expansion process of Urmia between 1990 and 2020 will be investigated. In this regard, three indicators and two types of boundaries (directional zones and concentric circles) have been used. The results show that the area of Urmia City during the periods under review has been continuously expanded, and the built area has increased proportionately to the total area. Also, the findings indicate that the middle areas of Urimeh city have expanded with high intensity. Compared to the first period (1990-2000), the intensity of expansion has decreased significantly in the following decades. In the first decade of 1990-2000, the greatest difference and intensity of urban expansion occurred in the direction of the east and north of Urmia city. However, in the next decade, the desire to expand the built lands in the southwest, west, and northwest has increased. Finally, in the decade of 2010-2020, the pattern of urban expansion has tended towards the east and northern regions. The main reason is the increase in agricultural and industrial activities. In the next step, the patterns of the landscape in Urmia city have been examined. In general, the growth of Urmia city has been in the form of scattered and fragmented development. The results show that the density process has been increasing in the marginal areas of Urmia city. As the distance from the city center increases, segregation also increases, which means a decrease in the variety of uses.
Spatial-geographical regression analysis showed that the spatial pattern of Urmia city can significantly intensify urban expansion.
The results of the present study show that the city of Urmia has experienced urban sprawl in different periods. It confirms the study's results by Abedini et al. (2020). In the discussion of the quantification of growth patterns, the results of the present study show the efficiency of using UEDI, UEII, and AUER indices. This issue is consistent with the results of Heidarinejad's research in 2017 and confirms the suitability of his proposed method for studying the patterns of urban expansion in mid-organ cities.
Examining the characteristics of Urmia's urban growth serves as a useful illustration of Iran's medium cities. Evidence from the study suggests that urban sprawl has expanded in Urmia city's periphery due to urban expansion. Compared to a more compact pattern, this urban design may result in greater ecological and environmental issues. The dispersed pattern on the outskirts of the city has resulted in a significant loss of agricultural land, making it imperative to improve the efficiency of land management policies and urban land use planning. The study's conclusions lead to the following recommendations:
Infill development policy: considering that Urmia City has many vacant lands (Abedini & Khalili, 2019). This potential can lead to the optimal use of the existing land and stop the expansion and destruction of the land around the city.
Detailed investigation and monitoring of land use changes: The land use pattern, as one of the most sensitive issues in urban planning, is not only a physical issue but also a social, economic, environmental, and management issue. On the other hand, it should be given sufficient attention in urban development plans, especially the master plan, which is the guiding document for the comprehensive development of the city. For example, the gardens inside Urmia remain neglected for a long time until they turn into barren lands. Finally, these lands will be converted into a built environment. Therefore, it is necessary to control these cases using legal tools such as a comprehensive and detailed city plan. Utilizing green infrastructure, such as including green spaces, parks, and natural corridors in urban plans to improve environmental quality, provide recreational opportunities, and reduce the heat island effect, can be helpful. Creating a green belt can also be useful for curbing urban expansion and protecting agricultural and natural areas.
For future research, it is recommended to consider factors driving urban expansion in different spatial units (directional and concentric zones) according to the spatial extent of the city. Also, the impact of urban expansion on different social groups has shown that urban sprawl has several adverse social effects, such as increasing income inequality, social isolation, and reduced access to public services. However, more research is needed to understand how these effects are distributed across different social groups, such as race, ethnicity, income, and age.
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ENN 2000_2010	-3.0309847905903631E-2	-3.2154911155960642E-2	-3.5823541062920045E-2	-4.0984835433548777E-2	-4.7058129281577599E-2	-5.123961978799238E-2	-5.1913818988849184E-2	-4.4041665730261609E-2	-2.3251065250068509E-2	9.3260057486409531E-3	4.6071289217033073E-2	7.3222704074769884E-2	8.4197062158119951E-2	8.4977522682554985E-2	8.3864618889234244E-2	5.3881178989652057E-3	-5.4803322041674818E-2	-4.8235942447205415E-2	-3.959184294400897E-2	-3.0010796032338805E-2	ENN 2010_2020	-6.724927968812755E-2	-6.7801605624977168E-2	-6.8502716090331095E-2	-6.864694651566261E-2	-6.778561362569846E-2	-6.6402921386165992E-2	-6.416449129223678E-2	-6.2981898200186515E-2	-6.2624279597991661E-2	-6.1016459144426327E-2	-5.3462707031112666E-2	-3.6593775069645229E-2	-3.2026361468645792E-2	-3.8453426987506756E-2	-4.487295833077054E-2	-1.256453108888067E-2	4.0514115627754865E-2	5.1286059685377028E-2	5.5980405661152144E-2	5.7478252422799914E-2	ENN 1990_2000	-6.3879665709919736E-2	-6.4089407000802651E-2	-6.452896285806084E-2	-6.5164932404689901E-2	-6.6016875414161708E-2	-6.7149787499726027E-2	-6.8220456615121994E-2	-6.8951800084722625E-2	-6.8516467008729487E-2	-6.5363571316151892E-2	-5.44283255747946E-2	-2.5024649812789512E-2	1.0202190501992003E-2	-3.5107344911633476E-3	-6.3659698369834317E-2	-1.0374820648972438E-2	2.2229427881318209E-2	3.2180559063891501E-2	2.5842534683923724E-2	1.3842415699459432E-2	



GRY 1990_2000	-0.38662729243228788	-0.38903217725071459	-0.39371568063900864	-0.4000364344446693	-0.40694564298582447	-0.41085378968161712	-0.4079390179775324	-0.3965800616642623	-0.36636927395131025	-0.29992399426351035	-0.11839830782908045	0.35968216902604233	0.35002205540742182	-5.650232748423889E-2	-0.52322192010270641	-0.34448423142140427	-0.10034382215121695	-0.44019560689908843	-0.53038525682456594	-0.42304688565022985	GRY 2000_2010	-0.16826636210471213	-0.17166917230281931	-0.17848572787705297	-0.18850476749580269	-0.20145057794522214	-0.21639427451276172	-0.23358378821875037	-0.25114358915839541	-0.27186996578099643	-0.29322573012391084	-0.31730333806557609	-0.34230105093589869	-0.38025620050219944	-0.43688366158776537	-0.63872374593032699	-0.74170739958621423	-0.77056447969729613	-0.77259000226992836	-0.64084111739975214	-0.29711196474016077	GRY 2010_2020	0.22271029885120097	0.22672728539285159	0.23492823468308022	0.24689495427867381	0.26348450569164583	0.28575527559003644	0.31287578665659632	0.34473376584800031	0.38618170271575281	0.43730360737600749	0.50668524833749218	0.61727728525632841	0.75994354117374252	0.81552361639099624	0.75612625420029045	0.51667821235691469	3.3032854356565444E-2	-0.59417567258274562	-0.93565084042396585	-1.1496998113914714	



پوشش گیاهی	1990	2000	2010	2020	47.710698642552401	40.301433467662697	38.448164529260843	35.827508469377058	ساخته شده	1990	2000	2010	2020	2.743528350287058	5.0314893261626414	6.9595341797398431	8.737978585205143	پهنه های آب	1990	2000	2010	2020	4.5374496635781956	4.4996235724875886	1.9159447088970838	1.4189228030541201	بایر	1990	2000	2010	2020	45.008323343582354	50.167453633687067	52.676356582102237	54.015590142363671	
Percent
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