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Modeling urban expansion in Zahedan’s dry climate: insights from the SLEUTH model
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Introduction: Rapid uncontrolled growth of build-up areas has increasingly challenged the sustainable use of urban area simulating the growth patterns of fastest-growing cities is more necessary in dry climates, due to low ecological suitability for urban development and meeting the needs of citizens. Therefore, this research conducted aiming at predicting the expansion of urban land use in Zahedan City, Iran, which has a dry climate with an evenness landscape.

Methods: Urban Expansion in Zahedan Modeled using SLEUTH (slope, land use, exclusion, urban extent, transportation and hillshade) in two historical and environmental scenarios until 2050. The input data were extracted from processing on DEM and remote sensing data and the SLEUTH model was calibrated in four stages from 1990 to 2020.

Results and discussion: The results showed that the increase in Ahead extent in 2050 is more than twice as much as in 2020, and this increase was associated with a less dispersion of urban patches in the environmental scenario compared to the historical scenario. Also, the results clarified that the developable spaces are saturated in terms of slope in the east and there is the lack of urban green spaces. These results reveal the need for the attention of city managers in predicting the urban green space in the expected growth areas and compensating for the lack of vegetation cover in the former urban areas. Geographic extension of predicted urban land can be used in future environmental planning and urban developing strategies, as well as it is suggested to adopt this approach as a plan for urban planning in dry climates.

Keywords
 land use change; urban expansion; spatial simulation; scenario building; urban environmental management; cellular automata (CA); spatial dynamics


1 Introduction

Changes in land cover and human-induced land use changes are the primary drivers of global environmental changes. Over the past two decades, the extent and impacts of human activities on earth have reached unprecedented levels, leading to intensified changes (Mallouk et al., 2019). Urbanization has become a widespread phenomenon in most countries around the world (Nadoushan, 2022). In 1970, 36.6% of the global population lived in urban areas, but today more than half of the world’s population resides in cities (Pathirana et al., 2014). It is predicted by 2050, the urban population will exceed 60% (Zhou et al., 2019), with Asia and Africa experiencing 90% of the increase in urbanization (UN, 2018). As the population increases, the demand for residential areas increases, leading to a distinct pattern of land use (Kuo and Tsou, 2017). This rapid urbanization is driven by various factors such as social and economic, political, technological, geographical, and global and local cultural factors (Kawiani et al., 2018). However, these factors also contribute to negative outcomes, including uneven urban growth, urban heat islands, increased energy consumption, air pollution, public health concerns, deforestation, biodiversity loss, and the encroachment on agricultural lands (Wang et al., 2012; Nadoushan, 2022). Effective land management becomes crucial in addressing the challenges posed by the expansion of cities and urbanization (Hoseini et al., 2016).

Managers and planners require a tool to anticipate the rate and scale of future urban growth in order to mitigate issues arising from rapid population growth (Soufi et al., 2018). Smart growth and simulation of urban development have emerged as prudent approaches in sustainable land use planning, aiming to address problems caused by inadequate planning, such as ecological destruction and pollution (Inouye et al., 2015). This approach serves as an effective tool to mitigate the ecological impacts resulting from urban expansion (Yu et al., 2019). Also enhancing our understanding of the processes and patterns of urban growth shaped by human-environment interactions (Yang et al., 2020). In recent years, with rapid advances in remote sensing (RS) and geographical information system (GIS) techniques, dynamic modeling has gained popularity as a primary research field in geographic information science science. This tool is widely used by geographers and urban planners for urban and landscape simulation (Triantakonstantis and Mountrakis, 2012; Mustak et al., 2022). To predict urban expansion, it is essential to have historical and current urban area data. This data can be acquired through the classification of satellite images using remote sensing techniques. Supervised pixel-based classifiers are the most commonly used methods for this type of classification. These methods include traditional approaches like Fisher’s linear discriminant analysis (LDA) and logistic regression (Hastie et al., 2009), as well as modern machine learning methods such as support vector machines (SVM) (Thamaga et al., 2022). The distinction between barren and built-up areas is one of the most important issues in arid and semi-arid climates. The efficiency of Local Climate Zoning (LCZ) algorithm, which utilizes microclimate changes to demonstrate the impact on urban areas and their adjacent regions, has been previously demonstrated (Satari et al., 2023).

The Geomod, SLEUTH, Land Use Scanner, Environment Explorer, Logistic Regression, SAMBA, LTM, CLUE-S, CLUE and markov chain model are some of the most popular peer-reviewed land change models (Pontius et al., 2008; Bose and Chowdhury, 2020; Salem et al., 2021). Among all the dynamic models, those based on cellular automata (CA) like SLEUTH model are probably the most impressive in terms of their technological evolution in relation to urban programs. Moreover, SLEUTH model is also considered a powerful tool for describing urban growth and density and spatial dynamics. In this model, using the Brute Force method, five growth coefficients can be got based on various methods, such as OSM index (Dietzel and Clarke, 2007; Li et al., 2018; Saeidi et al., 2018; Kumar and Agrawal, 2023), Lee-Salee index (Jahanishakib and Erfani, 2021) or other indices (Rafiee et al., 2009a,b).

The first simulation of urban growth in the United States of America was done by Clarke et al. (1997), and then it quickly attracted the attention of researchers in the United States of America (Clarke and Gaydos, 1998; Yang and Lo, 2003; Xian and Crane, 2005). In 2002, it was first done in Europe and Portugal by Silva and Clarke (2002, 2005). Aside from the United States, SLEUTH has the largest number of applications in China’s fast-growing cities (Huang et al., 2008; Liu et al., 2019). In Iran, with the intensification of the expansion of densely populated urban areas, the use of this model has started in the last two decades (Mahini and Gholamalifard, 2007; Khammar and Heydari, 2016; Rasouli, 2016; Jahanishakib and Erfani, 2021). The studies conducted with this model show the increase of the urban land use area and the conversion of surrounding land uses, especially agriculture and forest, into build-up lands (Bihamta et al., 2015; Rasouli, 2016; Bose and Chowdhury, 2020; Salem et al., 2021). Likewise, the conversion of the rural landscape into an urban one is predicted by Dadashpoor and Salarian (2020). The most important factors in the city’s expansion are mainly the effects of the slope (Bihamta et al., 2015; Khammar and Heydari, 2016), the main roads (Esfandeh et al., 2021; Salem et al., 2021), and the value of marginal lands (Hoseini et al., 2016; Khammar and Heydari, 2016). Therefore, cities in Iran are characterized by edge expansion and linear growth due to these factors (Bihamta et al., 2015; Esfandeh et al., 2021).

In SLEUTH modeling, the ability to define various urban growth scenarios is crucial. Scenarios allow us to make more precise predictions about land use changes by considering different economic, social, cultural, environmental conditions. These prediction results help create appropriate strategies for managing urban growth and effective planning for sustainable urban development (Jahanishakib and Erfani, 2021). Researchers like Sakieh et al. (2015) predicted two compact and extensive growth scenarios by changing the growth coefficients, and Bihamta et al. (2015) and Du (2016) considered historical growth and compact growth scenarios. Shi et al. (2017) investigated natural growth and growth with ecological priority scenarios. Liu et al. (2019) simulated three scenarios of historical growth, urban planning growth, and land suitability growth. Bajracharya et al. (2020) simulated two historical and developmental scenarios. Saeidi et al. (2018) also defined three scenarios for urban growth by changing the five growth coefficients in the SLEUTH model. Nadoushan (2022) also predicted urban growth in two scenarios according to historical growth and growth without changing agricultural to urban land use. Li et al. (2018) also defined a new scenario for urban growth by applying habitat quality so that valuable habitat areas do not change into urban uses.

Another noteworthy point is the applicability of the model besides metropolises (Bihamta et al., 2015; Sakieh et al., 2015; Du, 2016) for small cities (Saeidi et al., 2018; Ghamari et al., 2019) and even new cities (Khammar and Heydari, 2016), but with a strong expansion. However, in any case, this expansion is more intense in big cities (Jawarneh et al., 2015; Guan et al., 2020). The review of studies also revealed another point, and that is the studied area, which can include a city and its surroundings [such as the study of Jahanishakib and Erfani (2021)] to a province that includes different urban and rural areas (Dadashpoor et al., 2019; Clarke and Johnson, 2020; Guan et al., 2020). It is worth noting that Zhou et al. (2019) used the SLEUTH model for the urban growth of the entire world. Therefore, the application of the SLEUTH model is widely important for urban to global management, in which the pixel size varies from 30 meters in most studies (Bihamta et al., 2015; Sakieh et al., 2015; Du, 2016; Saeidi et al., 2018; Jahanishakib and Erfani, 2021; Kumar and Agrawal, 2023) to one kilometre (30 arc-seconds) on a global scale.

In developing countries, rural–urban migration and the growth of the service sector in cities have led to rapid urbanization. However, this development often lacks proper balance and coordination with the existing infrastructure. As a result, newly developed areas may not align well with the existing physical structure of the city (Hajibabaei and Zakerhaghighi, 2017). Therefore, accurate predictions of urban expansion are crucial for managing urbanization and understanding the dynamics of growth. However, studies on urban development in dry climates with even landscapes, lacking water resources, and a lack of proximity to agricultural areas are limited. These regions face challenges such as insufficient vegetation cover, rapid population growth, and the expansion of urban areas. More research is needed to address urban growth in these dry climate conditions. The main aim of the study is to implement the research process in Zahedan, Iran, which has a dry climate (Fathi Taperasht et al., 2022). The city of Zahedan is the largest city in the southeast of Iran, which has faced a strong expansion and increase in marginalization in the last three decades and has an unfavorable environmental conditions (Shahnavashi et al., 2021). This study attempts to predict the urban growth of Zahedan by the year 2050 and analyses the anticipated consequences and problems of regional design that are expected to worsen in the future. Two scenarios of historical and environmental development were considered for this purpose.



2 Materials and methods


2.1 Study area

Zahedan has an area of 31,250 square kilometers, equivalent to 17% of the area of Sistan and Baluchestan Province. Zahedan, the capital of Sistan and Baluchestan Province, is located in the southeast of Iran and is in the south of the Sistan plain. The height of this city is 1,378 meters above sea level. The city of Zahedan is located at 60° 51′ 46.44″ E longitude and 29° 29′ 46.68” N Latitude (Figure 1). In terms of location, this region is limited to Nimrooz and Hamoon cities from the north, Lut desert and Kerman province from the west, Pakistan and Afghanistan from the east, Iranshahr and Khash cities from the south, and Mirjaveh city from the southeast (Satari et al., 2024). The geographical location of Zahedan city and its political-administrative centrality have given rise to the significant growth and development of the city in a short period. In fact, the city of Zahedan, as the major market of the province, performs many times beyond the borders of the province and even the country. On the other hand, Zahedan’s three-way location in terms of airlines, land roads, and railways is the reason for its importance of geographical location. Because of its proximity to dry and desert areas and being affected by them, Zahedan city has a hot and dry climate and has low relative humidity. The temperature data shows that in this region, the monthly and annual temperature values do not change significantly from year to year. The average annual maximum temperature is 42.5 degrees Celsius and the average minimum temperature is-11.6 degrees Celsius. The average annual rainfall is 72 mm (The I.R. of Iran Meteorological Organization, 2022), and according to the latest census, the population of Zahedan city was 672,589 until 2016 (The Iran Social Science Data Portal, 2024).
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FIGURE 1
 Location of Zahedan in Sistan and Baluchestan Province and Iran.




2.2 Method

In this research, the SLEUTH model was used to analyze the physical expansion pattern of Zahedan during the years 2020 to 2050. This model employed widely accepted cellular automata, which are commonly used (Bose and Chowdhury, 2020).


2.2.1 Preparing input layers for modeling

To model urban growth, we prepared a slope layer, an exclusion layer, a hillshade, and four layers of the city, as well as four layers of the transportation network corresponding to four years within the ten-year time span from 1990 to 2020, all at a 30-meter resolution. All of these layers play a role in determining SLEUTH model behavior except the hillshade, that is used only for visualization purposes (Dietzel and Clarke, 2007). The slope layer is used to determine the slope-resistance weighting in the model (Clarke and Gaydos, 1998). The exclusion layer is used to place constraints on urban growth that provides an opportunity to define different urban growth scenarios. Critical data in this model are urban extent layers that act as control points for model calibration and determination of goodness of fit. Historical maps of the transportation network serve as a catalyst for the expansion of urban areas (Dietzel and Clarke, 2007). The digital elevation model (DEM) of the studied area was downloaded from the USGS site (DEM SRTM), and then the slope map and hillshade were prepared from the DEM using TerrSet software. The classification of Landsat images (Collection 2 and Level 1[m1]) was used to prepare maps of urban areas for the years 1990, 2000, 2010, and 2020 (Table 1). All the images were associated with the peak of the growing season and had the minimum percentage of dust and clouds. These images were downloaded from the USGS Earth Explorer site and were related to path and row of 157 and 40. The LCZ classification of images was conducted using SAGA GIS software (Bechtel et al., 2015) with training samples extracted from historical data in Google Earth. The method includes 17 classes, which are as follows: (1) compact high-rise, (2) compact midrise, (3) compact low-rise, (4) open high-rise, (5) open midrise, (6) open low-rise, (7) lightweight low-rise, (8) large low-rise, (9) sparsely built, (10) heavy industry, (11) dense trees, (12) scattered trees, (13) bush and scrub, (14) low plants, (15) bare rock or paved, (16) bare soil or sand, and (17) water. There are no classes 1, 4, 12, 13, 15, and 17 in the study area that was included in the classified maps. These maps were converted into binary layers, distinguishing between urban areas (including classes 2, 3, 5, 6, 7, 8, 9, and 10) and non-urban areas (all other classes). The Landsat satellite was also used as the fifth time point in 2023 to validate the simulation results (Table 1).



TABLE 1 Characteristics of used Landsat satellite data.
[image: Table1]

Accuracy assessment of classified images was evaluated using the producer’s accuracy, user’s accuracy, overall accuracy, and kappa coefficient. For this purpose, 218 random points were used to validate the classification results against Google Earth, which served as the reference map.

The transport layers for the years 2000, 2010, and 2020 were created by visually interpreting Google Earth’s historical images. The 1990 Transport Layer was developed using on-screen digitization of the 1990 Landsat satellite. The accuracy of these data was also ensured by backward and forward checking of the road layers of four years. The exclusion layer for the two scenarios of historical and environmental growth is different, as for the historical growth of the road, airport, and its buffer. For environmental growth, besides the road, airport, and its buffer, slopes above 30% and vegetation cover are also considered that prepared using TerrSet software. The reasons that the slopes above 30% were considered in exclusion layer of environmental scenario are as follows: In order to facilitate development, greater excavation and embankment are required, leading to increased manipulation of land. This, in turn, results in higher costs due to the need for ground leveling and the utilization of more intricate structures to ensure building stability. The occurrence of urban development within these areas heightens the vulnerability of slopes to landslides triggered by rainfall. In the city of Zahedan, the optimal land cover for areas with significant sloping is the implementation of green spaces. This is primarily due to the presence of vast expanses with low slope in the western part of the city for urban expansion, coupled with a scarcity of green spaces within the urban.



2.2.2 Modeling process

The SLEUTH model is based on cellular automata and is open source and comprises two connected CA models: Urban Growth Model (UGM) and land use change model called DLM. According to the purpose of the research in this study, the UGM model was used. SLEUTH stands for the input layers of the model, which includes the slope layer, land use, areas excluded from development, urban areas, transportation networks, and the hillshade layer. Model calibration plays a crucial role in achieving accuracy in simulation models, such as the SLEUTH model (Ayazli, 2020). Using historical maps, this model changes five effective coefficients, including dispersion, breed, spread, slope, road gravity, in the process of city development in the calibration stage and shows the effect of each factor as a coefficient between zero and one hundred. The transfer rules are determined under the influence of these coefficients during different calibration steps and used for the simulation step (Saxena and Jat, 2019).

To put it another way, according to SLEUTH, the urban areas act as though they are living organisms, instructed by transition rules that affect the state of changes inside the CA as a collection of nested loops. In the concept, there is a meta level of development regulations known as “self-modification” regulations that aid in preventing linear and exponential urban expansion (Silva and Clarke, 2002).

Diffusive growth, new spreading center, organic growth, and road-influenced development are the four growth patterns that affect a cell’s likelihood of being urbanized (Clarke and Gaydos, 1998). Urbanization on appropriate sloped ground away from already developed urban centers is known as spontaneous growth. When emerging urban areas convert the surrounding land from various uses to urban land cover, this is known as diffuse growth. At the periphery of urban regions and in places that may not have completely transitioned from another land use to urban, organic development occurs. Additionally, as transportation network draw on recent growth, it is important to consider how they affect urbanization and changes in land use through road influenced growth (Dietzel and Clarke, 2006). The modeling stages are described following and Figure 2 shows the flowchart of the modeling process.

[image: Figure 2]

FIGURE 2
 The SLEUTH model’s structural phases and processes [adapted and modified from Chaudhuri and Clarke (2013)].


The SLEUTH model was retrieved from the website http://www.ncgia.ucsb.edu/projects, the Project Gigalapolis section (Chaudhuri and Clarke, 2013). Operating systems based on UNIX or UNIX-like execute the model. Therefore, this model was implemented by installing Cygwin64 Terminal, which is UNIX emulator software on Windows.


2.2.2.1 Initial conditions

After the introduction of the input layers for modeling, to perform coarse calibration, the initial five growth coefficients were considered with 25 steps in the range of 0 to 100. Urban sprawl modeling begins with a “seed” urban file with the oldest urban year, and at least two roadmaps that interact with a slope layer to allow the generation of new nuclei for outward growth (Figure 2).



2.2.2.2 Generate growth cycles during calibration process

The “Generate Growth Cycles” calibration process in Figure 2 employs a brute force calibration technique that gradually reduces the range of SLEUTH behavior parameter values (five growth coefficients) throughout the calibration process until it leaves the set that most closely matches the historical data (Silva and Clarke, 2002). In this section of Figure 2, the outer loop runs Monte Carlo iterations while the inner loop runs the growth rules.

As mentioned, the SLEUTH model is based on CA. Table 2 briefly shows the equations used in the steps of CA implementation (Benchelha et al., 2022).



TABLE 2 Equations used in CA implementation steps.
[image: Table2]

The five growth coefficients include the diffusion coefficient, the breed coefficient, the spread coefficient, the slope resistance factor, and the road gravity coefficient. Diffusion determines how dispersive the distribution is in general. This value, which is calculated using Eq. 6, determines how frequently a pixel will be picked at random for possible urbanization.

[image: image]

Breed coefficient assesses a separated settlement’s propensity to start its own development cycle. The spread coefficient regulates how much organic expansion occurs in the system’s direction. The likelihood of settlements expanding higher on steep slopes is influenced by slope resistance. If new settlements are within a certain distance of an existing road, road gravity affects how desirable they are for the current road network. Calibration was done in SLEUTH by Brute Force method, including four steps: coarse, fine, final and average. Several metrics of goodness of fit are generated because of each calibration step (Table 3).



TABLE 3 Some metrics that can evaluate the goodness of fit of the SLEUTH model (Dietzel and Clarke, 2007).
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The metrics in Table 2 can be used alone or in combination for evaluation. Among the metrics in this table, Lee-Salee is the most common (Asadullah and Muhammad, 2000; Rafiee et al., 2009b; Feng et al., 2012; Akın et al., 2014; Jahanishakib and Erfani, 2021), and among the composite indexes (Dietzel and Clarke, 2007; Sakieh et al., 2015; Li et al., 2018), it is the OSM index, which is got by multiplying seven statistical coefficients according to Eq. 7, and evaluates the accuracy of the model implementation.

[image: image]

In this study, after completing each calibration step, the “goodness of fit” is determined by the Optimal SLEUTH (Dietzel and Clarke, 2007), and the range of the five growth coefficients based on the highest OSM values in each stage of calibration was narrower and the number of steps increased. The set of five primary growth coefficients was considered in steps ranging from 0 to 100, narrowing after each calibration. In this way, based on the highest OSM values, the lower and upper limits and the new range of the five growth coefficients were got for each stage of calibration. The selection of the range of coefficients in the calibration stages depends on the experience of the researcher and their familiarity with the region and its historical growth pattern. In the current study, by validating the results for 2013, which are explained in the Model validation section, it was obtained from the appropriate selection of confidence coefficients. After the calibration of average, the set of parameters with the highest OSM is used for prediction. Also, during the calibration process, the Lee-Salee index was also used to better control the calibration process.



2.2.2.3 Conclude simulation of Zahedan growth

The prediction stage as the last stage of the model shows the probability of the city expansion in the specified years in the future. The starting year of the prediction was 2020 and the end year was 2050. After the prediction stage is completed, several gif files are produced that show the growth of the city year by year until the end of the prediction year. In these maps, larger values show a higher probability of urbanization of the corresponding pixels. Next, the probability threshold of urbanization is determined and used in classification of probability map. The historical growth scenario based on the exclusion layer of this scenario was evaluated based on the explanations given. In order to evaluate the environmental growth scenario, besides applying the environmental growth exclusions layer, the coefficients got from the different stages of the historical growth calibration were changed in favor of the organic growth model.




2.2.3 Model validation

The validation of the prediction map was performed by comparing it to the reality map of 2023, derived from the LCZ method, using the Receiver Operating Characteristic (ROC) analysis. For this purpose, the Landsat data for the year 2023 (Table 1) were downloaded, classified, and assessed for classification accuracy. The SLEUTH model also ran again for 2023 (based on the urban growth layers of 1990–2000–2010 and 2020). The values of the Area under curve (AUC) serve as the basis for measuring the accuracy and correctness of the model. The closer the value of the area under the curve is to one, the more accurate the evaluated model is and the closer it is to the ideal state.





3 Result


3.1 Obtained input layers for SLEUTH model

Slope, land use, exclusion, urban extent, transportation and hillshade are the input layers for SLEUTH model. Figures 3–5 showed the slope and hillshade, the transport layers for the years 1990, 2000, 2010, and 2020, and the exclusion layer for the two scenarios of historical and environmental growth, respectively.

[image: Figure 3]

FIGURE 3
 Hillshade layer (A) and Slope layer (B) of the study area.


[image: Figure 4]

FIGURE 4
 Transportation networks in four years.


[image: Figure 5]

FIGURE 5
 Areas excluded from development in historical growth scenario (A) and environmental growth scenario (B).


The classification results of Landsat images using the LCZ algorithm for the calibration period (from 1990 until 2020 with a decade interval) and one year (2023 for validation of model results) show the rapid growth of Zahedan city over 33 years (Figure 6). The accuracy assessment of the classification results showed that the producer’s accuracy for the city class was higher than the user’s accuracy in all four years. This indicates that there are more pixels belonging to the non-urban class that were misclassified as urban class, compared to the number of pixels belonging to the urban class that were misclassified as non-urban class (Table 4). Investigation into the points classified as urban, which are actually non-urban, revealed that they are primarily located in vacant areas within or near the city. The use of thermal bands in this method has led to the classification of areas under the influence of the city (thermal effect of built-up areas) as urban areas. Due to the consideration of the urban sphere of influence, this method was chosen for classification in this study. The other accuracy statistics are presented in Table 4, which demonstrates the validation of the input data used for modeling as acceptable.

[image: Figure 6]

FIGURE 6
 Urban areas in four years.




TABLE 4 Accuracy statistics of classification of urban and non-urban areas.
[image: Table4]



3.2 Calibration and forecasted results

According to the exclusion layer containing roads and airport and its buffer in the historical growth scenario, four stages of coarse, fine, final and average calibration were performed. In the coarse calibration stage, default five coefficients between 0 and 100, step equal to 25, and Monte Carlo number 4, were considered (Table 5). In the fine stage, based on the results of the calibration of the coarse stage, five coefficients were selected in a narrower range for fine calibration, and thus, the narrowest range (1) was considered in the averaging stage. The starting and ending values and ranges and the execution time of each step are listed in Table 3. As shown in the table, from the first calibration to the last one, the number of Monte Carlo is added, and the highest number of Monte Carlo is in the averaging stage. A more reliable set of prediction parameters will be created by averaging the parameter outcomes of more Monte Carlo iterations because of the model’s random variability. The highest values of OSM and Lee-Salee in different stages of calibration to evaluate the goodness of fit of the model are listed in Tables 6, 7, respectively.



TABLE 5 Determining the coefficients in the calibration stages of the historical growth scenario.
[image: Table5]



TABLE 6 The best five coefficients, based on the highest OSM values, extracted from the calibration steps of the historical growth scenario.
[image: Table6]



TABLE 7 The best five coefficients based on the largest Lee-Salee values, extracted from the calibration steps of the historical growth scenario.
[image: Table7]

According to Table 8, which shows the five coefficients got based on the average calibration, the slope resistance has gradually decreased from 2000 to 2020 with the saturation of areas up to 30% slope. Consequently, due to the saturation of slopes up to 30%, the slope threshold was raised to 40% in the scenario file for the prediction stage. Figure 7 shows the coefficients used in this scenario, the rounded values are the coefficients of 2020. The environmental growth scenario was predicted by changing the five coefficients (Figure 7) and changing the layer of exclusions. Based on Figure 7, breed, diffusion, and road gravity coefficients were considered lower than the historical scenario, and slope resistance and spread coefficients were considered higher than the historical growth scenario. Because of the role of spread in organic pattern growth, the spread coefficient was considered higher than in the historical scenario.



TABLE 8 The five coefficients got based on the calibration of average in different years of the historical growth scenario with the SLEUTH model.
[image: Table8]
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FIGURE 7
 Determining the five coefficients in the historical and environmental growth scenario.


The number of Monte Carlo in the prediction step was considered being 10.

The reclassification threshold for urban area in the simulation results for the year 2050 was set at 80%. Figure 8 shows the simulation results of historical urban and environmental growth scenarios.

[image: Figure 8]

FIGURE 8
 Overlay of simulating the growth of Zahedan in the historical and environmental scenarios in 2050.


According to Figure 9, the increase in area of Zahedan in 2050 will be between 15912.18 and 19713.78 ha in the historical growth scenario and it will be 16083.72 ha in the environmental scenario.

[image: Figure 9]

FIGURE 9
 The area of Zahedan in different past and predicted years.




3.3 Validation of model

The prediction map generated by the SLEUTH model for the year 2023 has been reclassified using a threshold. Pixels with a probability of over 80% of becoming a city were classified as urban areas (Figure 10A). The validation results of the prediction map, using the reclassified LCZ map as references (Figure 10B), showed an AUC value of 0.924. This is demonstrated in Figure 10C, which confirms the successful validation of the model.

[image: Figure 10]

FIGURE 10
 Classified map of urban areas (A), simulated map (B) of Zahedan at 2023, and ROC for model validation (C) (the ROC curve was generated using the cumulative probability of urbanization in the year 2023 and the reference layer for the same year. The dashed line represents random location, with an area under the curve (AUC) of 0.50).





4 Discussion

In the present study utilizes the LCZ classifier to demonstrate urban and non-urban areas based on local climates. However, it should be noted that the border of the city depicted by the classifier may extend slightly beyond the actual physical limits of the built-up areas. The city border can be defined as (1) the outer limit of the build-up areas or (2) the region influenced by the build-up areas. It seems that the use of second type of classifiers is more appropriate for the studying fields such as ecology, local climate change, climate comfort and environmental management. Nevertheless, they do not show their actual accuracy because they are compared to the built-up areas, not influenced ones. The determination of the city’s borders has been accomplished through the classification of satellite images using various methods, from simple to complex. The methods used in other studies in dry areas, such as maximum likelihood, minimum distance, Fisher, KNN, fuzzy, artificial neural network, and SVM have shown that urban areas are classified slightly less accurately than in reality (Jahanishakib and Erfani, 2021; Satari et al., 2023). However, the city and its extent of influence are greater than built-up area, leading to changes in the local climate. The LCZ method considers all possible land use classes within the urban limits, with a focus on microclimate changes in 17 classes. As a result, it is highly compatible with the actual conditions of the city, rather than just the boundaries of urbanized areas. Although, the accuracy statistics of this method indicate acceptable accuracy (Table 4). Another advantage of this method is the handling of mixed pixels. In the case of urban classification, for example, it takes into account ten distinct land features. In traditional methods, classifying all of these features as belonging to the city class is more likely to lead to an increase in classification errors.

The growth modeling of Zahedan was done using cellular automata method with the help of the SLEUTH model and under two historical and environmental growth scenarios. The environmental growth scenario was predicted by changing the five coefficients and changing the layer of exclusion. Breed, diffusion, and road gravity coefficients were considered lower than the historical scenario, and slope resistance and spread coefficients were considered higher than the historical growth scenario (Figure 7). The higher the resistance to the slope is, the probability of urbanization on high slopes should decrease, and therefore, it can play a role as an effective ecological factor in controlling the growth of the city in the environmental scenario. In the environmental scenario the coefficient spread was considered higher than the historical scenario due to several considerations that make the results more reasonable and acceptable (Figure 7). These considerations are such as the reality of increasing demand for migration to Zahedan and the high speed of expansion of the city. Also, it must be considered that spread coefficient play a significant role in the organic growth, which is the most environmentally friendly model of the city’s development.

The results of the calibration of historical growth scenario averaging in the SLEUTH model showed that the breed coefficient with the value of 67 and the diffusion coefficient with the value of 51 and the spread and attraction coefficient to the road with the value of 49 caused the growth in the outskirts of the city and the development of urban centers far away from the current state of the city. This is done in a guided way through the attraction to the road (Figures 7, 9). Also, the slope resistance coefficient with a numerical value of 1 shows that the topographical limitation for the urban growth of the studied area are very small (Figure 7).

OSM and Lee-Salee indexes were used to determine the five coefficients to simulate the growth of Zahedan, which occurred during several stages of calibration, so that the range and steps were determined according to more criteria. The Lee-Salee measure examines the spatial fit between the model’s growth and the known urban extent for the control years. The OSM is based on comparing the modeled population with the actual one for the final year, and some Least Squares Regression is used to describe the growth patterns. Therefore, in Lee-Salee’s opinion, as a shape index in areas with low ecological diversity and a uniform land surface, it can help to decide on the selection of the range and steps of each stage of calibration, along with the OSM index. Similar to study of Jahanishakib and Erfani (2021), both indexes were used to get calibration coefficients in order to simulate the growth of Birjand, which has a climate and landscape similar to the study area. Also, the Lee-Salee index has been used in some studies (Asadullah and Muhammad, 2000; Rafiee et al., 2009b; Feng et al., 2012; Akın et al., 2014) and the efficiency of using the OSM index has been confirmed to determine the five coefficients in different stages of SLEUTH calibration (Sakieh et al., 2015; Rasouli, 2016; Dadashpoor et al., 2019; Mahmoudzadeh et al., 2019; Saxena and Jat, 2020; Kumar and Agrawal, 2023).

Considering that the validation of the results of the SLEUTH model in 2023 was highly accurate (Figure 10), it is reassuring to use the developed model for simulating the future, as done in this study for the year 2050. The validation using historical land cover maps was already considered by Koko et al. (2020), Gemitzi (2021), and Benchelha et al. (2022). However, validation of the SLEUTH model has not been conducted in many studies due to its self-modification capability (Bihamta et al., 2015; Bajracharya et al., 2020; Guan et al., 2020; Mustak et al., 2022). It can be concluded that in these studies, calibration was considered as a part of validation, or the model calibration has been preferred over the validity of the result’s model. The results of the present research showed that in the historical growth scenario, the amount of area prediction until 2050 will increase to about twice that of 2020. In other words, the area in 2020 will reach from 8364.24 ha to 15912.18 ha in a historical growth scenario predicted by the SLEUTH model, which will show the upward trend of growth until 2050, which will be accompanied by more distribution than the environmental growth scenario (16083.72 ha) (Figures 8, 9).

The value of 49 road gravity coefficient in the historical scenario shows that the future development of Zahedan city will be moderately affected by the road. Figure 8 shows the urban spots around the road, especially in the southeastern parts of the city, which do not completely cover the road due to the moderate effect. Also, the parts added to the city in the southern and western areas have been created from the diffusion and spread of urban spots in 2020. For this reason, the reduction of this coefficient in the environmental scenario did not have a significant impact on the reduction of urban development around the road in this scenario. The effect of the low slope and road gravity coefficient and the prominent role of the spread coefficient have led to a little more area of urban patches in the environmental scenario compared to the historical growth scenario. Although the prediction results in two scenarios differ, the differences are not significant in area. This is because the suitable slope for urban development which are considered in the environmental scenario, are already saturated (Figure 8), and the extent of green coverage is limited. Considering that many cities in Iran (Bihamta et al., 2015; Sakieh et al., 2015; Khammar and Heydari, 2016; Saeidi et al., 2018; Ghamari et al., 2019; Esfandeh et al., 2021) and outside of Iran (Jawarneh et al., 2015; Kumar and Agrawal, 2023) are affected by these two factors, the city of Zahedan shows a different pattern of growth in which other coefficients are more important. However, the findings presented bear resemblance to the research conducted by Jahanishakib and Erfani (2021) in a dry urban area in Iran. The analysis of satellite images and field visits also show marginalization without facilities such as asphalt roads, which shows the low effect of roads historically. This result is contrary to the results of some studies (Esfandeh et al., 2021; Salem et al., 2021) that show the special and different socio-economic context of this city. The value of marginal lands, which have been effective in the city’s expansion in other urban areas of Iran (Hoseini et al., 2016; Khammar and Heydari, 2016), have also been involved in Zahedan, in such a way that at every stage of the city’s growth, marginal lands acquire a higher value and encourage the growth of more of the city organically. The increase in the urban population of Zahedan is influenced by ethnic factors, religious attraction, commercial attraction, the concentration of more facilities and more job opportunities than in other parts of the province, religious beliefs for having children, etc., subsequently, the high demand for housing has continuously increased the value of marginal lands and increases the attraction for investment in construction.

Figure 8 shows well that the historical growth pattern fills the empty spaces inside the urban, similar to the findings of Esfandeh et al. (2021). The comparison of the two scenarios in this figure shows that the filling of empty spaces in the city is much more in the historical growth scenario than in the environmental scenario. This disparity can be justified by considering that some of the empty spaces are green spaces that are in exclusion layer of environmental scenario, and the chosen high spread ratio of 60, which surpasses the ratio of the historical growth scenario (49), poses an obstacle to the filling of empty spaces in the city. The urban growth pattern of Zahedan is in line with Jahanishakib and Erfani (2021) that showed that the growth of the city of Birjand, which has an ecological and social economic similarities with Zahedan, will also occur in the future mainly in the outskirts of the city and organically. Also, the study of Esfandeh et al. (2021) for the coastal Parsian city of Iran showed that the historical growth pattern of the city is organic.

Simulating historical scenario for urban growth that permitted ongoing urban area expansion in line with historical patterns, with no restrictions, and environmental scenario which considers some ecological factors and the growing need of the society to establish settlements, provides a wider decision-making space for decision-makers to guide the pattern of urban growth. It is expected that we will move from the scenario of historical growth to environmental growth, the most important characteristic of which is to prevent urban development in the green empty spots of the city. According to some (Liu et al., 2019), removing each of these scenarios without considering their effective role leads to unreasonable predictions in future constructions.

Contrary to most studies (Wang et al., 2012; Clarke and Johnson, 2020; Salem et al., 2021; Nadoushan, 2022), concerns such as the transformation of villages, agricultural lands, and forests into build-up areas caused by urban expansion were expressed, in the studied area, there are no villages, agricultural and forest lands, and even dense pastures around them, and there is a new concern in terms of the lack of ecological capacity and the severe lack of urban green space, which will become more intense in the future. This area is highly prone to the expansion of build-up areas due to socio-economic issues and not ecological capability. In such a way that even the drinking water of the region is supplied from the reservoirs of the Chah Nimeh of Sistan. Therefore, as expected for dry climates, the studied area has a very simple landscape, which is saturated in terms of suitable slopes for construction, and practically the city is not capable of development from the east. Contrary to numerous studies (Bihamta et al., 2015; Khammar and Heydari, 2016) where the slope is mentioned as an effective control factor, this factor will not play a significant role in guiding the urban growth pattern in the study area in the future. Considering the evenness landscape of the region, other information, such as aesthetic (Saeidi et al., 2018), ecosystem services (Li et al., 2018), etc. cannot be used in the exclusion layer or even instead of the slope layer. However, the prediction made according to the various calibration steps and model validation provided satisfactory results.

The extent and per capita of Zahedan’s green space is very small, which should be taken into consideration by the authorities considering the rapid growth of the city, especially in the scenario of historical growth that happens in filled mode. The increase in land prices also threatens the destruction of at least the green space, that in the scenario of environmental growth is clearly non-urban areas (white patches inside urban areas in Figure 9), which are mainly vegetation covers in the northern and central parts of the city, in the scenario of historical growth replaced by urban cover. If the historical trend of urban expansion persists, there will eventually be no space left for urban green space within city boundaries. This could lead to adverse environmental impacts, a decline in citizens’ quality of life, and pose challenges for urban management related to land ownership. Disproportion between infrastructures, such as roads, with urban expansion has highlighted that the demand for housing surpasses the urban management’s capacity to improve infrastructure. The inadequate coordination of infrastructure, such as roads, with urban expansion has highlighted that the demand for housing surpasses the urban management’s capacity to improve infrastructure. The marginalization resulting from the disadvantaged socio-economic status of marginalized individuals, along with decreased security, will worsen visual pollution, particularly at the city entrances, negatively impacting residents’ well-being and tourists’ perceptions.

Considering that understanding the interdependencies between urban growth patterns, infrastructure and socio-economic indicators, which is a step in achieving sustainable urban development (Mallouk et al., 2019; Benchelha et al., 2022), the results can help the decision makers to guide the pattern of urban growth, and at the same time, take measures to meet the growing needs of the population in terms of locating green spaces and urban facilities according to the expected urban expansion. In this regard, it is recommended to guide the urban growth model towards the environmental scenario, considering its greater compliance with the organic model.

The main strength of the study lies in selecting a less researched area with unique ecological conditions for investigation. The study also utilized the LCZ classifier, conducted a calibration process for the SLEUTH model, and validated its findings. Urban areas extracted from the LCZ classifier showed that the affected areas were characterized by built-up spaces, which can be considered as the ecological border of the city. During the calibration process, the model gradually narrows down the range of coefficients in each stage, thereby improving the accuracy of the results. This self-modification capability enables the model to better comprehend the dynamics and factors driving urban expansion, leading to more precise predictions of future growth. The validation of the model ensures that the simulated urban growth aligns with observed expansion patterns, thereby enhancing the model’s representation of real-world scenarios. However, a notable limitation of the study was the limited CPU capability of the PC used to run the model, which resulted in time-consuming processes. This limitation restricted both the study area and the number of runs available for sensitivity analysis and validation. Furthermore, while the SLEUTH model can consider multiple influencing factors, like other approaches (Salem et al., 2021), it is unable to incorporate certain important drivers such as political influences. Therefore, for future studies, it is suggested to perform Hybrid approaches that combined SLEUTH with other methods such as genetic algorithm (SLEUTH-GA) to speed up model execution and comparison of validity of different model. Likewise it is recommended to consider alternative scenarios that highlight the impact of the particular socio-economic conditions in the research location or comparable areas. Moreover, in regions where topographic factors have minimal influence, such as areas with gentle slopes or where developable spaces are already saturated in terms of slope, it is advised to substitute a different significant layer not originally included in the model input, rather than relying solely on the slope layer. It is advised to incorporate the findings of this study and other related research in future studies, such as examining the impact of expanding urban areas on urban ecosystem services.



5 Conclusion

In this study, The CA based SLEUTH model was used to predict the urban growth of Zahedan until 2050. Two scenarios, historical and environmental, were considered in a dry climate and an evenness landscape, including the city, rocky outcrops, and surrounding barren lands. The results showed that the SLEUTH model is effective in simple landscape with low effect of slope, where it is not possible to replace the slope layer with other layers, such as cognitive aesthetics or other ecosystem services. In both scenarios, intense urban development can be expected. However, the form of urban expansion in the historical growth scenario is more concerning due to the high probability of vegetation removal and a more scattered pattern of expansion.

Given the successful validation results of the SLEUTH model in the study region, it is suggested that this model be utilized in comparable areas with similar landscape and climate characteristics, where the role of economic, social and political factors is more meaningful than ecological factors. It is particularly advised to incorporate socio-economic factors into the model, such as in the exclusion layer or as a replacement for slope if its influence is minimal.

Prediction of urban growth was a study necessity in Zahedan that experiencing rapid growth rate and high immigration in arid areas with minimal urban vegetation cover. This is because predicting the development of urban green belts, green spaces, and parks is essential for managing these settlements, taking into account the size of the urban areas and the climate of the region. The development of infrastructure is also crucial for the areas predicted to experience city expansion, which is another way the findings can be utilized. This study emphasizes the importance of drawing the attention of officials to the future worsening of regional design problems. The findings can assist local officials and policymakers in creating successful strategies for managing urban growth according to socio-economic and environmental needs of citizens in Zahedan and other similar cities.
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