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Abstract

:

During the last three decades, the expansion of the Tabriz Metropolitan Area (TMA) to the surrounding areas has caused the destruction of environmental resources and problems such as disturbing ecological balance, increasing service costs, construction over unsuitable lands, exacerbation of air pollution, and lack of consideration of existing deteriorated textures and previous ongoing trends, reducing the environmental quality of the TMA. The goal of this study was to perform ecological modeling of urban development in the TMA with respect to the preservation of environmental resources, prevention of urban sprawl, and the management of the physical expansion of the TMA in an eco-friendly manner. In this research, to investigate the previous pattern of growth of the TMA, Landsat satellite imagers from 1984 to 2018 were used to discover the non-ecological and sprawl development of the TMA, and artificial neural networks and logistic regression techniques were applied to simulate future development up to 2038. According to information from the Iranian Statistical Center and 34 year of satellite imagery analysis, the population of the TMA increased from 1,007,992 to 1,961,560 during this period. Additionally, urban and rural land area increased from 7220.34 hectares to 27,640.57 hectares. A lack of coordination between population and urban expansion, as well as a decrease of 8513.61 hectares of agricultural and garden lands was inferred from the Holdern model. Detailed Calculations of the Holdern index (sprawl tendency) showed a lack of consideration of urban development capacity with population growth rate, and the Holdern index is equal to 0.6 in Tabriz. For future ecologic development of the TMA, hexagonal blocking of the urbanization probability map was used alongside environmental development policies in the form of using 30 percent of infill development capacities of inefficient land uses to prevent sprawl growth in Tabriz. Additionally, to preserve ecological landscapes, ecological networks in the form of green belts and bows with a length of 91 km were designed that may be effective in preventing the merging of small cities and nearby villages in the Tabriz metropolis.
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1. Introduction


Changes in land use and land cover are regarded as humanity’s most noticeable impact on the environment [1]. Supplying the requirements of an increasing population has led to significant changes to the surface of the Earth, with undesirable effects from local to global scales [2]. Decision makers and urban planners need accurate and comprehensive data on prospective urban growth to evaluate new development requirements, their location and features, and the effects of urban development before and after project implementation [3]. Modeling spatial land-use transition can lead to improved knowledge of the environmental and Socio-economic variables relevant in promoting urbanization trends [4]. Many researchers have investigated the adverse effects of urban expansion, such as reducing natural areas and habitat fragmentation [5,6,7,8]; impacts on biodiversity [9,10]; deforestation [11,12,13]; increasing air, water, and soil pollution [14,15,16]; exacerbating hydrological problems [17,18]; disturbing natural environments and wildlife [19,20]; and regional and global warming and climate change [21,22]. Interest in land-use change modeling has increased rapidly in recent years [3], and an increasing number of academics are attempting to explore the urban development process using various techniques, including cellular automata [23,24], agent-based models [25,26,27], artificial neural networks [28,29,30,31,32], Markov chain [33,34,35,36,37], and support vector machine [38,39,40,41]. With respect to a comprehensive view of changes occurring large areas from an environmental perspective, many studies have such changes in areas such as the Greater Accra Metropolitan Area, Ghana [42], Addis Ababa, Ethiopia [43], the Chennai Metropolitan area, India [44], the Semarang Metropolitan Region, Indonesia [45], the Lagos Metropolitan Region, Nigeria [46], the Yangtze River Middle Reaches Megalopolis, China [47], Metropolitan Guangzhou, China [48], Lucknow Metropolitan Area, India [49], Tehran Metropolitan Region, Iran [50], Atlanta Metropolitan Area, USA [51], the Pune Metropolitan Region, India [52], the Kathmandu Metropolitan Region, Nepal [53], and the Santiago Metropolitan Area, Chile [54].



The Innovation of this paper is in the simultaneous use of two logistic regression and LTM models to predict urban development and determine a framework for the ecological development of the TMA. Therefore, the purpose of this study is to conduct a comprehensive survey of the status of urban development in one of the most significant metropolitan areas of Iran from an environmental perspective and provide applicable solutions to preserve valuable green land from urban development.




2. Methodology


2.1. Study Area


The Tabriz Metropolitan Area is located in the northwest of Iran and lies approximately between latitudes 38°11′ N and 38°16′ N and longitudes 45°56′ E and 46°38′ E, with a territory of 220,705 hectares includes the 9 cities of Tabriz, Sofian, Khajeh, Basmang, Sardrood, Khosrowshahr, Sahand, Ilkhchi, and Usko, as well as 72 villages that cover 4.81% of the total area of East Azarbaijan province (Figure 1). It is bounded by the Sahand mountain range on the south and west, Urmia Lake on the east, and the Mishadagh highlands to the north. The TMA is one of the most populous and fastest-growing urban areas in Iran. According to the Iranian Census Bureau, the population of the TMA in 1984 was 1,007,992 and has since increased, with a population of 1,961,560 in 2018, which makes it the fast-growing city in the past 34 years. Tabriz, as a central city of the TMA has a high concentration of administrative, commercial, and industrial functions. The adjacent cities and villages of Tabriz have potential for merging into the main body of the Tabriz metropolis. The present conditions make it essential to consider modeling the urban growth of the TMA in order to prevent urban sprawl and the destruction of high-quality agricultural and garden land.




2.2. Methods


The methodology of this study is based on the evaluation of LULC change analysis and urban growth prediction of the Tabriz Metropolitan Area using remote sensing data and logistic regression and ANN methods, as shown in Figure 2, which will be discussed in detail in the following sections. In this study, the following dataset was used in the urban modeling of the TMA: land-use maps of 1984, 2000, and 2018 were derived using 30 m resolution satellite images from Landsat 5 TM, Landsat 7 ETM+, and Landsat OLS, respectively (Table 1), and Google Earth was used for the validation of land-use maps of the TMA for the study periods, along with field knowledge. Images from 1985, with the ability to show historical imagery of Google earth pro and the appropriate zoom, are available in high resolution, and changes in urban development and vegetation cover are easily accessible through the provided timeline. The selected images had the most time matching with the official demographic data of the Tabriz Metropolitan Area. From a practical point of view, the changes that have taken place in the LULC are traceable by the reduction in natural land cover, such as agricultural and garden lands, by the expansion of built-up land uses. In this study, ENVI 5.3 software was used to prepare land-use maps, Terrset 2020 software was used to prepare urbanization probability maps, LTM software was used for artificial neural networks, IBM SPSS Statistics 20 was used for statistical analyses, and ArcMap 10.6.1 was used for layouts.



Only one scene in the current study had pass-row 168-34 and less than 10% cloud cover in all scenes. Mosaicking and color balancing were not necessary because only one scene was used. As level 1 was used, only standard radiometric correction and quick atmospheric correction (QUAC) were performed using Envi software. The Landsat Gap Fill plugin (for SLC-OFF images) in Envi software was used to correct this error.



Auxiliary GIS datasets were derived from the Iran National Cartographic Center and GIS analysis, covering factors such as slope, population density, distance from major roads, distance from urban centers, distance from power lines, distance from rivers, distance from faults, number of urban cells different from the center cell in each 7 × 7 neighborhood, geology, barren lands, garden lands, distance from industrial centers, distance from medical centers, distance from cultural centers, distance from administrative centers, distance from recreational centers, distance from CBDs, elevation, the distribution of land prices, etc.



Land-Use/Land-Cover Change Detection


Multitemporal Landsat satellite images were used to prepare LULC maps for the observation years using eCognition Developer software based on a nearest-neighbor classifier in six major classes: barren lands, built-up lands, agricultural lands, garden lands, pasture land, and water bodies. A brief description the satellite data and major LULC classes used in this study is provided in Table 2. As shown in Figure 3, urban expansion occurred mostly along the borders of existing urban areas; therefore, the proximity to urban facilities seems to play a significant role in urban development.



Table 2 shows that the area of built-up lands increased from 7220 hectares in 1984 to 22,346 hectares in 2018; thus, the percentage of changes was 209.49%. The area if garden lands was reduced from 10,242 hectares were reduced to 6653 hectares, corresponding to a percentage change of −35.04% (Table 2).



The overall accuracy and kappa coefficient based on the ground truth region of interest are listed in Table 3.



For improved visualization of changes in urban expansion, the built-up areas based on nine city boundaries were compared with population changes by overlaying radar diagrams on the DEM map of the TMA. The results show the changes in the area of cities of the TMA have occurred faster than four times the changes in population and urban sprawl, as evidenced by the irregular growth of cities on garden lands in and around the cities (Figure 4).





2.3. Logistic Regression Model


Logistic regression is mainly used to model a binary (0, 1) variable based on one or more other variables called predictors [55]. This model has been widely used in studies and simulations of the driving forces of urban expansion [56]. A discrete logistic regression method was used in the present work to estimate the contribution of influencing factors to urban expansion. The model sets the dependent variable (Y) as 1 when urban expansion occurs (otherwise, Y is equal to 0); therefore, the logistic regression and its value can be determined with the following formula [57]:


   P   ( y = 1 |   X ) =   exp   ∑ B X     1 + exp   ∑ B X       



(1)




where P is the probability of the dependent variable; X defines the independent variables as X = (x0, x1, x2, …, xk), x0 = 1; and B represents the calculated parameters, i.e., B = (b0, b1, b2, …, bk). In order to linearize the above equation and eliminate the 0/1 boundaries for the original dependent variable, which is the probability, the following transformation is usually applied:


   P ′  = ln (   P    1 − P      )  



(2)







This transformation is related to the logit transformation. Therefore, after the transformation,     P ′    can logically assume any value between plus and minus infinity [58]. The logit transformation of binary data guarantees that the dependent variable will be continuous, and the new dependent variable (logit transformation of the probability) is limitless. Furthermore, this guarantees that the probability layer will be continuous within the range of 0 to 1. By implementing the logit transformation on both sides of the logit regression model mentioned, we extracted a generic linear regression model:


  ln (   P    1 − P      )   = b 0   +   b 1   ×   1   +   b 2   ×   2   + ···   +   b k   ×   k   +   ε  



(3)







A set of predictor variables was chosen based on preliminary research, with non-correlated characteristics as independent variables, along with the dependent variable of urban growth from 1984 to 2018 in the logistic regression model (Table 4 and Figure 5).



The conditional probability of each regression model when the dependent variable is one was obtained, and the spatial distribution of the likelihood of built-up urban lands expansion in the TMA between 1984 and 2018 in three periods was simulated by TerrSet software (Figure 6).



As shown in Figure 6, the high-probability urbanization cores are mainly located along main roads and are connected to previous urban centers. Non-connected centers away from cities indicate the possibility of rural area development, which increases the likelihood of growth in the vicinity of the main core of cities. Urban change maps were nominal as a dependent variable in the LR model in the preparation of the urbanization probability map. Furthermore, the independent variables in the mentioned model were converted to a normal form in order to calculate R2 indices.



Results


Validation is an important process that allows users to understand the accuracy of the prediction model [44]. Relative operating characteristic (ROC) has been used to validate the logistic regression model [59]. The following formula defines the ROC to calculate a model’s accuracy:


   ROC =   ∑   i = 1  n  [  x  i + 1   −  x i    ] ·   [  y i    + (  y  i + 1   −  y i  ) / 2 ] ;   



(4)




where xi is the rate of false positives for threshold i, yi is the rate of true positives for threshold i, and n+1 is the number of thresholds. ROC is an excellent statistic for measuring the goodness of fit of logistic regression. An ROC value of 1 indicates perfect spatial agreement between the actual urban growth map and the predicted probability map. The ROC value ranges from 0 to 1, where 1 indicates a perfect fit, and 0.5 indicates a random fit. The larger the ROC value, the better the fit [60]. Another index used to validate the predicted model is R-squared, i.e., the square of the correlation between the model’s projected values and the actual values. This correlation can range from −1 to 1, and the square of the correlation ranges from 0 to 1. The higher the magnitude of the correlation between the projected values and the actual values, the greater the R-squared, regardless of whether the correlation is positive or negative.


Pseudo R-Squared = (log(Likelihood)/log(L0)



(5)




where L0 is the value of the likelihood function if all coefficients except the intercept are 0 [61]. The fit of a logistic model with a dataset can be evaluated using pseudo-R2 measures. The pseudo-R2 value, which indicates the logit model/dataset fit, ranges from 0 (no relationship) to 1 (perfect fit). A value greater than 0.2 for the pseudo-R2 shows a relatively good fit [62]. The ROC and R2 indices shown in Table 5 demonstrate the good fit between the referenced and real urban growth in three periods.



Model validation results show that the urban development probability pattern maps were obtained with values of more than 0.8 for ROC and 0.7 for pseudo-R2, indicating that the independent variables used to simulating urban development were well-selected. For sensitivity analysis in this study, the logistic regression model was rerun after eliminating one of one the independent variables from the full set of variables and recording acquired ROCs for the 1984-2018 period. The advantage of this procedure is in the sensitivity of the variables and discovery of the effect of variables in the final model. As shown in Figure 7, the variables distance from urban centers, population density, number of urban cells in a 7 × 7 window, slope, and distance from roads have the most impact on the urbanization process in the TMA. (Figure 7)



The coefficients of the regression function permit an assessment of the relative importance of the independent variables. Thoe independent variables that can explain the dependent variable are represented by the value of the Cox and Snell R2 (0.39), as well as the Nagelkerke R2 (0.61) (Table 6).



All independent variables except pasture lands, distance from power lines, geology, and distance from rivers were significant at the 0.05 level. The factors of distance from urban centers, population density, urban CVN (center versus neighbor), slope, distance from roads, distance from CBDs, and distribution of land prices had a positive effect on urban growth. Distance from urban centers made the largest contribution. These results indicate that urban growth in the TMA was mostly dependent on proximity to previous urban centers with a high concentration of facilities, reflecting the characteristics of urban growth during the period from 1984 to 2018 (Table 7).





2.4. Land Transformation Model


A land transformation model (LTM) is an artificial neural networking mechanism in geographic information systems used to forecast urban growth land uses. The steps of the LTM model include the following procedure (Figure 8):



Artificial neural networks are a commonly used modeling method with self-adapting, self-organizing, and self-learning abilities, representing the most widely used and effective feed-forward error backpropagation method. A three-layer perceptron ANN structure was adopted to predict urban expansion owing to its simplicity, ease of training and reasonable associative memory, and prediction capabilities [63].



The Land transformation model simulates land-use/cover changes based on socioeconomic and biophysical factors using an artificial neural network (ANN) and a raster GIS modeling environment [30]. The LTM contains six major components: (1) data in a GIS environment, (2) pattern recognition, (3) calibration, (4) model validation, (5) creation of future scenarios of land use, and (6) model outputs and applications within the framework of the GIS [64].



For assessment of the simulation and prediction process, root mean square (RMS), percent correct metric (PCM), and kappa coefficient were calculated according to the following equations:


  RMS =  1 N    ∑   i = 1  N    ( P i − O i )     1 2    



(6)




where RMS = root mean square,   O i   = original data,   O i   = predicted data, and N = number of samples.


  PCM =   TP   TCN   × 100  



(7)




where PCM = percent correct metric, TP (real change and predicted change) = true positive TCN = transition cell number


  K a p p a =     (   T N   G T   ) + (   T P   G T   )   −     (   S N   G T   ) ⋅ (   R N   G T   )   +   (   S P   G T   ) ⋅ (   R P   G T   )       1 −     (   S N   G T   ) ⋅ (   R N   G T   )   +   (   S P   G T   ) ⋅ (   R P   G T   )        



(8)







TN = true negative (no real change and no predicted change)



FN = false negative (no real change but change predicted by the model)



FP = FALSE POSITIVE (real change but not predicted by the model)



TP = true positive (real change and predicted change)



(SN = TN + FN) simulated negative



(SP = FP + TP) simulated positive



(RN = TN + FP) real change negative



(RP = FN + TP) real change positive



(GT = TN + FN + FP + TP)



In this research, the LTM was used for modeling, assuming an equal number of hidden layers and input nodes. Therefore, with the layers mentioned in the logistic regression stage, a network with 15 input nodes, 15 hidden nodes, and one output node was created. The networks in three periods were trained during the training phase with part of the data (one cell per two cells) and tested with the whole dataset in the test phase. The lowest RMS error rate, Kappa coefficient, and PCM in various cycles were stored to produce the urban expression probability map (Table 8). Results show that the model was able to provide urban development trends between 1984 and 2018, and the purple areas in the forecasted maps indicate an optimal match with real change maps in the three periods (Figure 9).



Visual interpretation by overlaying of the probability map extracted by artificial Neural network and logistic regression methods shows the agreement of the two maps on the changed areas for the years 1984–2018.



Based on the analysis of the probability of urbanization, the advantages and disadvantages of the ANN-LTM and LR were identified as follows (Table 9 and Table 10):




2.5. TMA Ecological Development Planning


The ecological development planning stages applied in the current work based on research background and applicable methods include the following items:



1. Calculate the probability of urbanization; 2. Identify the potential of ecological development and its overlap on the urbanization probability map; and 3. Extract naturally based protective barriers (green belt and green bows) and urban infill development potential. To reduce the destructive effects of future urban growth of TMA in the next 20 years using practical environmental policies such as reduction, reuse, and recycling of urban land uses with emphasis on infill development [65,66], nature conservation and natural landscapes, biodiversity in the urban landscape [67,68], and preservation of gardens and agricultural lands [69,70] around the TMA is essential. Therefore, through field study and analysis of future ecological development capacities and the policies mentioned above, we divided the policies into two strategies according to the ecologic approach for the new development area in the TMA. The detailed land use beside deteriorated textures of Tabriz provides useful potential that could be used under reduce, reuse, and recycle policy. The Tabriz metropolis has 702 hectares of inefficient land uses, including military barracks, small-scale pollutant industrial areas, warehouses and terminals incompatible with residential development, 420 hectares of deteriorated textures, 2462 hectares of one-story housing units in the form of increased building density, and 6043 hectares of vacant lands inside the Tabriz municipality district, which can assist in preserving the ecological green landscapes of Tabriz metropolis and restricting of urban sprawl over the next 20 years (Table 11 and Figure 10).



The second way to preserve other ecologically important cities, such as Basmenj, Sardroud, Khosroshahr, and Usko, is through the use of green belts and bows expansion. Therefore with hexagonal blocking of the urbanization probability map in the 1984–2018 period, LTM drove additional spatial agreement between the urban growth probability map and the built-up areas, considering the degree of resistance of land uses against ecological network development and providing required capacity for physical development for the cities of Khosroshahr and Usko, as well as nearby villages. Furthermore, green belts and green bows for ecological development were designed so that urban policymakers can use them to preventing the merging of towns and rural areas in the main body of the Tabriz metropolis (Table 12 and Figure 10).





3. Discussion and Conclusions


The landscape of the TMA experienced massive changes between 1984 and 2018, and this tendency will likely continue through 2038, driven by a rapid urban population growth rate. The aim of this study was to perform an analysis of the underlying factors of urban growth in the TMA, including their spatial patterns, using artificial neural network and logistic regression methods; to improve our understanding of the physical, environmental, and economic forces that have driven urban growth; and to identify the most probable sites for urban growth in the TMA. Both methods were implemented by running fifteen independent variables (selected through a literature review). The following independent factors affected urban growth in TMA more than other variables based on variation in ROC values: distance from urban centers, population density, urban CVN (center versus neighbor), slope, distance from roads, distance from CBDs, and distribution of land prices. Economic factors have played a significant role in the growth of the TMA. The study results show that urbanized areas have tripled within the last 34 years and seem likely to continue to increase. According to our results, natural/semi-natural areas (agricultural land and gardens) will be the first to be converted into urban land. In this study, to reduce the effect of spatial autocorrelation between simulated versus observed urban growth maps, we calculated the covariance of independent variables and put aside variables with correlation coefficients higher than 9.0, such as distance from administrative centers, distance from recreational centers, distance from cultural centers, distance from educational centers, and elevation. In the next section of the paper, from a practical perspective, we used the potential urban ecological principle that excites the boundary of the TMA with nature-based solutions to reduce costs for urban decision-makers to preserve agricultural and garden lands in the TMA over the next two decades. An efficient hybrid geospatial explicit method was developed by integrating a logistic regression model with the LTM model. The logistic regression model has the advantage of quantitatively exploring relationships between land conversion and causative factors, which enables distinguishing between effective variables [71]. However, simple logistic regression models are limited in several ways, such as in terms of determining when a change occurs, quantifying it, and ascribing it to different variables [59]. As a consequence, the present study was designed to rectify these constraints and to discover the interactions between various environmental and socioeconomic variables that lead to sprawl in urban areas. Several factors were assumed to contribute to urban growth in the study area (see Table 7). By examining ROC values, less effective variables were identified for consideration of the possible combination of variables in predicting urban growth. These two techniques were combined for the following purposes. First, logistic regression and the LTM model were used to create a probability surface and to identify the most likely development sites and the amount of change. Secondly, the logistic regression model and the LTM model are powerful tools for ascertaining probable changes under predetermined population growth scenarios. The cells with the highest probability underwent the most change in these models. Therefore, these approaches can predict the most likely sites for development, estimate the likely amount of change, and distribute the estimated quantity within the study area. The logistic regression and LTM models have already been integrated and applied to various regions worldwide. We argue that combining these two approaches (i.e., logistic-LTM) offers certain advantages over traditional methods. As a first advantage, this approach can consider and integrate social and environmental factors that are not currently included in CA models, for example, SLUETH [72,73]. Secondly, any spatial factor can be included as part of this approach in order to measure its influence on urban sprawl and can be disregarded based on statistical analysis. As a final step, two methods of testing and verification were used: first, by measuring the ROC index and RMSE while the methodology was being developed and, second, by comparing the actual map to the simulated map of urbanization created to verify the methodology. Although the current LUCC models have frail approval, it is not conceivable to approve the certainty of the simulated maps in the longer term. Thus, the only way to guarantee a model’s accuracy is to validate it within the most recent time period; after confirming the model’s accuracy, future land-use maps can be simulated more confidently. In this study, we used the LTM module to address the weakness of logistic regression models that lack allocation processes. Our investigation also highlights the considerable limitations of this approach despite its strength. Although the proposed strategy can consolidate driving powers, it does join certain restrictions in parallel models, such as the non-factoring of individual conduct, individual inclinations, and legislative activities associated with use changes. In this research, we examined and predicted urban changes from the standpoint of urban ecosystem services, which regulate the relationship between urban development and the natural environment.
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Figure 1. Study area: Tabriz Metropolitan Area, East Azarbiajan, Iran. 
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Figure 2. Flow chart of the presented methodology. 






Figure 2. Flow chart of the presented methodology.



[image: Land 11 02162 g002]







[image: Land 11 02162 g003 550] 





Figure 3. LULC classes derived from Landsat data for the TMA. 
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Figure 4. Urban expansion trend in the TMA from 1894 to 2018 on a DEM. 
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Figure 5. Raster layers of independent variables. (a). dependent variable (urban growth 1984 to 2018), (b). slope(percent), (c). distance from CBD (m), (d). distance from urban centers (m), (e). distance from power lines (m), (f). distance from faults (m), (g). distance from rivers (m), (h). distance from roads(m), (i). distance from rivers (m), (j). number of urban cells within a 7 · 7 cell window, (k). distribution of land price, (l). Geology, (m). Built up lands, (n). agricultural lands, (o). garden lands, (p). pasture lands. 
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Figure 6. Urban growth probability maps of the TMA in three periods based on LR data. 
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Figure 7. Sensitivity analysis of the logistic regression model by the elimination of independent variables for the 1984–2018 period with ROC fluctuation. 
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Figure 8. Breakdown of LTM Steps. 1. Create network file: In this step, the drivers prepare for input. The input nodes comprise a number of drivers, the output node always comprise one driver, as it is the final prediction file, and the number of hidden layers is up to the user. 2. Create pattern files: This step creates the necessary layer for the neural network to recognize which cells it will train on. 3. Batchman_TrainingP: This step starts the NN training and output each 100th cycle. 4. Create GIS-usable files: In this step, each cell that was presented to the network is assigned a number assigned based on the cell’s relationship with the drivers and the urbanization process. Higher numbers represent the neural network’s prediction of a more likely transition of a cell to urban. 5. Assessment of simulation: In this step, the accuracy of the model is calculated based on RMS error, Kappa statistics, and PCM statistics. 
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Figure 9. Urban growth probability maps of the TMA during three periods based on LTM data. 






Figure 9. Urban growth probability maps of the TMA during three periods based on LTM data.



[image: Land 11 02162 g009]







[image: Land 11 02162 g010 550] 





Figure 10. Left: extracting naturally based protective barriers (green belt and green bows) using hexagon blocking of the urban growth probability map for preservation of the ecological landscape in the TMA by 2038; right: simplified NB development in the TMA by 2038. 
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Table 1. Characteristics of remote sensing data.
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	Data
	Source
	Resolution (m)
	Date





	Landsat 5 TM
	US Geological Survey
	30
	10 July 1984



	Landsat 7 ETM+
	US Geological Survey
	30,15 (PAN)
	31 August 2000



	Landsat 8 OLI
	US Geological Survey
	30,15 (PAN)
	8 July 2018










[image: Table] 





Table 2. Land use quantitative and structural changes in the TMA, 1984–2018 (unit: Ha).
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Land Use

	
1984

	
2000

	
2018

	
1984–2000

	
2000–2018

	
1984–2018




	
Area

	
Total%

	
Area

	
Total%

	
Area

	
Total%

	
Variation

	
Variation

	
Variation






	
Barren lands

	
151,962.57

	
68.85

	
149,223.51

	
67.60

	
147,051.99

	
66.62

	
−1.80

	
−1.46

	
−3.23




	
Built-up lands

	
7220.34

	
3.27

	
14,027.58

	
6.35

	
22,346.82

	
10.12

	
94.27

	
59.30

	
209.50




	
Agricultural lands

	
25,369.83

	
11.49

	
23,259.42

	
10.53

	
22,489.02

	
10.18

	
−8.32

	
−3.31

	
−11.36




	
Garden lands

	
10,242.63

	
4.65

	
9094.86

	
4.12

	
6653.43

	
3.01

	
−11.21

	
−26.84

	
−35.04




	
Pasture lands

	
25,248.15

	
11.44

	
24,669.99

	
11.17

	
21,583.80

	
9.77

	
−2.29

	
−12.51

	
−14.51




	
Water bodies

	
669.24

	
0.30

	
437.40

	
0.19

	
587.700

	
0.26

	
−34.64

	
34.36

	
12.18
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Table 3. Overall accuracy and kappa coefficient in three classified images.
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	1984
	2000
	2018





	Overall Accuracy
	93.6
	95.3
	96.4



	Kappa Coefficient
	0.89
	0.91
	0.94
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Table 4. List of variables as inputs for logistic regression and LTM.
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	Variable Description
	Source and Description
	Nature of Variable





	Dependent variable

Urban growth from 1984 to 2018
	Subtraction of the Boolean Urban areas for 1984 from 2018 (classified images); 0—no urban growth; 1—urban growth
	Dichotomous



	Slope
	Slope in percent
	Continuous



	Population density
	Population density (person/ha)
	Continuous



	Distance from commercial centers
	Euclidean distance from CBD(m)
	Continuous



	Distance from roads
	Distance to the nearest major road (m)
	Continuous



	Distance from urban centers
	Euclidean distance to the urban region (m)
	Continuous



	Distance from power lines
	Euclidean distance from power lines (m)
	Continuous



	Distance from rivers
	Euclidean distance from rivers (m)
	Continuous



	Distance from faults
	Euclidean distance from faults (m)
	Continuous



	Urban CVN (center versus neighbor)
	Number of urban cells within a 7 · 7 cell window (ranging from 0 to 8)
	Ranging from 0 to 8



	Geology
	The degree of hardness for lithological structures
	Continuous



	Barren lands
	1—bare land; 0—not bare land
	Design



	Garden lands
	1—garden land; 0—not garden land
	Design



	Agriculture lands
	1—agriculture land; 0—not agriculture land
	Design



	Pasture lands
	1—pasture land; 0—not pasture land
	Design



	Built up lands
	1—built-up lands; 0—not built-up lands
	Design



	Distribution of land price
	Spatial distribution of land price
	Continuous
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Table 5. Model validation results in terms of ROC and pseudo-R2 for the probability map.






Table 5. Model validation results in terms of ROC and pseudo-R2 for the probability map.





	
1984–2000

	
2000–2018

	
1984–2018




	
ROC

	
Pseudo-R2

	
ROC

	
Pseudo-R2

	
ROC

	
Pseudo-R2






	
0.86

	
0.78

	
0.82

	
0.74

	
0.89

	
0.79
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Table 6. Model summary statistics.
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	Step 14
	−2 Log Likelihood
	Cox & Snell R2
	Nagelkerke R2
	Pseudo R2





	
	26391.79
	0.39
	0.61
	0.79
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Table 7. Logistic regression model results.
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B a

	
S.E. b

	
Wald c

	
Df d

	
Sig. e

	
Exp(B) f

	
95% C.I. for EXP(B) g




	
Lower

	
Upper






	
Constant

	
−2.867

	
0.030

	
8861.936

	
1

	
0.000

	
0.507

	

	




	
Built-up lands

	
−0.26

	
0.011

	
6.178

	
1

	
0.000

	
0.974

	
0.954

	
0.994




	
Agriculture lands

	
−0.80

	
0.012

	
45.186

	
1

	
0.000

	
0.924

	
0.902

	
0.945




	
Land prices

	
−0.155

	
0.021

	
53.915

	
1

	
0.000

	
0.856

	
0.822

	
0.893




	
Pasture lands

	
−0.137

	
0.010

	
183.715

	
1

	
0.013

	
0.872

	
0.855

	
0.890




	
Garden lands

	
−0.131

	
0.010

	
180.805

	
1

	
0.000

	
0.877

	
0.861

	
0.894




	
Dist f roads

	
0.328

	
0.010

	
1067.199

	
1

	
0.000

	
1.389

	
1.362

	
1.416




	
Dist f urban

	
1.519−

	
0.050

	
922.745

	
1

	
0.000

	
0.219

	
0.199

	
0.242




	
Dist f CBDs

	
−0.206

	
0.017

	
147.599

	
1

	
0.000

	
0.814

	
0.788

	
0.842




	
Dist f power lines

	
−0.39

	
0.012

	
10.334

	
1

	
0.001

	
0.962

	
0.940

	
0.985




	
Geology

	
−0.71

	
0.011

	
45.219

	
1

	
0.013

	
0.932

	
0.913

	
0.951




	
Dist f faults

	
−0.53

	
0.011

	
21.772

	
1

	
0.000

	
1.054

	
1.031

	
1.077




	
Urban CVN

	
0.407

	
0.013

	
1028.951

	
1

	
0.000

	
0.665

	
0.649

	
0.682




	
Dist f rivers

	
−0.057

	
0.014

	
17.289

	
1

	
0.013

	
0.944

	
0.919

	
0.970




	
Slope

	
−0.380

	
0.029

	
171.274

	
1

	
0.000

	
0.684

	
0.646

	
0.724




	
Population density

	
1.105

	
0.009

	
13548.603

	
1

	
0.000

	
3.019

	
2.964

	
3.076








a Logistic coefficient. b Standard error of estimate. c Wald chi-square values. d Degree of freedom. e Significance. f Exponential and coefficient. g 95% confidence interval for Exp(B).
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Table 8. Model validation results in ANN based on the LTM model.
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1984–2000

	
2000–2018

	
1984–2018




	
RMS

	
Kappa

	
PCM

	
RMS

	
Kappa

	
PCM

	
RMS

	
Kappa

	
PCM




	
Cycle 9300

	
Cycle 8600

	
Cycle 8000






	
0.0197233

	
0.865437

	
85.871426

	
0.0186641

	
0.853461

	
86.842313

	
0.0189534

	
0.844434

	
87.831315
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Table 9. Logistic regression advantages and disadvantages.
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	Advantages
	Disadvantages





	Logistic regression is easy to implement and interpret and very efficient to train (Terrset).
	If the number of observations is less than the number of features, logistic regression should not be used and may lead to overfitting.



	It makes no assumptions about distributions of classes in feature the space (Table 4).
	It constructs linear boundaries.



	It can easily extend to multiple classes (multinomial regression) and a natural probabilistic view of class predictions (lack of necessity).
	The major limitation of logistic regression is the assumption of linearity between the dependent variable and the independent variables.



	It not only provides a measure of the appropriatenes of a predictor (coefficient size) but also its direction of association (positive or negative) (Table 6 and Table 7).
	It can only be used to predict discrete functions. Hence, the dependent variable of logistic regression is bound to the discrete number set.



	It can rapidly classify unknown records.
	Non-linear problems cannot be solved with logistic regression because it has a linear decision surface. Linearly separable data are rarely found in real-world scenarios.



	Accuracy on many simple datasets and performs well when the dataset is linearly separable.
	Logistic regression requires average or absent multicollinearity between independent variables.



	It can interpret model coefficients as indicators of feature importance (Table 7).
	It is difficult to obtain complex relationships using logistic regression. More powerful and compact algorithms such as neural networks can easily outperform logistic regression.



	Logistic regression is less inclined to overfit, but it can overfit in high dimensional datasets. Regularization (L1 and L2) techniques may be considered to avoid overfitting in such scenarios (Table 6).
	In linear regression, independent and dependent variables are related linearly. However, logistic regression requires that independent variables be linearly related to the log odds (log(p/(1 − p)).
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Table 10. ANN-LTM advantages and disadvantages.
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	Advantages
	Disadvantages





	Can be applied to complex non-linear problems.
	It is not known to what extent each independent variable is affected by the dependent variable. Computations are difficult and time-consuming.



	Works well with large input data (TMA).
	The proper functioning of the model depends on the quality of the training data.



	Provides quick predictions after training (Figure 9).
	If the model does not work properly, generalization problems arise.



	Same accuracy ratio can be achieved, even with small datasets.
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Table 11. Reduce, reuse, and recycle strategy.
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City

	
Land-Use Type

	
Area (Ha)

	
Function






	
Tabriz

	
Incompatible land uses

	
702

	
Reducing environmental pollution




	
Deteriorated textures

	
420

	
The revitalization of the city




	
One-story housing units

	
2462

	
Infill development (compact city strategy)




	
Vacant lands

	
6043

	
Limiting urban spatial polarization with the strengthening of new centers
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Table 12. Proposed ecological green belt and bow policies for nature-based development.






Table 12. Proposed ecological green belt and bow policies for nature-based development.





	
City

	
Type

	
Direction

	
Length (Km)

	
Function






	
Tabriz

	
Artificial Green Belt

	
Northern

	
12.4

	
Stabilization of the urban development and limiting it toward the Tabriz fault




	
Artificial Green Belt

	
Southern

	
21.3

	
Stabilization of the urban area and reducing air pollutants from industrial land use sources




	
Natural Green Belt

	
Western

	
16.1

	
To preserve agricultural land and stop the spread of villages in the west of Tabriz




	
Basmenj

	
Natural Green Belt

	
Southern

	
6.3

	
Preservation of southern gardens of Basmenj




	
Sardroud

	
Natural Green Belt

	
Southern

	
4.4

	
Protection of southern gardens of Sardroud from rural development




	
Khosroshahr

	
Natural Green Belt

	
Eastern

	
4

	
Prevention of rural–urban integration in Khosrowshahr




	
Natural green bow

	
Northern–Eastern

	
7.3

	
Preservation of garden lands in Khosrowshahr




	
Usko

	
Natural Green Belt

	
Eastern–Western–Southern

	
13.4

	
Prevention of rural–urban integration in Usko




	
Natural green bow

	
Eastern–Western

	
6.4

	
Preservation of garden lands in Usko
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