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Abstract

:

Smart growth is widely adopted by urban planners as an innovative approach, which can guide a city to develop into an environmentally friendly modern city. Therefore, determining the degree of smart growth is quite significant. In this paper, sustainable degree (SD) is proposed to evaluate the level of urban smart growth, which is established by principal component regression (PCR) and the radial basis function (RBF) neural network. In the case study of Yumen and Otago, the SD values of Yumen and Otago are 0.04482 and 0.04591, respectively, and both plans are moderately successful. Yumen should give more attention to environmental development while Otago should concentrate on economic development. In order to make a reliable future plan, a self-organizing map (SOM) is conducted to classify all indicators and the RBF neural network-trained indicators are separate under different classifications to output new plans. Finally, the reliability of the plan is confirmed by cellular automata (CA). Through simulation of the trend of urban development, it is found that the development speed of Yumen and Otago would increase slowly in the long term. This paper provides a powerful reference for cities pursuing smart growth.
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1. Introduction


The process of urbanization is changing rapidly. It is predicted that by 2050, more than 66% of the world’s population will be urban, which means more than 2.5 billion rural residents will move to cities [1,2] and subsequently urban sprawl will occur. However, the disadvantages of the current urban development mode have been exposed clearly, such as building congestion, traffic congestion, excessive consumption of resources, environmental deterioration, pollution aggravation, etc. [3,4]. As shown in Figure 1, the balance between urban development and the natural environment is becoming a major challenge [5]. To deal with the above ineffectiveness and unsustainability, smart growth is emerged as a comprehensive development strategy toward urban planning and design [6].



What is smart growth exactly? The US Environment Protection Agency (EPA) believes that smart growth consists of healthy communities, economic development and jobs, strong neighborhoods, and available transportations, which is the integration of the economy, community, and ecology as well. “Smart growth is oriented towards towns, transportation, and people, as well as the maximum use of housing, commerce, and retail,” supported by a smart growth network (SGN). The American Planning Association suggests public health and healthy communities should be considered. The US Department of Housing and Urban Development emphasizes that smart growth focuses on increasing housing options, integrating diverse land uses with housing, and elevating design as a consideration. It is increasingly obvious that the definition of smart growth mostly concentrates on certain themes; there is no universal definition that can satisfy everyone [7]. Therefore, it is urgent to find a comprehensive framework for smart growth.



Smart growth is closely related with being economically prosperous, socially equitable, and environmentally sustainable [8]. However, the role of smart growth has always been controversial. Compared with traditional planning methods, the mode of smart growth can attain the expected outcomes with an open political context and government-centralized decisions [9]. Then, the effects of smart growth have been verified in the aspect of population; it can not only promote the population density of urban centers but also contribute to the realization of energy-saving goals [10]. Paradoxically, some studies have revealed the potentially negative environmental influences of smart growth, which have disappointed many policy makers [11]. It is extremely obvious that smart growth may have different effects due to the different characteristics of cities. If policy planners can analyze these effects with some scientific methods in advance, the goals of urban planning can more easily achieved and developed within the predetermined expectations [12].



In the past several decades, a large volume of studies have been published describing the methods used for evaluating urban smart growth. Several typical mathematical methods are discussed in Table 1. It is found that the theoretical framework of the existing mathematical models is often from a particular perspective. For example, such perspectives include studying the effects of smart growth on the basis of ecological benefits [13], researching the connotation of smart growth from the perspective of building density and transportation [10,14,15], discussing the role of residential location and land consumption in smart growth [16], etc. In fact, smart growth can have certain influences both on the field of society, economy, and ecology. Discussing the impact of particular factors does not seem to provide more useful guidance for macro-urban planning. Besides, the established model exposes numerous defects, which brings plenty of errors and uncertainties to scientific research, as indicated in Table 2. A prominent problem is that the existing mathematical models are incomplete for dealing with data and applications. Therefore, constructing a more optimized model is currently a huge challenge.



The purposes of this research can be divided into two parts: 1. Provide a mathematical model for evaluating urban smart growth; the model is more stable and accurate, and it can make full use of the attributes of data; and 2. construct a more systematic framework for smart growth, which can provide more directional guidance for urban planners and policy makers from both macro and micro perspectives. It is worth noting that this model can not only quantitatively evaluate the current development plans of different cities but also predict future smart growth plans. Future-based mathematical models can provide higher potential values in this way [27,28].



The content structure is arranged as follows: Part 1 is a refined introduction. Part 2 introduces several theories of the mathematical methods used for constructing urban smart growth models. Subsequently, in Part 3, the established model is applied to selected cases, and its results and discussions are analyzed in detail. Finally, a brief conclusion is given in Part 4.




2. Materials and Methods


Smart growth is an advanced development mode of the economy, environment, and society. It aims to build a city with a prosperous economy, equal society, and sustainable environment [15]. Meanwhile, 10 principles have also been clearly illustrated to guide the development of cities specifically [11]. From a systematical view, smart growth can be defined as “the growth of economy is sustainable, the environment is suitable for living, the humanities society is more prosperous, and the consumption of natural resources can produce greater value under the minimum of environment damage, different stakeholders can participate and work together to achieve a common goal through collaboration, which all provide a high quality of life for residents.” Smart growth aims to be used to embrace a sustainable city. Therefore, sustainability is selected as the core concept in the process of constructing a conceptual framework [29]. Then, the corresponding framework is determined subsequently.



2.1. Determine the Evaluation System


2.1.1. Selection of the Secondary Indicators


In a prevailing view, a complete evaluated model of smart growth should consider both the current situation and future situation [30]. With the aim of determining the universal standard for evaluating the success degree of smart growth, the sustainable degree (SD) is defined to evaluate the urban smart growth level. Unfortunately, constructing an SD model seems to be quite complex work, which covers the fields of society, economy, and ecology [31,32,33].



In this research, the procedures for constructing the framework are as follows. First, determine the principles of the selection of indicators. Next, use system analysis to identify some messages from the documents and policies issued by various authorities, such as the smart growth network, US Environmental Protection Agency, America Planning Association, etc. Then, analyze and sort the messages with the help of expert consultation, and extract some principles that can be used to guide the selection of indicators [34,35]. The final principles are shown in Table 3. Finally, the final framework is constructed with SD as the overall goal, and the determined sub-goals are social, ecological, and economic benefits; and the subordinate evaluation indexes are basic living quality of urban residents (BLQUR), mixed use of community land (MUCL), urban public infrastructure (UPI), harmonious city (HC), efficient management mechanism (EMM), friendly environment (FE), economic factors (EF), and economic structure (ES) [36].




2.1.2. Selection of Tertiary Indicators


In this part, the tertiary indicators should be determined scientifically. Various channels of information are utilized to get plenty of rough information, such as government work reports, policy documents, literature, etc. Particularly, information from the academic literature is dominant, supplemented by information obtained from other channels. The subsequent work can be divided into three parts: 1. Extract indicators based on the original information; the selected indicators need to be adequately representative and independent, and the data of the indicators should be available to obtain; 2. classify indicators roughly according to the category of the secondary indicators; and 3. count the frequency of each index—the greater the frequency of the index, the more important it is. Unfortunately, one primary problem is that existing literature is usually aimed at a particular study field, and indicators that are not frequently found in the academic literature may also be quite important. Therefore, indicators that appear repeatedly in urban planning and relevant policies have also been saved temporarily in the established model. Actually, the overall workload is quite large, and due to the length limitations, part of the literature corresponding to the selected indicators are shown in Appendix A. It should be pointed that the selected indicators’ importance is still uncertain, and some scientific mathematical methods are required to test its importance.



There remains a crucial need for selecting a proper methodology to identify the significant factors. In this research, principal component regression (PCR) is selected for estimating the principal components that describe the maximum and minimum variability (variance) in the data set [37]. In the process of applying PCR, multicollinearity is an abnormal phenomenon that can estimate the relationship between factors incorrectly. Least squares estimates would be unbiased at the same time, and the variance would be quite large. Thus, the final outcomes can be inaccurate, which can be corrected by adding a degree of bias.



In the process of applying PCR, four principal components (PC1, PC2, PC3, PC4) are set through an application of the varimax method. The most apparent structure is obtained by rotating the component while maintaining the orthogonal angle. The significance level is considered as 0.05, and the indicators’ weight values are in the range of [0,1]. When indicator’s weight value is closer to 1, it suggests that the indicator has a vital influence on the overall results. Figure 2 shows the contribution rate of each PC. PC1’s contribution rate is 82.0997%, which has the strongest explanatory ability. The contribution rate of PC2 is 12.623%, and the cumulative contribution rate of the two components is 94.7227%. The influences of PC1 and PC2 are rather representative in a way.



In a modern view, more attention should be given to selecting indicators on the basis of some principles. In this research, the principles’ for selecting indicators are as follows: 1. The cumulative contribution rate is required to be more than 94%; and 2. the weight coefficient of each indicator should satisfy the specified requirements. In Figure 3, the selected indicators’ weight coefficient of PC1 should be in the range of [−0.15,0.15]. Therefore, the final determined framework can be seen in Figure 4.





2.2. The Evaluation Model of Sustainable Degree


In the above context, the PCR model selects 22 indicators that have significant effects on SD. The same indicator may have different effects on different cities; an evaluated model needs to quantify these effects. Thus, the proposed model includes two parts: 1. The importance coefficient of each indicator; and 2. the weight coefficient of each indicator. Thus, the SD model can be expressed as follows:


    S i  =  c i  ×  q i  ,   S D =   ∑   i = 1   22    S i  ,   



(1)




where  i  is the   i t h   indicator and   i = 1 , 2 , … , 22  .    q i    represents the   i t h   indicator’s weight coefficient.    S i    is the SD of the   i t h   indicator.   S D   is the total value of the urban smart growth level.    c i    represents the importance coefficient of the   i t h   indicator; it is carried out through mapping the element  x  to the interval [0,1]. The formation of    c i    can be seen below:


   c i  =   (  y  m a x   −  y  min   ) ×  (  x −  x  m i n    )     x  m a x   −  x  m i n     +  y  m i n   .  



(2)







Motivated by previous works [38], the radial basis function (RBF) neural network is used to get the indicators’ weight values in this part. The RBF neural network has been widely applied to various fields in science and engineering thanks to its flexible application in high-dimensional spaces. The prominent contribution of the RBF neural network is that mapping between the input vector and hidden vector is easily conducted without weight connections [39]. One of its universal rules is the linear assumption between the hidden layer space and output space, which can also be comprehended as summing all outputs of the hidden unit to acquire the outputs of the RBF neural network. The weight coefficient can be regarded as a flexible parameter in the network. Obviously, it is generally acknowledged that the hidden layer plays a vital key role in mapping the vector from the low dimensions to the high dimensions, so that the low-dimensional linear inseparability can become linearly separable from the high-dimensional. It is encouraging that the output layer adopts the linear optimization strategy to adjust the linear weight, thus its learning rate is rather small, and the hidden layer adopts a nonlinear optimization strategy to adjust the parameters of the activation function. The mapping of the network from the input to the output is nonlinear while the network output is linear for tunable parameters. While this method is an absolutely advanced method that can solve complex connection problems through combining linear equations, it also promotes an increased speed for learning and training. The underlying principles and procedures of the RBF neural network are shown as follows.



(1) Determine the parameters



1. Determine the initial input vector, output vector, and expected output vector:


   X =  [   x 1  ,  x 2  , ⋯ ,  x n   ]     Y =  [   y 1  ,  y 2  , ⋯ ,  y q   ]     O =  [   o 1  ,  o 2  , ⋯ ,  o q   ]    T   ,  



(3)




where  X  is the input vector and  n  represents the   n t h   input layer.  Y  is the output vector and   O   is the expected output vector.   q   is the   q t h   output layer.



2. Initialize weights between the hidden layer and the output layer:


   W k  =    [   w  k 1   ,  w  k 2   , ⋯ ,  w  k p    ]   T  ,  (  k = 1 , 2 , ⋯ , q  )  ,  



(4)




where  p  is the   p t h   hidden layer.



On the basis of center initialization theory, the weight initialization method from the hidden layer to the output layer is expressed below:


   W  k j   = m i n k + j   m a x k − m i n k   q + 1   ,  



(5)




where   m i n k   is the minimum value of all expected outputs in the   k t h   output neuron in the training set.   m a x k   is the maximum value of all expected outputs of the   k t h   output neuron in the training set.



3. Initialize the central parameters of each neuron in the hidden layer



The initial value of the center parameter of the RBF neural network is seen as below:


   c  j i   = m i n i +   m a x i − m i n i   2 p   +  (  j − 1  )    m a x i − m i n i  p  ,  



(6)




where   p   is the total number of neurons in the hidden layer,   j = 1 , 2 , ⋯ , p .  



4. Initialize the width vector



The width vector affects the range of action of neurons on input information; the smaller the width, the narrower the shape of the action function of the corresponding hidden layer neurons. Its function is shown as follows:


   d  j i   = d f    1 N    ∑   k = 1  N   (   x i k  −  c  j i    )    ,  



(7)




where   d f   is the width adjustment coefficient; its value is less than 1. The function of   d f   is to realize the ability to perceive and respond to local information easily and accurately.



(2) Calculate the output value,    z j   , of the   j t h   neuron in the hidden layer:


   z j  = exp  (  − ‖    X −  C j     D j      ‖ 2   )  ,   j = 1 , 2 , ⋯ , p ,  



(8)






   C j  =  [   c  j 1   ,  c  j 2   , ⋯ ,  c  j n    ]  ,  



(9)






   D j  =  [   d  j 1   ,  d  j 2   , ⋯ ,  d  j n    ]    T  ,  



(10)




where    C j    is the central vector of the   j t h   neuron in the hidden layer. It is composed of the   j t h   neuron in the hidden layer corresponding to the central component of all neurons in the input layer.    D j    is the width vector of the   j t h   neuron in the hidden layer corresponding to    C j   .



(3) Calculate the output of neurons in the output layer:


  Y =    [   y 1  ,  y 2  , ⋯ ,  y q   ]   T  ,  



(11)






   y k  =   ∑   j = 1  p   w  k j    z j  ,   k = 1 , 2 , ⋯ , q .  



(12)







(4) Calculate the weight coefficient



The training method for the weight parameters of the RBF neural network is the gradient descent method. Center, width, and adjusting weight parameters are adjusted to the best value by learning from adaptation, and the iterative calculation is as follows:


   W  k j    ( t )  =  W  k j    (  t − 1  )  − η   ∂ E   ∂  W  k j    (  t − 1  )    + α  [   W  k j    (  t − 1  )  −  W  k j    (  t − 2  )   ]  ,  



(13)






   c  j i    ( t )  =  c  j i    (  t − 1  )  − η   ∂ E   ∂  c  j i    (  t − 1  )    + α  [   c  j i    (  t − 1  )  −  c  j i    (  t − 2  )   ]  ,  



(14)






   d  j i    ( t )  =  d  j i    (  t − 1  )  − η   ∂ E   ∂  d  j i    (  t − 1  )    + α  [   d  j i    (  t − 1  )  −  d  j i    (  t − 2  )   ]  ,  



(15)




where    W  k j    ( t )    is the adjustment weight between the   k t h   output neuron and the   j t h   hidden layer neuron in the   t t h   iteration calculation.    c  j i    ( t )    is the adjustment weight between the   j t h   output neuron and the   i t h   hidden layer neuron in the   t t h   iterative calculation.    d  j i    ( t )    is the width corresponding to the center,    c  j i    ( t )   .



Then, the evaluation function of the RBF neural network is constructed as follows:


  E =  1 2    ∑   l = 1  N    ∑   k = 1  q     (   y  l k −    O  l k    )   2  ,  



(16)




where   E   represents the evaluated result of the RBF neural network.    O  l k     is the expected output value of the   k t h   output neuron in the  l  input sample.    y  l k     is the network output value of the   k t h   output neuron in the   l   input sample.



(5) Calculate the   R M S   of the network output:


  R M S =      ∑   i = 1  N    ∑   k = 1  q  (  O  l k   −  y  l k   )   q N    .  



(17)







If   ≤ ε  , the network training is finished. Otherwise, retrain the network from Step 3.



In addition, the format of the transfer parameters is expressed in the Gaussian function (  y =  e  −  x 2     ). Apparently, the training process can be divided into two procedures. The first procedure is unsupervised learning. Its core goal is to determine the weights between the input layer and the hidden layer. The second procedure includes supervised learning and training aimed at determining the weight between the hidden layer and the output layer. As a result, the indicators’ weight values can be determined as follows:


   q i  =  c j  ×  w  k j   .  



(18)







In accordance with the above analysis,  S  is obtained by combining the important coefficients ( c ) and indicators’ weight values ( q ). The value of  c  is 0~1 while the value of  q  is 0~0.1, so the total value of   S D   is 0~0.1. The evaluation criteria for   S D   is described in Table 4.




2.3. Prediction of the Model


The purpose of accessing current urban development plans is to better guide the future smart growth of a city. Hence, obtaining a scientific future plan can be more useful for urban planners and policy makers. When researching the future development plans of a city, the mutual effects between future indicators should be stressed. In previous evaluation models, all indicators are processed at the same time, which can produce a certain impact on the accuracy of the model. In order to eliminate such deviation, a self-organizing map (SOM) is used to classify all indicators, and then handle them under different classifications.



An SOM is a kind of an unsupervised neural network algorithm used for clustering [40], which has an irreplaceable position in visually analyzing data structures, it even does not need a specific output when compared to other algorithms [41,42]. The SOM has a special learning iterative procedure that can largely preserve the intrinsic topological features of data sets; its learning mode can be understood as a process of adjusting weights. Typically, it is constituted by an input layer and output layer. The target of the input layer is to deposit and observe the training samples while the output layer is responsible for analyzing and comparing input patterns to classify input samples. The specific training process of the SOM is shown in Figure 5. The purple area stands for the distribution of the training data and the white grid is the extracted training data from the current distribution. First, the SOM node can be located anywhere in the data space, and the node closest to the training data (highlighted in yellow) will be chosen. Then, the SOM node moves slowly toward the training data as the expansion of neighboring nodes in the grid. At last, the white grid is consistent with the current data distribution (bottom right) through finite iterations.



In previous studies, consideration of the best matching unit (BMU) is emphasized in the course of applying the SOM. A BMU can be comprehended as a neuron whose weight vector is close to its input. According to the direction of the input vector, which indicates the other nodes that are in the BMU neighborhood, the weight of BMU and its near neurons can be adjusted subsequently. Once the BMU is determined, the following assignment is to calculate other nodes in the BMU neighborhood until the network performance meets the specified test requirements by increasing the number of neurons, or perhaps obtaining a larger training data set. Eventually, the clustering graph is provided by MATLAB software to classify indicators.



After obtaining the classification of all indicators, the SD model is used to train them under different classifications. The output of the SD is the predicted values of each indicator and the obtained changes of all indicators make up a new future plan. One major criticism is that the validity of new plans is still unknown. To overcome this difficulty, the possible tendencies of cities’ smart growth levels are simulated by cellular automata (CA) based on the new plans.



CA is a physical system model, which is composed of a cell, lattice, neighbor, and specific rules [43]. The major function of CA is to deal with complex evolution outcomes through an ordinary rule. It can simulate the interaction between each component immediately [44]. The conceptual diagram of the CA model is in Figure 6.



The steps to predict the level of urban smart growth are as follows: 1. Determine the main elements of its composition, including the cell, cell space, cell state, cell neighborhood, and transformation rules; 2. analyze the urban spatial structure; 3. determine the parameters of the model, such as the reproductive parameters, diffusion parameters, propagation parameters, and constraint parameters; 4. determine the definition of the cell transformation rules required for the model; and 5. perform urban development simulation.





3. Results and Discussion


3.1. Study Area


In this part, two cities (Yumen, Otago) were selected to compare them with each other. Yumen is located in the northwest of Gansu Province (Figure 7a). Its total area is 13,500 km2, the total population is 180,000, its average temperature is 6.9 °C in the winter, and the annual temperature difference is around 30 °C. Meanwhile, Yumen has been suffering from various ecological problems, such as sandstorm disasters, land desertification, etc. With a small population and a slow economic development speed, the supporting industries that affect regional economic development are mainly traditional industries, such as the agriculture industry and animal husbandry industry. Otago is located in the south of the South Island in New Zealand (Figure 7b), which has an area of approximately 32,000 km2 and a population of 229,200, making it the country’s third largest local government region. Weather conditions vary enormously across Otago. Typically, winter is cool and wet in the extreme south areas, especially in the hills and plains of South Otago, while more central and northern coastal areas are sunnier and drier. In contrast, summer tends to be quite warm and dry. Otago has a uniquely mixed economy; it is notable that vineyards and wineries have been developed vigorously in the central Otago wine region. In 2018, the sub-national GDP of Otago reached $5.411 billion.




3.2. Evaluation of the Current Plan


In this part, data was obtained mainly from government reports, statistics bureau open data, literature materials, yearbooks, and New Zealand Statistics (http://nzdotstat.stats.govt.nz/wbos/). The experiments were conducted by applying the RBF neural network; the input and output indicators were the selected 22 variables. Figure 8 shows the structure of the RBF neural network.



The number of neurons in the hidden layer were set as 10,    R 2  ≥ 0.9  , which were proven to be acceptable. When the neurons’ number was more than 10, despite the better training performance, the test performance was unusually poor. The small size of the evaluated sample may take some responsibilities for the resulting abnormal situations. Therefore, when the neurons’ number was 10, its residual was maintained at a rather low level and its average residual was less than 0.05, which implies the fine performance of the RBF neural network. In order to ensure the reliability of the RBF neural network algorithm, the reserved true values were compared with the algorithm’s output. As indicated in Figure 9, its output values are really close to the true values, which reflects its fine performance. The weight values of the indicators are presented in Appendix B.



Using MATLAB software to obtain    c i   , the function of “mapminmax” in the toolbox was used to map all indicators’ values of Yumen and Otago in the interval of [0,1].    c i    was obtained as MATLAB output’s operation results. Yumen and Otago’s development level were obtained by calculating the   S D  . The final results are shown in Table 5.



It is clear that Yumen’s smart growth level is lower than that of Otago, but both plans are moderately successful. Figure 10 shows the two cities’ development structure in more detail. In Yumen, the social benefit with the largest contribution rate is 61.2%, followed by economic benefit (25.13%) and ecological benefit (13.67%), which are also consistent with its actual situation. In its past development mode, Yumen remained in a resource-exhausted situation; the consumption of natural resources, such as coal, oil, and natural gas, was exchanged for short-term economic benefits and the temporary improvement of people’s living quality. In the case of blind pursuit of economic benefits, the natural environment of Yumen continues to deteriorate; the phenomenon of desertification, salinization, and other environmental damage can be seen everywhere; and the shortcomings of ecological benefits directly restrict the improvement of Yumen’s smart growth level. Therefore, it is urgent that the government changes the imbalanced development structure in Yumen. However, in Otago’s urban development structure, the contributions of ecological benefits and economic benefits are roughly equal, which indicates that it takes ecological benefits into significant consideration in the process of urban development. Meanwhile, in the pursuit of economic growth and improvement of living standards, it keeps strengthening environmental governance and protection, unqualified chemical plants and manufacturing industries are rectified further, and the protection of existing wetlands and grasslands is stressed to maintain the original purification capacity of nature.



Obviously, there are some similarities in the smart growth patterns of the two cities. The mixed use of community land (MUCL) and friendly environment (FE) both contribute quite a lot (Figure 11). Under the premise of an increasing population, urban space becomes further crowded, and land is a significant factor that limits urban sprawl. Thus, rational planning of the use of community land has a great impact on urban expansion. Meanwhile, the level of smart growth is closely related to the improvement of human society, which is greatly affected by people’s knowledge level and basic quality of life (BLQUR). The construction of human society is positively related with the development of cities. Therefore, it seems that the improvement of social benefits can enhance the level of cities’ development in the long term in that the greater the social benefits, the more developed the human society is, and the higher the level of urban development, which is a scientific development mode pursued by many cities.



Figure 12 shows that some indicators play a vital role in the process of urban smart growth. MRRCO, AAN, ER, and PHC are quite significant factors in Yumen’s development, which account for 24.06% overall. PRE, PCLA, MRRCO, and GPC are vital for Otago, which account for 30.17% overall. Obviously, under the premise of steady economic development, Yumen’s development focus is to improve the quality of residential life further, thus indicators related to housing demand play an essential role in urban smart growth. The economic level of Otago is higher than that of Yumen. Its urban planning is more inclined to construct a green city and pursue a higher level of management. Therefore, the concepts of green and efficiency can clearly be seen throughout the whole process of urban development.




3.3. Future Plans for Yumen and Otago


3.3.1. The Prediction of Future Plans


In this part, we aimed to find better plans for Yumen and Otago. As mentioned in the above discussions, SOM is applied in Yumen and Otago. The selected input data included 110 vectors (five-year statistics on 22 indicators) in total. The SOM plane was set to 100 output neurons due to the limited scale of the original data, which was confirmed was eligible. The number of output nodes was far more than that of the input data, which certainly guaranteed the uniqueness of each BMU. In addition, the topology of SOM is hexagonal, in order to ensure the stability of the training. The number of its training iterations was set as 10 million on the basis of previous research. Then, another task was performed to acquire the visual graph via the use of SOM component planes. The SOM toolbox (neural network clustering) was used to output specific pictures in MATLAB software. The final visual results are shown in Figure 13.



The results show that Yumen’s indicators are divided into four categories and Otago’s indicators are divided into three categories, which shows the variability and uniformity of the evaluated indicators. To classify all indicators, the evaluated indicators were simulated successively. After inputting the first indicator, its connection with 100 surrounding neurons was observed, and then the second indicator was observed and the connection between the two indicators and the surrounding neurons was observed. This analogy was continued until the last indicator was input. In this way, the weight connection of each indicator and its importance to the SD was obtained. The simulated results of each indicator (Figure 14) and its weight position were combined (Figure 15), and the classifications of the indicators are shown in Table 6.



The importance corresponding to each classification is shown in Table 6. Different attentions should be applied in different classifications to realize the reasonable allocation of resources and maximize the utilization efficiency. Focusing on important indicators can help governments optimize the work structure and improve the management function. To rank all indicators in the predicted plans, the weight coefficients of 22 sub-indicators should be identified, according to the magnitude of each indicator’s weight. This means that the significance order can be obtained.



Figure 16 displays the output results. It is worth noting that the significance of indicators has a positive correlation with its weight values. For Yumen, the first indicator is the proportion of the tertiary industry (PTI). The core of economic restructuring is to change the structure based on the primary industry. In recent years, the rapid rise of the tertiary industry has been verified in many developed countries and cities. Governments and other institutions have realized that the use of resources and manual labor as the mainstream model of economic development is backward and inefficient. Therefore, promotion of the development of the tertiary industry is a promising and reasonable strategy for Yumen in the long term. Another important indicator is the added area of new land circulation (ANN). Yumen is a resource-exhausted city. In recent years, with the aggravation of desertification and salinization, the cultivation methods of farmers are out of line with advanced planting technology, and the grain yield is largely lower than expected. The government has encouraged farmers to contract their land to large professional households and cooperatives to develop large-scale agricultural operations. Therefore, rural land transfer will become a crucial task of rural land reform. For Otago, the first indicator is the added value of transportation, warehousing, and postal services, which is an important component of the tertiary industry. In recent years, Otago has been committed to economic restructuring, promoting the development of the tertiary industry and making the tertiary industry the leading industry. Therefore, Otago’s development will continue to be consistent with New Zealand’s overall economic structure planning, paying more attention to the development of the tertiary industry. The second indicator is GDP per capita (GPC). Among all cities in New Zealand, Otago’s economy is backward and out of touch with developed economies. New Zealand’s annual economic growth rate is maintained between 2.5% and 3%. Surprisingly, under the dramatic increase in population, economic growth has always been moderate and the growth of GPC has basically stagnated, which means its economic environment is stable and conservative. In 2018, New Zealand’s economy totaled $203 billion, and Otago’s economy totaled $5.411 billion, accounting for only 2.7% of the total. Therefore, increasing GPC is not only an urgent task for Otago but also the ultimate goal of New Zealand’s economic development.



As indicated in Figure 17, Yumen’s development structure will be adjusted greatly in the future. Its social benefits will rise by 5%, its ecological benefits will increase by 3%, and its economic benefits will decrease by 8%. Yumen will be transformed from the blind pursuit of economic benefits to an even development. It will pay more attention to ecological benefits and social benefits, and build a modern city that is friendly to the environment. At the same time, its largest adjustment in social benefits will be UPI and MUCL; UPI will increase by 0.52% and MUCL will decrease by 4.27%, which means that government will commit to improve the quality of public services to create more convenience for urban residents, strengthen the intensive use of urban land to enhance the capacity of urban planning further, and reduce the proportion of mixed-use land. In Otago, its structural adjustment will be stable. Economic benefits will increase by 4%, ecological benefits will increase by 2%, and social benefits will decrease by 6%. The reason for the above phenomenon is that Otago’s current economic level is lower in the overall economic context. While maintaining the development level of ecological and social benefits, Otago’s economic benefits will continue to be improved; however, its growth rate will slow down. Furthermore, HC will increase by 0.12%, and EMM will be adjusted greatly (decrease by 2.68%). One of the key aspects of Otago’s smart development is to build a harmonious city, and promote the development of humanity construction, community harmony, and environmental friendliness. With limited resources and space, a targeted allocation will be needed in Otago. In particular, the economic structure will increase by 5.04%, which means more resources, space, and government energy will subsequently be put into the tertiary industry.




3.3.2. Effectiveness of the New Plans


One major criticism is that the validity of the new plan is still unknown. In order to overcome this difficulty, the tendencies of the level of urban smart growth were simulated by the CA model subsequently. First, the maps of Yumen and Otago were extracted by ArcGIS, and then the edge contour was extracted to get pre-processed images (Figure 18) [45]. Then, image grayscale and binarization processing was dealt with in MATLAB software. Subsequently, each parameter was preset (such as the neighborhood configuration, threshold) for heterogeneity. The key spatial constraints were taken from from Yumen and Otago’s urban planning maps, and the input variables were the 22 indicators’ predicted values. The genetic algorithm was used as a basic rule to train the corresponding transition rules [46]. The original scale was 180 with a maximum generation of 10,000. Meanwhile, the roulette wheel was selected, with a crossover probability of 50% and a mutation probability of 10%. Ultimately, the possible development tendency of the two cities was drawn. Results are shown in Figure 19 and Figure 20.



In the above figures, the points are denser in the simulated area and the connections between cells are closer, which also reflects the higher level of urban smart growth. Obviously, the level of urban development is constantly improving under the new plan, which means that the obtained future plans are suitable and reliable for Yumen and Otago. In conclusion, the proposed new plans can make the city develop sustainably, which will also accelerate the transformation of the cities into environmentally friendly cities.





3.4. Discussion


The work surrounding smart growth is complex and tough for urban planners and policies makers. Evaluating the development level of urban smart growth is crucial to formulate policy guidelines on a macro level and micro level. In this study, a mathematical model named sustainable degree (SD) was proposed to determine the impact of smart growth on cities.



From the perspective of system analysis, the framework of smart growth was determined as three evaluation indicator layers and one total target layer, which could support the SD model in assessing the development of urban smart growth at different evaluation layers. The city’s SD was the overall goal, which could reflect the level of urban development at a macro level. The primary indicators were determined as being the social benefit, economic benefit, and ecological benefit, which allow urban planners and policy makers to grasp the status of three different aspects of urban smart growth and made corresponding macro adjustments. In addition, some principles were identified as criteria for the secondary indicators’ selection (as is shown in Table 1), and the tertiary indicators were determined by the PCR model. The completed framework included 3 primary indicators, 8 secondary indicators, and 22 tertiary indicators, and these indicators were controllable in the daily work of the government. Thus, it can realize real-time tracking and adjustment at the micro level for governments. Different from the prior literature and research, which often target some special indictors affecting smart growth [10,11,15], the framework proposed in this paper is more systematic and comprehensive, and can provide very strong directional guidance for the adjustment of government works and policies.



Then, the SD model was constructed by the RCR and RBF neural network, which was applied in Yumen and Otago. The SD values of Yumen and Otago were 0.04482 and 0.04591, respectively. Thereby, the level of smart growth of the two cities is moderately successful. For Yumen, its urban development structure mainly focuses on social benefits while ignoring ecological benefits, and the ecological benefit is an important factor that has restricted the development of Yumen. This unbalanced situation requires Yumen to adjust the proportion of ecological benefits to maintain a certain level of smart growth. For Otago, its development structure is more balanced between economic and ecological benefits. In the various policy documents issued by the government, it is not difficult to identify that it has always emphasized the potential impact of ecological benefits, and this focus on ecobenefits makes Otago’s smart growth level higher. In the long run, this far-sighted policy initiative will undoubtedly improve Otago’s level of development. In addition, it was found that the use of land was particularly important for the development of the two cities. The probable reason is that the planning and utilization of land directly affects the expansion of urban space [11]. If the government wants to improve the level of smart growth further, adjusting the identified important indicators can achieve the expected goal effectively, and the macro-directed role provided by such information can better allocate limited resources, space, and government energy [47]. Furthermore, if SD model is applied in different cities or different development stages of cities, the guiding significance of the SD model will be more apparent.



Subsequently, a scientific future prediction of Yumen and Otago was performed. In order to eliminate errors in the neural network training efficiently, the indicators classified by the SOM model, and then the SD model was applied to produce new plans for Yumen and Otago. It was found that the level of smart growth in Yumen and Otago could be improved further. For Yumen, the improvement of the economic benefits will still be the focus of urban development, and the role of ecological benefits will be stressed further. In order to get rid of the prior development mode based on resource consumption, promotion of the transformation of the industrial structure will be undertaken and the proportion of the tertiary industry will be increased continuously. For Otago, the increase in the proportion of economic benefits will be accompanied by a small increase in ecological benefits. The reason for the above tendency is that Otago’s economic contribution is always lower under the overall economic level in New Zealand, thus economic benefits should be more developed to meet the requirements of higher urban development levels. Finally, the reliability of the above future plans was confirmed by the CA model.



The proposed SD model can not only assess the current level of urban smart growth but also make a reliable prediction. In order to optimize the model, this paper first proposes the use of the SOM model to classify all indicators at the beginning, thus considering the uncertainty of future change of each indicator’s attributes [30], which can largely eliminate errors in neural network training. The application of the combination of the SOM and SD model is recognized as an absolutely innovative attempt. Compared with prior mathematical models, the SD model is more accurate and applicable. On the one hand, the calculated speed of the SD model is rather fast, which is really important for smart growth models because the number of indicators and the amount of data involved in smart growth is quite large. Prior smart growth models, such as PCA, AHP, etc., are limited in terms of computational efficiency, and the accuracy of the model is limited largely by the size of the data [24,48]. The higher calculating speed makes the SD model have an absolute advantage in big data processing. Of course, it is also well-suited for big data mining problems in urban development planning. On the other hand, the input of the SD model is the original data. In previous studies, the subjectivity of data obtained by other methods is unavoidable, such as the Delphi method [29]. Therefore, through utilization of the original data directly, the accuracy of the SD model is higher.



The selection of indicators is quite important for the construction of the SD model. In this paper, the PCR model is suitable for the selection of tertiary indicators for Yumen and Otago. Due to the characteristics of different countries and cities, the final indicators may be different when using the PCR model. Though the SD model is quite well-suited to big data problems, due to the limitation of resources and time, the data used in neural network training is still not large enough, which could affect the accuracy of the model. In the future, efforts should be made to increase the training accuracy.





4. Conclusions


In this paper, sustainable degree (SD) was proposed to evaluate the level of urban smart growth. It provides a systematic framework that can embrace the 3E’s (Economically prosperous, Socially Equitable, and Environmentally Sustainable) of sustainability and 10 principles of smart growth. The determined framework includes three evaluation indicator layers and one total target layer, and can support the SD model in assessing the development of urban smart growth at different evaluation levels. Therefore, governments can grasp the state of urban development more accurately from the macro and micro perspective, and make directional adjustments based on its output results.



The SD model was constructed with PCR and the RBF neural network, which has a rather fast calculation speed and can utilize the original attributes of the data directly. Thus, the SD model is quite applicable and accurate. In order to make a reliable prediction, SOM was used to eliminate errors existing in the neural network training. The SD model can also perform well in other big data problems, but the data used in the RBF neural network training is still not large, which could affect the model’s accuracy. Scholars can make more efforts on the training accuracy of the model when the amount of data is not large enough. The theory of machine learning may be able to solve the above problems well.
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Table A1. Preliminarily selected indicators.






Table A1. Preliminarily selected indicators.





	Number
	Preliminarily Selected Indicators
	Literature Source





	1
	A reasonable and standardized management mechanism
	[6,9]



	2
	The Efficiency of Community Administration
	[9,15]



	3
	Per capita living area (m2)
	[5]



	4
	Per Capita Disposable Income (yuan)
	[5,18]



	5
	The number of production safety accidents (unit)
	[9,36]



	6
	Percentage of residents who can choose between two or more modes of transportation (%)
	[14,29]



	7
	Added value of Transportation, warehousing and postal services (a hundred million)
	[30]



	8
	The total retail sales of social (million)
	[4,9]



	9
	Percentage of houses (%) in the community that have different needs
	[7,9]



	10
	Percentage of rentable and sold homes available in the community (%)
	[7,11]



	11
	Mixing ratio of residential, commercial and office buildings in different communities
	[4,7]



	12
	Percentage of population of different income classes in the community (%)
	[7]



	13
	Number of medical practitioners per 1000 population (unit)
	[9]



	14
	Added value of construction industry (million)
	[29]



	15
	Communities have a sense of pride, sense of belonging (%)
	[7,9,27]



	16
	Domestic garbage harmless treatment rate (%)
	[12]



	17
	Rate of forest coverage (%)
	[30]



	18
	Proportion of Renewable Energy (%)
	[9,12]



	19
	Added area of New land circulation (a unit of area)
	[9]



	20
	GDP per capita (yuan)
	[18,30]



	21
	Unit GDP energy consumption (Standard coal/ten thousand yuan)
	[9]



	22
	The proportion of the tertiary industry (%)
	[9]



	23
	Urbanization rate (%)
	[19]



	24
	Neighborhood Relations Degree of Harmony (%)
	[9,19]



	25
	Cable TV coverage (%)
	[28]



	26
	Per capita park green area (m2)
	[30]



	27
	Added value of cultural industry (million)
	[5]



	28
	Average time to walk to life service area (Hour)
	[9,24]



	29
	Minimum living fund (ten thousand yuan)
	[9]



	30
	Employment rate (%)
	[3,9,25]
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Table A2. The calculated results of current smart growth plan.
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The Tertiary Indicators

	
The Weight Values

	
The Important Coefficient




	
Yumen

	
Otago

	
Yumen

	
Otago






	
UGEC

	
0.0474

	
0.0198

	
0.0212

	
0.0231




	
PTI

	
0.0319

	
0.0159

	
0.0229

	
0.0427




	
ECA

	
0.0395

	
0.0615

	
0.0369

	
0.0518




	
RFC

	
0.0327

	
0.0581

	
0.0389

	
0.0372




	
PRE

	
0.0506

	
0.0822

	
0.0319

	
0.0422




	
PRT

	
0.0376

	
0.0191

	
0.0471

	
0.0471




	
PRS

	
0.0212

	
0.0157

	
0.0686

	
0.0323




	
PPC

	
0.0322

	
0.0318

	
0.0561

	
0.0401




	
PHC

	
0.0559

	
0.0665

	
0.0574

	
0.0311




	
PCLA

	
0.0472

	
0.0726

	
0.0326

	
0.0398




	
PCDI

	
0.0312

	
0.0206

	
0.0639

	
0.0521




	
NMP

	
0.0412

	
0.0369

	
0.0612

	
0.0613




	
NRDH

	
0.0363

	
0.0362

	
0.0218

	
0.0463




	
MRRCO

	
0.0617

	
0.0694

	
0.0238

	
0.0523




	
GPC

	
0.0519

	
0.0775

	
0.0787

	
0.0519




	
ER

	
0.0603

	
0.0526

	
0.0379

	
0.0624




	
DGHTR

	
0.0534

	
0.0456

	
0.0383

	
0.0411




	
CPB

	
0.0537

	
0.0408

	
0.0389

	
0.0674




	
ATWTL

	
0.0442

	
0.0554

	
0.0471

	
0.0401




	
AVTWP

	
0.0574

	
0.0399

	
0.0599

	
0.0531




	
AAN

	
0.0627

	
0.0244

	
0.0342

	
0.0441




	
REE

	
0.0498

	
0.0575

	
0.0807

	
0.0405
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Figure 1. The situation of current urban development. 
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Figure 2. The output result of principle component regression 
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Figure 3. The output result of principle components’ coefficient. 
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Figure 4. The final framework of smart growth. 
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Figure 5. The principles of self-organizing map. 
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Figure 6. The conceptual diagram of the cellular automata model. 
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Figure 7. (a) The location of Yumen; (b) The location of Otago. 
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Figure 8. The structure of the radial basis function neural network. 
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Figure 9. The output result of the RBF neural network. 
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Figure 10. The development structure of the primary indicators. 
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Figure 11. (a) The contribution of the secondary indicators in Yumen; (b) The contribution of the secondary indicators in Otago. 
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Figure 12. (a) The contribution of the tertiary indicators in Yumen; (b) The contribution of the tertiary indicators in Otago. 
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Figure 13. (a)The predicted result of Yumen; (b) The predicted result of Otago. 
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Figure 14. (a)The simulated result of Yumen; (b) The simulated result of Otago. 
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Figure 15. (a) The self-organizing map weight position of Yumen; (b) The self-organizing map weight position of Otago. 
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Figure 16. (a) The future plan of Yumen; (b) The future plan of Otago. 
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Figure 17. (a) A comparison of the secondary indicators between the current plan and future plan; (b) A comparison of the primary indicators between the current plan and future plan. 
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Figure 18. (a) The pre-processed map of Yumen; (b) The pre-processed map of Otago. 
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Figure 19. (a) The simulation result of Yumen 10 years later; (b) The simulation result of Yumen 20 years later; (c) The simulation result of Yumen 30 years later; (d) The simulation result of Yumen 40 years later. 
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Figure 20. (a) The simulation result of Otago 10 years later; (b) The simulation result of Otago 20 years later; (c) The simulation result of Otago 30 years later; (d) The simulation result of Otago 40 years later. 
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Table 1. Summary of smart growth literature.
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Literatures on Smart Growth

	
Systematic

	
Method Focus

	
Weakness




	
Literature Sources

	
Mathematical Model

	
Yes

	
No

	
Qualitative Analysis

	
Quantitative Analysis






	
[17]

	
Analysis based on a hierarchical conceptual framework

	

	
 [image: Sustainability 11 06125 i001]

	
 [image: Sustainability 11 06125 i001]

	

	
1,2




	
[18]

	
Four objective functions from different types of stakeholders

	

	
 [image: Sustainability 11 06125 i001]

	

	
 [image: Sustainability 11 06125 i001]

	
2,3,10




	
[19]

	
An evaluated model based on the impulse process

	

	
 [image: Sustainability 11 06125 i001]

	

	
 [image: Sustainability 11 06125 i001]

	
4,10




	
[20,21,22]

	
An evaluated model based on the analytic hierarchy process

	
 [image: Sustainability 11 06125 i001]

	

	

	
 [image: Sustainability 11 06125 i001]

	
4,5




	
[3,23]

	
An evaluated model based on gray correlation analysis and the improved entropy method

	

	
 [image: Sustainability 11 06125 i001]
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6,5




	
[24]

	
An evaluated model based on principal component analysis

	

	
 [image: Sustainability 11 06125 i001]
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7,9,10




	
[25]

	
An evaluated model based on the radial basis function

	
 [image: Sustainability 11 06125 i001]

	

	

	
 [image: Sustainability 11 06125 i001]

	
8,9,10




	
[26]

	
An evaluated model based on data envelopment analysis

	

	
 [image: Sustainability 11 06125 i001]

	

	
 [image: Sustainability 11 06125 i001]

	
3,9,11








Notes: 1. “Systematic”: when the indicators involved in the model embrace 3E’s of sustainability and 10 principles of smart growth, the framework of the model can be viewed as systematical. 2. The numbers below “weaknesses” correspond to those in Table 2.
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