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Abstract

:

During the rapid economic development of China, there are certain blind decisions made in the use of land resources, which poses a significant threat to sustainable development. With the help of the improved convolutional neural network model, this paper analyzes the land use of the Beijing-Tianjin-Hebei region of China from 1995 to 2018, and provides a prediction for 2023. The research results show that: (1) There is still much room for improvement in the land use of the Beijing-Tianjin-Hebei region, with dry land taking up the largest proportion of land in these three locations; (2) Beijing’s development has been well protected in terms of land use. It is predicted that by 2023, the proportions of its woodland, grassland, and rivers, lakes, reservoirs and ponds would increase by 0.26%, 0.30%, and 0.61%, respectively, compared with their proportion in 2018; (3) the land use type in Tianjin during the research period was generally stable. In 2018, the proportion of its woodland and grassland had increased by 1.04% and 0.61%, respectively, compared with that of 1995; and (4) many ecological and environmental problems were exposed during the construction of highways in Hebei province. The area of sand land, saline-alkali land, marshland, bare land, and bare rock areas have all increased, and their total proportion is predicted to reach 1.48% by 2023.
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1. Introduction


Sustainable development can be defined as “development that can meet the needs of contemporary people without compromising the ability of future generations to meet their needs [1].” The sustainable development of a country or region also considers its land resource, which is a critical material basis for economic growth and social activities, and is of great significance to the sustainable development of the society, economy, and ecological environment. For example, Yang and Li studied the relationship between energy efficiency, ownership structure, and sustainable development in China [2]; Jónsson et al. used soil indicators for sustainable development [3]; Edrisi and Tripathi studied how to manage soil resources to realize sustainable development [4]; Asimeh et al. analyzed the consolidation plans for agricultural land use sustainability in southwest Iran [5]; and Yang and Li analyzed the efficiency of industrial waste gas control in China [6].



Since the 1990s, China has achieved world-renowned rapid development. However, in this process, driven by the motivation to seek short-term economic benefits, certain regions of China have made blind decisions in the use of land resources that is not scientific. For example, Khantachavana et al. studied the transaction values of land use rights in rural China [7]; Zoomers et al. analyzed acquiring and developing land safely [8]; Shen et al. studied how the healthcare system uses land [9]; and Mertz and Mertens studied the conservation and land sharing policies in developing countries [10]. Land is often over-developed amid rapid economic growth—resources are wasted, and the entire ecological environment suffers damages, as discussed below:



(1) The impact on soil and vegetation. The various emissions of industrial wastewater, waste gas and waste residue in the process of development have directly or indirectly polluted the soil, hurt the soil quality, caused damage to the existing land vegetation and microbial communities, and led to the degradation of land structure and land fertility, as well as soil salinification, soil acidification and soil hardening. For example, Reidsma et al. assessed the agricultural land use policies for Taihu Basin in China [11]; Lee et al. used a land use regression model to analyze the air pollution in Hong Kong [12]; Chen et al. studied the spatial and temporal changes in soil properties in the subtropical plain [13]; Li et al. researched the water environment management for the soil in central China [14]; and Yang and Li analyzed the efficiency of industrial wastewater control for soil protection [15]. Additionally, the blind and unscientific development of land resources in many areas has led to a decline in the vegetation coverage rate and the regeneration capacity of the plant community is greatly reduced; the plant diversity has been severely impacted, which will ultimately impair the self-adjustment capacity of the entire ecosystem. For example, Chandregowda et al. [16], Velasquez and Lavelle [17], and Yang and Li [18] used the increase of woody shrubs, soil macrofauna, and efficiency of water and energy to, respectively, conduct their studies.



(2) The impact on the ecological environment. During the rapid expansion of urban areas in China in recent years, a large amount of farmland and green land have been converted into building land. The infiltration of sewage has caused serious adverse effects on water resources and the water environment. For example, Li and Yang studied the total factor efficiency of China’s industrial coal input and wastewater control [19]; Lass et al. studied the contamination of wastewater for drinking water resources in China [20]; and Yuan and Yang studied how to optimize the electric power system to minimize sewage based on hybrid intelligent algorithms [21]. With the development of economy, the number of factories has soared, the urban population has become increasingly dense, and huge amounts of wastewater and waste gas are generated, posing a serious threat to the water environment and the atmospheric environment. The water pollution, caused by wastewater emissions, and air pollution, caused by waste gas emissions, have become the most severe challenge to China in recent years. For example, Wang et al. evaluated the land-cover change for urban planning and sustainability in Dongying city, China [22]; Li et al. studied the effects of regulation on air pollution in China [23]; and Yang et al. also researched air pollution control policies in the Yangtze River Delta cities, in China [24].



(3) The impact on people’s quality of life. In the process of economic development and urbanization, some areas of China have neglected the importance of a balanced and harmonious ecological environment in their pursuit of rapid economic development, which has eventually resulted in serious destruction of the ecological environment and decreasing urban green space. For example, Shi et al. focused on preventing future smog crises in China and globally [25]; Tong et al. studied the spatial flows of e-waste in China [26]; and Helbich et al. studied the street view green and blue spaces and their associations in Beijing, China [27]. The improper use of land resources has directly affected biological communities, underground water levels, and air quality. Once the ecological system is out of balance, it will greatly affect people’s quality of life. For example, Wei et al. discussed the progress of integrated assessment models for land use, climate policy, and ecological balance [28]; Gao et al. researched the environmental governance policies in China’s Pearl River Delta and their relationship with land use [29]; Hansen et al. discussed the progress of ecological civilization in China [30]; and Yang and Yang studied ecological governance policies in China from the perspective of evolutionary games [31].



The academic community has also studied the scientific development and utilization of land resources in China. For example, Ash and Edmonds analyzed the impact of China’s land-intensive methods on the increase of the agricultural output. They argue that China’s yields per hectare have remarkably increased through making full use of the natural environment, such as land resources, which has been a significant factor in Chinese agriculture progress since 1978 [32]. In the context of tightening of land development policies in China, Yang et al. took the Jiangbei National New Area in Nanjing as an example to study the development of China’s “National New Area” in recent years. The results of their research indicate that the commercialization of rural land is an important driver of China’s “National New Area” policy innovation, but this policy has not effectively solved the land-centric development crisis.



Moreover, the rapid development of the rural land market may put more burden on financialization in the near future [33]. Clarke studied the use of land resources in China from the perspective of ownership, and argued that the 70-year “long-term use right” of Chinese land and an ownership system based on full private payment are not significantly different. This research shows that the ownership of land resources reflects, and affects, China’s wealth distribution to a considerable extent. The government can influence this process by formulating new policies, but it must carefully measure the actual role it ultimately plays [34]. Ge et al. analyzed the changes in land use in China ’s poor areas between 2013 and 2018. Using Google Earth Engine to build a land-use change framework, and using Bayesian hierarchy model to analyze the spatial-temporal change pattern of land use, they showed that the arable land continues to decrease in poor areas in China, while the built-up land and vegetation are gradually expanding. Simultaneously, there is a clear difference between the deep poverty-stricken counties and the normal poverty-stricken counties in terms of cultivated land and built-up land [35]. Batunacun et al. studied land degradation in pastoral areas of China. Using the partial order theory and the Hasse diagram technique, they analyzed the factors leading to land degradation in pastoral areas using the Xilingol League in China as an example. The research results show that after 2000, urbanization gradually became the main cause of land degradation in pastoral areas. In addition, human disturbance and water condition were also important causes of land degradation in pastoral areas. Therefore, the Chinese government needs to adopt new policies to mitigate the impact of urbanization, in order to protect land resources in pastoral areas [36].



However, the existing literature still lacks a comprehensive long-term analysis of the changing trends of various types of land resources in China, and a scientific prediction of the future land use. Therefore, this paper has conducted a systematic analysis on the change in various types of green land, including woodland, shrubbery, sparse woodland, other woodland, high coverage grassland and medium coverage grassland, etc., as well as the change in various types of building land, including urban and town land, rural settlements, and other building land. This studies uses a convolutional neural network model, based on the land use data from 1995 to 2018, in the Beijing-Tianjin-Hebei region of China [37]. Additionally, after summarizing the historical land use data, this paper has predicted the land use in 2023. The reasons for choosing the Beijing-Tianjin-Hebei region as the research object include the following:



(1) The Beijing-Tianjin-Hebei region is of great significance to China’s development. The region is one of the core producers for Chinese economy: Not only does it contain the capital city of Beijing (the political and cultural center of China), but also includes Tianjin, one of the four municipalities directly under the central government in China. Moreover, this region also covers 11 cities of Hebei Province, with an area of approximately 218,000 square kilometers [38]. Thus, this region was considered an insightful subject for this study of China’s sustainable development (see Figure 1).



(2) The Beijing-Tianjin-Hebei region covers various typical land forms and vegetation types. The terrain of this region slopes from the northwest to the southeast. Mountains, hills and plateaus dominate the northwest region, while the middle and southeast regions are dominated by the vast Beijing-Tianjin-Hebei Plain, and the east region is adjacent to the Bohai Sea. The vegetation spread across the plains, flood alluvial plains, alluvial low plains, sloping flatlands, dunes, depressions, and coastal plains in this area all have fairly typical geographical characteristics [37]. Therefore, this region is ideal for the study of land resource use and vegetation distribution in China.



This paper attempts to make the following contributions:



(1) Systematically summarize the historical situation of the use of land resources during the development of the Beijing-Tianjin-Hebei region of China by selecting a typical region of a large developing country as the research object, conducting an in-depth analysis of land use in the past, and reasonably predicting the future trend in the next three years, in order to provide a scientific reference to land resource utilization and enrich existing literature.



(2) Analyze and predict the efficiency of land resource utilization in a certain region by improving the design of the convolutional neural network model. This paper has improved the existing research methods while making full use of the historical land use data so that it provides new calculation and analysis tools for the research on land resource utilization.



The structure of this paper is as follows: Section 1 introduces the background of this research, briefly summarizes the existing researches, and presents the contributions of this paper. Section 2 introduces the convolutional neural network model for historical analysis and prediction calculation of land resource utilization, and introduces the data source of the study; based on the improved model, Section 3 obtains detailed calculation and prediction results of historical and future land resource utilization; Section 4 conducts an in-depth discussion on the historical analysis and prediction results, and discusses the sustainability level of the Beijing-Tianjin-Hebei region by referring to its land policies; and Section 5 concludes the findings and provides relevant policy recommendations on the future utilization of land resources in this region in order to further ensure sustainability in its development.




2. Materials and Methods


2.1. Convolutional Neural Network (CNN)


The convolutional neural network (CNN) is a neural network applied to image processing [39,40]. The low-level features are abstracted into high-level features through convolution so that the features of the image can be retained while a large number of parameters in the image data that are difficult to process can be reduced to a small number of parameters for further processing. The convolutional neural network performs layer-by-layer feature transformation on the input data, transforms the features of the samples in the original space to features in a new feature space, and learns in the new feature space to obtain a hierarchical feature representation, which can be used for classification or feature visualization. The convolutional neural network used for classification generally includes a convolutional layer, a pooling layer, and a fully connected layer [41,42,43]. The convolutional layer extracts local features in the image through the filtering of the convolution kernel; the pooling layer is the down-sampling layer, which is used to reduce the dimension of the data, reduce the number of calculations, and prevent overfitting; the fully connected layer is used for the output of classification results (see Figure 2).



It can be seen that this kind of network structure could achieve a high rate of accuracy in image recognition. However, it can only determine whether a certain feature is included in an image or not, but cannot identify information, such as the size and position of the feature, i.e., the image semantics are lost. The image prediction for land quality requires an end-to-end network structure to ensure that the output image should have the same scale as the input image.



Therefore, we will follow the process below (see Figure 3, Appendix B, and Appendix C) to train the CNN model, and get the final result.



Before data preprocessing, in order to prevent exploding gradients and avoid other problems in data processing, this paper has normalized the training set and labels:


   u  i j   =    x  i j   −  g  m i n      g  m a x   −  g  m i n      



(1)




where    u  i j     is the normalized value;    x  i j     is the grey value corresponding to each pixel;    g  m a x     and    g  m i n     represent the maximum and minimum values of the grey value, respectively. The grey value is the color depth of the points in the black and white image, ranging from 0 to 255. White is 255, and black is 0. The data obtained from images will automatically assign the color depth in ArcGIS 10.2 (the software of Environmental Systems Research Institute, Inc. Redlands, CA, USA), that is, the grey value, according to different land types.



In order to make the gradients calculated by the deep learning algorithm faster, the features are scaled to [0,1] on average, and the above work is completed by Equation (1). If the mean value is used, a large number of features will take a value close to 1 after calculation, making it difficult to calculate the gradients.



When inputting the data set, this paper performs feature transformation through convolution, i.e., following a u-net encoding process and performing convolution on a two-dimensional image. The convolution process can be expressed as:


   h  i j   =   ∑   u = 1  m    ∑   v = 1  n   f  i − u + 1 , j − v + 1   ×  k  u v    



(2)




where    f  i j     is a given two-dimensional image and satisfies that   1 ≤ i ≤ M  ,   1 ≤ j ≤ N  ;    k  u v     is the convolution kernel and satisfies that   1 ≤ u ≤ m  ,   1 ≤ v ≤ n  .



The activation function   R e L U  ( x )    (the Rectified Linear Unit) adopted in this paper is:


  R e L U  ( x )  =  {      x  (  x > 0  )        0  (  x ≤ 0  )         



(3)







Compared with the traditional activation function, this activation function can reduce the number of calculations, and increase the sparsity of the network by making some of the neuron outputs 0. In addition, this activation function can reduce the interdependence among parameters, thus, preventing “overfitting”, which refers to the phenomenon that the model has learned the training data so well that it even incorporates the potential noise in the training data so cannot recognize the data very well during actual testing, thus, impairing the model’s ability to generalize [44,45].



An initial value is assigned to the convolution kernel, and the He normal distribution initializer is applied here, which draws samples from a truncated normal distribution centered at 0 with a standard deviation of:


  s t d d e v =    2  f a n _ i n      



(4)




in which   f a n _ i n   is the number of input units in the weight tensor.



After the encoding is completed, this paper performs deconvolution (an inverse operation of convolution), i.e., interpreting the learned features through a u-net decoding process. Based on Formula (2), if * is used to denote convolution, the convolution process can be expressed as:


  h = f ∗ k  



(5)




while the deconvolution process is to reconstruct  f  when  h  and  k  are given.



The loss function is a product of the soft-max function and the cross-entropy. The soft-max function is defined as follows:


   p k   ( x )  =   e x p  (   a k   ( x )   )     ∑  k ′  K  e x p  (   a  k ′    ( x )   )     



(6)




in which    a k   ( x )    represents the activation function of the feature channel k at the pixel position x. The loss function  E  can be expressed as:


  E =   ∑   x ∈ Ω   w  ( x )  l o g  (   p  l  ( x )     ( x )   )   



(7)




in which   w  ( x )    is the weight introduced in this paper, which makes some features more important than others [46]. Here, the proportion of different terrains for map data from previous years are calculated, and corresponding weights are generated. For example, different weights are given to plain terrain and swamp terrain. In addition, additional weights are given to the boundaries of the classification features, such as the junction of marsh terrain and plain terrain. The network will minimize those additional weights to minimize the loss function  E  and improve the accuracy of the classification boundaries.



In the image prediction of land quality, this paper has further adopted skip connections. Currently, as a common practice of CNN in the academic circle, the output of the previous layer is normally used as the input of the next layer, while skip connections mean connecting part of the output of the previous layer to a higher layer or more layers [47,48,49]. By using skip connections, the low-level features of an image can be fed to higher layers of the network to facilitate image prediction, while reducing the number of network parameters. According to the No Free Lunch (NFL) Theorem [50], the total error will not be impacted by the choice of machine learning algorithms, and the overall expected performance of any two algorithms is the same. Therefore, this paper has innovatively applied U-net to the image prediction task regarding land use.



More specifically, the network structure designed in this paper is u-net, which is symmetrical. The network on the left side is the encoder, i.e., the contracting path. The contracting path follows a typical convolutional network structure. The activation function   R e L U  ( x )    is applied to the convolutional layer. The contracting path also includes a pooling operation with a step size of 2 to perform down-sampling in order to gradually reflect the environmental information regarding geographic locations in the contracting path. The network on the right is the decoder, i.e., the expanding path. Each step in the expanding path consists of the up-sampling information of the feature map and the down-sampling information from skip connections. These two types of information are combined to restore detailed information and gradually achieve image accuracy. The prediction results obtained through this method contain both information regarding geographic locations and detailed information about each location.




2.2. Data Sources and Data Processing Methods


The dataset used in this paper is the raster data per square kilometer of land in the Beijing-Tianjin-Hebei region of China from 1995 to 2018, collected by the Chinese Academy of Sciences [37]. In the dataset, different land types have been given different signs, which come with the raster data and follow the LUCC (Land Use Cover Change) classification system, which divides land types into six primary land types, and twenty-six secondary land types. The raster data can be displayed in color or greyscale [51]. In order to reduce the number of calculations, and reduce the errors caused by the transformation of colored images to greyscale images, this paper has used greyscale images to perform deep learning instead of transforming colored images to greyscale images.



The purpose of this paper is to make predictions on land types. Prediction is a classification task in itself. To train a neural network, it requires a given input and the corresponding results, which is the sign. Therefore, this paper has defined the input as the data of the nth year, and defined the sign as the data after that year. The signs of different land types in different years are unique and consistent, which all come from the LUCC classification system. Because deep learning requires numerical values instead of signs, the signs are converted into grey values when performing deep learning, which ranges from 0 to 255, and distinguishes the features of different land types. Therefore, the range of [0,255] is divided into equal intervals, and each interval is used to represent a land type.



Because the remote sensing data is measured every five years, and thus, the data size is limited, this paper has expanded the data volume through data augmentation. The methods include expanding the data volume by image rotation, horizontal movement, vertical movement and horizontal flip while making the same adjustments to the image and the sign at the same time. In the data augmentation process, the input image is regarded as one channel, and the sign is regarded as another channel. The two channels are combined into one image and perform the same adjustments. After the data augmentation is completed, the image is split again to obtain the expanded dataset and signs.



Based on the above models and datasets, this paper has performed a trend forecast of land types in the Beijing-Tianjin-Hebei region in 2023. The trend prediction map includes both changes in the grey values that match the existing grey values and grey values that do not match the existing grey values. By comparing the trend prediction map with the sample, this paper has obtained a land type map reflecting the detailed future changes in the land resources of the Beijing-Tianjin-Hebei region. The following formula was used to calculate the percentage change of land types:


   P n  =  A n  /  S n  −  A  n − 1   /  S  n − 1    



(8)




in which n is the label of the data set;    P n    is the percentage change of the corresponding land type;    A n    is the area of the corresponding land type in the dataset;    S n    is the total area of the land;    A  n − 1     is the area of the corresponding land type in the previous period; and    S  n − 1     is the total area of the land in the previous period.



The calculation software used in this paper is Python 3.7.6 by Python Software Foundation (Beaverton, OR, USA). The training code and the trend forecast code of CNN model are listed in Appendix B and Appendix C.





3. Results


Based on the model and data introduced in Part 2, this paper has calculated the proportion of various land types in the Beijing-Tianjin-Hebei region from 1995 to 2018, as shown in Figure 4, Figure 5 and Figure 6, and Table A1, Table A2 and Table A3 in Appendix A.



Further, this paper has predicted the proportion of various land types in the Beijing-Tianjin-Hebei region in 2023. The prediction result is shown in Figure 7, Figure 8 and Figure 9, and Table A4 in Appendix A.




4. Discussion


As the above calculation results show, land resource sustainability in the Beijing-Tianjin-Hebei region is not optimistic. In 1995, dry land took up the largest proportion in Beijing, Tianjin, and Hebei, with a proportion of 29.55%, 49.66%, and 49.62%, respectively. In 2018, the land type that took up the largest proportion in Beijing changed to woodland, accounting for 28.71% of the total land area; while the land type that occupied the largest proportion of land area in Tianjin and Hebei was still dry land, with a proportion of 46.15% and 47.37%, respectively. The area of dry land in these three locations all decreased compared with that of 1995, with Beijing witnessing the largest decline. Due to the continuous development of urban areas, the proportions of residential land and building land have shown an increasing trend in Beijing, Tianjin, and Hebei. However, the large proportion of dry land indicates that there is still much room for land resource utilization within these three locations.



4.1. Beijing


The prediction results show that in 2023, the proportion of woodland in Beijing would increase by 0.26%, compared with that in 2018, and increase by 3.92%, compared with that in 2015—reaching its best level since 1995. Meanwhile, in 2023, the proportion of grasslands (including high-, medium-, and low-coverage grassland) in Beijing would increase by 0.30%, compared with that in 2018, and increase by 0.50%, compared with that in 2015; while the total proportion of rivers, lakes, reservoirs, and ponds would increase by 0.61%, compared with that in 2018, and increase by 1.13%, compared with that in 2015—also reaching its best level since 1995. The increase in the proportions of the above three land types indicates that Beijing has attached importance to ecological environment protection when pursuing socio-economic development. This also indicates that Beijing’s land resources have been well protected.



During the research period of this paper, Beijing has adopted a number of policies and measures to protect the ecological environment and reasonably utilize and develop its land resources. In 2009, Beijing published the “Beijing Master Plan for Land Use (2006–2020)”, establishing the guiding principle of “emphasizing ecological civilization, and promoting reasonable utilization and optimized allocation of land resources” for land use in the next 15 years [52]. This plan has been the mandatory general policy for land use in Beijing since 2009. Governments at all levels in Beijing have strictly adhered to the requirements of it. Taking green space protection and construction as an example, the plan requires the construction of a “three green circles” urban land use pattern in Beijing. That is to build three green ecological areas: (1) The core area of urban greening—the area between the first greenbelt and the second greenbelt around the city; (2) plain farmland ecosphere—a concentrated distribution area of nine planned basic green farmlands in the suburbs; (3) mountain ecological circle—the area around the Yanshan and Taihang Mountains [52].



The calculation results in this paper fully show the effect of the above plan. The proportion of woodland and grassland area in Beijing in 2018 increased significantly compared to 2005—the woodland coverage increased from 45.00% in 2005 to 46.03% in 2018, and the grassland coverage increased from 7.89% in 2005 to 8.03% in 2018. Based on Beijing’s total area of 16,410 square kilometers [38], the woodland and grassland increased by 169.02 square kilometers and 22.97 square kilometers, respectively.



In the above calculation process, the machine learning processes during CNN model application fully considered and reflected the effect of policies on land change. In the data, the color patches of the grey values corresponding to the woodland and grassland types increased significantly. In the algorithm, the CNN model can be understood as each class of features is extracted. For example, the first layer of convolution may extract features of the terrain contours, and the second layer extracts these contour features to acquire the deep-level features, such as which types of land are more likely to change into woodland and grassland during the implementation of the policy. The more abstract the feature, the more convolution operations need to be performed, and the deeper the level. The change in the above policy causes a sudden increase in the change of a certain land type, which can be extracted by the deeper convolution layer to reflect, so that the final forecast result can further reflect the future impact of the policy.



In the actual operation, the convolution layer of the model performs the convolution operation according to the type of color patch. The shallow convolution operation extracts the geographical location where the color patch changes more. The deep convolution operation is based on the shallow layer and combines the features of the shallow operation to extract features—such as the trend of the policy—to fit the effect of it, so that the final prediction result can fully reflect the role of policy.



In 2017, Beijing further formulated the “Guidelines for Beijing Urban and Rural Planning and Land Use Type Classification (Trial)”, which have matches Beijing’s current land type classification in urban and rural planning, as well as land classification standards with the national land standards of China, in order to ensure the reasonable and efficient utilization [53].



These policies have played a positive role in Beijing’s development of land resources and contributed to the protection and restoration of its ecological environment. The proportions of urban woodland and grassland have shown an increasing trend. The proportion of woodland increased from 25.05%, in 2015, to 28.71%, in 2018 (an increase of 3.65%); and among the various types of grasslands, the growth in high coverage grassland is the most prominent—where the proportion of total land area increased from 6.45% to 6.61% (an increase of 0.15%). The increase in the proportions of woodland and high coverage grassland could help reduce the carbon dioxide content in the atmosphere and lessen the greenhouse effect, which also plays a role in air purification and climate adjustment, and helps alleviate the pressure on the environment brought by the continuous development and increasingly concentrated population of Beijing [54,55,56,57]. In addition, the proportion of rivers and lakes, as well as that of reservoirs and ponds, have also increased in Beijing—increasing by 0.34% and 0.18%, respectively, in 2018, compared to figures from 2015.




4.2. Tianjin


During the research period, the land use type in Tianjin was generally stable. Although the area of dry land is still quite large, the proportions of woodland and grassland have both increased while ensuring the development of building lands. In 2018, the proportion of woodland in Tianjin was 2.85%, increasing by 1.04% compared with that in 1995; while the proportion of grassland (including high-, medium-, and low-coverage grassland) was 2.67%, increasing by 0.61% compared with that in 1995.



Since 2010, Tianjin has formulated and implemented a series of land-use-related measures for ecological environment management based on China’s overall policy regarding the construction of ecological civilization. For example, the “Tianjin Master Plan for Land Use (2006–2020)” was published in 2010 [58], and the “Regulations on the Management of Tianjin’s Permanent Ecological Protection Areas” and their revised editions were issued in 2014 [59] and 2019 [60], respectively. Tianjin has made concentrated efforts to solve the remaining issues in the ecological environment generated in the process of urban construction and land development. Tianjin has also taken the lead in the country by designating permanent ecological protection areas through local legislation, including six types of areas (mountains, rivers, reservoirs and lakes, wetlands and salt fields, country parks and urban parks, and forest belts) into the scope of permanent protection. At the same time, Tianjin has further increased its efforts in tree planting and afforestation, and has implemented key national projects, such as the control of sources of sandstorms in Beijing and Tianjin, and the construction of the northwest–north–northeast shelter forest and the coastal shelter forest. According to the statistics in the “Thirteenth Five-Year Plan for Ecological Environmental Protection of Tianjin”, from 2011 to 2015, Tianjin has completed a total forest plantation of 1.554 million mu, promoted afforestation and beautification campaigns, and constructed a few new country parks, including Xiqing, Dongli, Jinnan, and Guangang Country Park of Binhai New Area [61].



In addition, Tianjin has also vigorously implemented construction projects—such as wetland protection and restoration, sandstorm prevention and control, mine management, and small watershed cleansing. Within the research period, Tianjin has constructed two national-level wetland parks, and actively carried out pilot programs on soil erosion control in the plain area. Through afforestation and cultivation measures on the desertified land in the city, Tianjin has effectively controlled land desertification. At the same time, Tianjin has also enhanced soil environment protection by setting up 195 control points all over the city for soil environment quality monitoring, and establishing a city-wide network that monitors the quality of the soil environment [61]. With the help of this monitoring network, Tianjin has carried out a detailed investigation on the status of closed industrial enterprises and their development and utilization of land, thus, providing a scientific basis for the environmental risk assessment of the reuse of contaminated sites.



The above policies have achieved positive results. By 2018, with increasing proportions of woodland and grassland in Tianjin, the proportion of saline-alkali land has also decreased by 0.22% since the beginning period of 1995, which has effectively promoted the efficient use of land resources in Tianjin. The Saline-alkali land is one of the main obstacles affecting the ecological environment of Tianjin. Based on Tianjin’s total area of 11,966 square kilometers [38], it is equivalent to adding 26.33 square kilometers of land for being improved to woodland and grassland, and for urban construction. Therefore, it has played a positive role in improving the air quality and protecting the ecological environment in Tianjin in recent years.




4.3. Hebei


The prediction results of Hebei for 2023 have clearly reflected the ecological and environmental problems brought by the previous highway construction. The area of building land has been expanding day by day, and the area of sand land, saline-alkali land, marshland, bare land and bare rock area has also increased at the same time. In 2018, the total proportion of Hebei’s urban and town land, rural settlement and other building land was 8.84%, which is an increase of 1.80% compared with that of 1995, and is predicted to further increase to 11.17% by 2023. Its total proportion of sand land, saline-alkali land, marshland, bare land and bare rock area is predicted to reach 1.48% by 2023, increasing by 0.34% compared with that of 1995.



Facing the adverse situation, Hebei has also formulated a number of policies to promote proper utilization and protection of land resources. Based on the 1.415 million mu of newly constructed building land during the “Twelfth Five-Year Plan” period, in 2017, Hebei issued the “Thirteenth Five-Year Plan for Land and Resources in Hebei Province”, which calls for strong support to the land needs of new industries and new business forms, as well as an effective guarantee of land resources required by the sustainable socio-economic development of Hebei Province [62]. For this purpose, Hebei Province has planned its land development and construction of ecological civilization as a whole, and prioritized ecological environment protection during land development to prevent excessive development and predatory use of land, and to ensure that the development of land does not exceed the carrying capacity of resources and the environment. At the same time, Hebei Province has also strengthened land-related ecological environmental protection and comprehensive improvement, emphasized source protection and restoration of ecological functions, and promoted reduced development, intensive development and renewable development to continuously advance the construction of an ecological land.



On the other hand, Hebei has also attached great importance to the protection and improvement of its river, lake, reservoir, and pond resources. Hebei has focused on the treatment of water pollution in the water sources of its drinking water, as well as the Haihe River basin, designated key control areas in cities under its jurisdiction, and made concentrated efforts in the pollution rectification and prevention of rivers, lakes, reservoirs and ponds. The above policies have achieved some results. In 2018, the total proportion of rivers, lakes, reservoirs and ponds in Hebei Province reached 2.11%, increasing by 1.10% compared with that of 1995. At the same time, the comprehensive water network management capacity of Hebei has enhanced, and Hebei’s water quality has seen significant improvements.




4.4. Overview of the Whole Region


In summary, the land use situation in the Beijing-Tianjin-Hebei region has not reached the ideal state. By 2018, the proportion of dry land in the entire region is still high, especially in Tianjin and Hebei. Although the dry land in Tianjin dropped from more than 50% in 2005–2015 to 46.15% in 2018, the task of rebuilding dry land is still arduous. While a large area of dry land in this region is related to natural and climatic conditions [63], it is concerning that there is almost no special policy for dry land management in the land use policies in the Beijing-Tianjin-Hebei region—this is also an important reason for the high proportion of dry land there.



Another important trend is that construction land in the region (including Urban and Town Land, Rural Settlement, and Other Building Land) grew rapidly during the study period, and fully matched the level of urbanization and economic development. In 1995, the proportion of construction land in Beijing, Tianjin, and Hebei was 13.28%, 16.20%, and 7.04%, respectively. In 2018, the proportion increased in the three places to 20.79%, 26.23%, and 8.84%. As the capital of China, Beijing has always strictly controlled the rate of population growth and urbanization [64]. Therefore, the growth rate of its construction land is lower than that of Tianjin, and the relative backwardness of Hebei in the Beijing-Tianjin-Hebei region [38] has also been proven in the growth rate of construction land.



Based on the calculation results of 1995–2018, predictions on the land use status of Beijing-Tianjin-Hebei region in 2023 show that the construction land in the area will further increase with economic development. However, if land resources, such as the dry land, are not fully utilized, the proportion of woodland and grassland area may be further reduced. The forecast results for Beijing show that the proportion of woodland and grassland area in 2023 will be 52.89%, which will be 1.17% lower than 2018. Therefore, Beijing, and the entire Beijing-Tianjin-Hebei region, need to further consolidate the achievements of greening and environmental protection, so as to strengthen the rational use of land resources while maintaining sound economic development.



Due to data limitations, there may be some uncertainty in the results of calculations and analysis in this paper—the Chinese Academy of Sciences generally publish them on a 5-year cycle, not every year [37]. Therefore, the calculation and forecast results in this article are based on the time of publication. Considering that the period of land planning and urban construction is relatively long [65], and that China has always been making its development plan on a five-year cycle [66], this uncertainty is only likely to affect the land use analysis for each year in future researches, while not affect the results of this paper.





5. Conclusions


By using an improved CCN model, this paper has analyzed the land use of the Beijing-Tianjin-Hebei region of China from 1995 to 2018, and performed prediction for 2023. The research results show that: (1) There is still much room for improvement in the land use of the Beijing-Tianjin-Hebei region. In 1995, dry land took up the largest proportion of land in these three locations, with a proportion of 29.55%, 49.66%, and 49.62%, respectively. In 2018, the land type that took up the largest proportion in Beijing changed to woodland, accounting for 28.71% of the total land area; while the land type that occupied the largest proportion of land area in Tianjin and Hebei was still dry land, with a proportion of 46.15% and 47.37%, respectively. (2) Beijing’s land resources have been well protected in terms of land use. It is predicted that by 2023, the proportions of its woodland, grassland, and rivers, lakes, reservoirs and ponds would increase by 0.26%, 0.30%, and 0.61%, respectively compared with their proportion in 2018, reaching its best level since 1995. (3) The land use type in Tianjin during the research period was generally stable. In 2018, the proportion of its woodland and grassland had increased by 1.04% and 0.61%, respectively, compared with that of 1995. (4) Many ecological and environmental problems were exposed during the construction of highways in Hebei province. The proportions of its sand land, saline-alkali land, marshland, bare land, and bare rock areas have all increased, and their total proportion is predicted to reach 1.48% by 2023, increasing by 0.34% compared with that of 1995.



In summary, the land use situation in the Beijing-Tianjin-Hebei region has not reached the ideal state. By 2018, the proportion of dry land in the entire region is still high, especially in Tianjin and Hebei. Although the dry land in Tianjin dropped from more than 50% between 2005–2015, to 46.15% in 2018, the task of rebuilding dry land is still arduous. Another important trend is that construction land in the region (including Urban and Town Land, Rural Settlement, and Other Building Land) grew rapidly during the study period, and fully matched the level of urbanization and economic development. Based on the calculation results of 1995–2018, predictions on the land use status of Beijing-Tianjin-Hebei region in 2023 show that the construction land in the area will further increase with economic development. However, if land resources, such as the dry land, are not fully utilized, the proportion of woodland and grassland area may be further reduced.



Based on the above research findings, this paper has proposed the following policy recommendations for the land use in the Beijing-Tianjin-Hebei region:



(1) Attach equal importance to economic development and ecological protection. Take environmental protection and ecological enhancement into consideration when developing land resources for economic construction, and adhered to a strategy of sustainable development. Hebei can learn from the various measures in the land planning of Beijing and Tianjin, such as the measures in the “Guidelines for Beijing Urban and Rural Planning and Land Use Type Classification (Trial)” [53], and the “Regulations on the Management of Tianjin’s Permanent Ecological Protection Areas” [60], in order to match Hebei’s current land type classification in urban and rural planning, as well as land classification standards with the national land standards of China, and ensure the reasonable and efficient utilization.



(2) In the background of Beijing-Tianjin-Hebei integration, these three cities and provinces should coordinate the formulation and implementation of their land resource planning, realize comprehensive development and utilization of land resources in this region. In principle, no new construction land will be arranged, and the conversion of existing construction land into ecological land will be encouraged. However, high-intensity large-scale construction should not be carried out in the stock-excavation area. The total area of construction land will remain basically stable [67].
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Appendix A. Calculation and Prediction Results of Land Types in the Beijing-Tianjin-Hebei Region
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Table A1. The proportion of various land types in Beijing from 1995 to 2018.






Table A1. The proportion of various land types in Beijing from 1995 to 2018.














	
	1995
	2000
	2005
	2010
	2015
	2018





	Paddy Field
	1.07%
	1.04%
	0.93%
	0.89%
	0.85%
	0.86%



	Dry Land
	29.55%
	29.31%
	27.14%
	26.45%
	26.01%
	21.79%



	Woodland
	25.10%
	25.09%
	25.09%
	25.06%
	25.05%
	28.71%



	Shrubbery
	11.60%
	11.59%
	11.59%
	11.57%
	11.55%
	10.09%



	Sparse Woodland
	4.89%
	4.89%
	4.87%
	4.85%
	4.85%
	4.99%



	Other Woodland
	3.48%
	3.48%
	3.45%
	3.41%
	3.39%
	2.24%



	High Coverage Grassland
	6.43%
	6.46%
	6.48%
	6.46%
	6.45%
	6.61%



	Medium Coverage Grassland
	0.96%
	0.96%
	0.96%
	0.94%
	0.94%
	1.00%



	Low Coverage Grassland
	0.49%
	0.47%
	0.45%
	0.44%
	0.44%
	0.42%



	Rivers and Lakes
	0.41%
	0.41%
	0.39%
	0.40%
	0.40%
	0.73%



	Reservoir and Pond
	1.87%
	1.85%
	1.31%
	1.31%
	1.29%
	1.47%



	Beach
	0.86%
	0.87%
	1.26%
	1.21%
	1.21%
	0.29%



	Urban and Town Land
	6.23%
	6.34%
	7.88%
	8.63%
	8.75%
	7.68%



	Rural Settlement
	5.83%
	5.97%
	6.62%
	6.62%
	6.91%
	11.46%



	Other Building Land
	1.22%
	1.26%
	1.57%
	1.75%
	1.90%
	1.65%



	Bare Rock Area
	0.01%
	0.01%
	0.01%
	0.01%
	0.01%
	0.01%
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Table A2. The proportion of various land types in Tianjin from 1995 to 2018.






Table A2. The proportion of various land types in Tianjin from 1995 to 2018.














	
	1995
	2000
	2005
	2010
	2015
	2018





	Paddy Field
	10.35%
	10.71%
	5.24%
	5.18%
	5.17%
	3.41%



	Dry Land
	49.66%
	49.13%
	53.10%
	52.61%
	51.62%
	46.15%



	Woodland
	1.81%
	1.81%
	1.77%
	1.76%
	1.74%
	2.85%



	Shrubbery
	0.31%
	0.31%
	0.31%
	0.31%
	0.31%
	0.29%



	Sparse Woodland
	0.22%
	0.22%
	0.22%
	0.22%
	0.22%
	0.17%



	Other Woodland
	1.59%
	1.60%
	1.43%
	1.43%
	1.36%
	0.55%



	High Coverage Grassland
	1.00%
	1.04%
	0.98%
	0.98%
	0.96%
	2.50%



	Medium Coverage Grassland
	1.04%
	1.04%
	0.72%
	0.71%
	0.71%
	0.07%



	Low Coverage Grassland
	0.02%
	0.02%
	0.02%
	0.02%
	0.03%
	0.10%



	Rivers and Lakes
	2.82%
	2.87%
	2.77%
	2.77%
	2.77%
	2.50%



	Reservoir and Pond
	11.10%
	11.23%
	10.63%
	10.45%
	9.95%
	0.23%



	Tidal Flat
	0.50%
	0.34%
	0.34%
	0.40%
	0.22%
	11.45%



	Beach
	2.53%
	2.65%
	2.09%
	2.33%
	2.31%
	1.02%



	Urban and Town Land
	4.66%
	4.89%
	7.05%
	7.29%
	7.49%
	9.60%



	Rural Settlement
	7.87%
	7.91%
	8.33%
	8.33%
	8.53%
	9.72%



	Other Building Land
	3.67%
	3.58%
	4.52%
	4.75%
	6.09%
	6.91%



	Saline-Alkali Land
	0.67%
	0.47%
	0.34%
	0.32%
	0.29%
	0.45%



	Marshland
	0.17%
	0.17%
	0.13%
	0.13%
	0.13%
	1.98%



	Bare Land
	0.01%
	0.01%
	0.01%
	0.01%
	0.10%
	0.05%










[image: Table] 





Table A3. The proportion of various land types in Hebei province from 1995 to 2018.
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	1995
	2000
	2005
	2010
	2015
	2018





	Paddy Field
	2.49%
	2.49%
	2.46%
	2.44%
	2.41%
	2.49%



	Dry Land
	49.62%
	49.58%
	49.37%
	49.24%
	49.05%
	47.37%



	Woodland
	9.71%
	9.67%
	9.67%
	9.68%
	9.67%
	10.21%



	Shrubbery
	8.34%
	8.35%
	8.34%
	8.34%
	8.34%
	8.19%



	Sparse Woodland
	1.30%
	1.30%
	1.29%
	1.29%
	1.31%
	1.27%



	Other Woodland
	0.30%
	0.29%
	0.32%
	0.32%
	0.32%
	0.43%



	High Coverage Grassland
	11.34%
	11.35%
	11.31%
	11.38%
	11.37%
	11.40%



	Medium Coverage Grassland
	5.51%
	5.50%
	5.48%
	5.38%
	5.38%
	5.14%



	Low Coverage Grassland
	1.04%
	1.04%
	1.03%
	1.02%
	1.02%
	0.83%



	Rivers and Lakes
	0.59%
	0.59%
	0.57%
	0.58%
	0.58%
	0.86%



	Reservoir and Pond
	0.42%
	0.41%
	0.48%
	0.47%
	0.50%
	1.25%



	Tidal Flat
	0.11%
	0.10%
	0.08%
	0.08%
	0.07%
	0.10%



	Beach
	1.05%
	1.09%
	1.03%
	1.01%
	1.01%
	0.51%



	Urban and Town Land
	0.95%
	0.98%
	1.22%
	1.31%
	1.44%
	1.91%



	Rural Settlement
	5.16%
	5.18%
	5.20%
	5.23%
	5.26%
	5.07%



	Other Building Land
	0.93%
	0.94%
	1.05%
	1.14%
	1.19%
	1.86%



	Sand Land
	0.37%
	0.37%
	0.35%
	0.34%
	0.34%
	0.43%



	Saline-Alkali Land
	0.08%
	0.08%
	0.07%
	0.08%
	0.08%
	0.17%



	Marshland
	0.64%
	0.64%
	0.63%
	0.62%
	0.61%
	0.46%



	Bare Land
	0.02%
	0.02%
	0.02%
	0.02%
	0.02%
	0.02%



	Bare Rock Area
	0.03%
	0.03%
	0.03%
	0.03%
	0.03%
	0.03%
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Table A4. The predicted proportions of various land types in the Beijing-Tianjin-Hebei region in 2023.
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	Beijing
	Tianjin
	Hebei





	Paddy Field
	0.88%
	3.14%
	2.52%



	Dry Land
	19.61%
	42.57%
	46.22%



	Woodland
	28.97%
	2.69%
	11.55%



	Shrubbery
	9.07%
	0.27%
	8.89%



	Sparse Woodland
	4.48%
	0.16%
	1.06%



	Other Woodland
	2.04%
	0.52%
	0.37%



	High Coverage Grassland
	6.99%
	2.34%
	9.56%



	Medium Coverage Grassland
	0.92%
	0.06%
	4.24%



	Low Coverage Grassland
	0.42%
	0.10%
	0.69%



	Rivers and Lakes
	0.83%
	2.31%
	0.70%



	Reservoir and Pond
	1.99%
	0.21%
	1.04%



	Tidal Flat
	/
	10.64%
	0.08%



	Beach
	0.63%
	0.89%
	0.43%



	Urban and Town Land
	8.25%
	9.18%
	2.01%



	Rural Settlement
	11.83%
	8.87%
	6.69%



	Other Building Land
	3.08%
	6.55%
	2.47%



	Sand Land
	/
	/
	0.56%



	Saline-Alkali Land
	/
	0.66%
	0.39%



	Marshland
	/
	2.73%
	0.46%



	Bare Land
	/
	6.11%
	0.03%



	Bare Rock Area
	0.01%
	/
	0.04%









Appendix B. The Training Code of the Convolutional Neural Network Model




	import os



	import numpy as np



	from keras.models import *



	from keras.layers import Input, merge, Conv2D, MaxPooling2D, UpSampling2D, Dropout, Cropping2D, concatenate



	from keras.optimizers import *



	from keras.callbacks import ModelCheckpoint, LearningRateScheduler



	from keras import backend as keras



	from creat_imagelabel_npy import *








	class myUnet(object):



	 def __init__(self, img_rows = 512, img_cols = 512):



	  self.img_rows = img_rows



	  self.img_cols = img_cols



	 def load_data(self):



	  mydata = dataProcess(self.img_rows, self.img_cols)



	  imgs_train, imgs_mask_train = mydata.load_train_data()



	  #imgs_test = mydata.load_test_data()



	  return imgs_train, imgs_mask_train,



	 def get_unet(self):



	  inputs = Input((self.img_rows, self.img_cols,1))








	conv1 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(inputs)



	print (“conv1 shape:”,conv1.shape)



	conv1 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv1)



	print (“conv1 shape:”,conv1.shape)



	pool1 = MaxPooling2D(pool_size = (2, 2))(conv1)



	print (“pool1 shape:”,pool1.shape)








	conv2 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool1)



	print (“conv2 shape:”,conv2.shape)



	conv2 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv2)



	print (“conv2 shape:”,conv2.shape)



	pool2 = MaxPooling2D(pool_size = (2, 2))(conv2)



	print (“pool2 shape:”,pool2.shape)








	conv3 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool2)



	print (“conv3 shape:”,conv3.shape)



	conv3 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv3)



	print (“conv3 shape:”,conv3.shape)



	pool3 = MaxPooling2D(pool_size = (2, 2))(conv3)



	print (“pool3 shape:”,pool3.shape)








	conv4 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool3)



	conv4 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv4)



	drop4 = Dropout(0.5)(conv4)



	pool4 = MaxPooling2D(pool_size = (2, 2))(drop4)








	conv5 = Conv2D(1024, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool4)



	conv5 = Conv2D(1024, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv5)



	drop5 = Dropout(0.5)(conv5)








	up6 = Conv2D(512, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(drop5))



	merge6 = concatenate([drop4,up6],axis = 3)



	conv6 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge6)



	conv6 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv6)








	up7 = Conv2D(256, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(conv6))



	merge7 = concatenate([conv3,up7],axis = 3)



	conv7 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge7)



	conv7 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv7)








	up8 = Conv2D(128, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(conv7))



	merge8 = concatenate([conv2,up8],axis = 3)



	conv8 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge8)



	conv8 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv8)








	up9 = Conv2D(64, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(conv8))



	merge9 = concatenate([conv1,up9],axis = 3)



	conv9 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge9)



	conv9 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv9)



	conv9 = Conv2D(2, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv9)



	conv10 = Conv2D(1, 1, activation = ‘sigmoid’)(conv9)








	model = Model(input = inputs, output = conv10)



	model.compile(optimizer = Adam(lr = 1e-4), loss = ‘binary_crossentropy’, metrics = [’accuracy’])



	return model








	 def train(self):



	  print(“loading data")



	  imgs_train, imgs_mask_train = self.load_data()



	  print(“loading data done")



	  model = self.get_unet()



	  print(“got unet")



	  model_checkpoint = ModelCheckpoint(‘my_unet.hdf5’, monitor = ‘loss’,verbose = 1, save_best_only = True)



	  print(‘Fitting model...’)



	  model.fit(imgs_train, imgs_mask_train, batch_size = 2, nb_epoch = 2, verbose = 1,validation_split = 0.3, shuffle = True, callbacks = [model_checkpoint])








	if __name__ == ‘__main__’:



	 myunet = myUnet()



	 myunet.train()







Appendix C. The Trend Forecast Code of the Convolutional Neural Network Model




	import os



	import numpy as np



	from keras.models import *



	from keras.layers import Input, merge, Conv2D, MaxPooling2D, UpSampling2D, Dropout, Cropping2D, concatenate



	from keras.optimizers import *



	from keras.callbacks import ModelCheckpoint, LearningRateScheduler



	from keras import backend as keras



	from keras.preprocessing.image import array_to_img








	class dataProcess(object):



	 def __init__(self, out_rows, out_cols, test_path = "../test", npy_path = "../npydata", img_type = "tif"):



	  self.out_rows = out_rows



	  self.out_cols = out_cols



	  self.img_type = img_type



	  self.test_path = test_path



	  self.npy_path = npy_path








	 def load_test_data(self):



	  print(‘-’*30)



	  print(‘load test images…’)



	  print(‘-’*30)



	  #(self.npy_path+"/imgs_test.npy")



	  imgs_test = np.load(“../npydata/imgs_test.npy")



	  imgs_test = imgs_test.astype(‘float32’)



	  imgs_test/= 255



	  mean = imgs_test.mean(axis = 0)



	  imgs_test -= mean



	  return imgs_test








	class myUnet(object):



	 def __init__(self, img_rows = 512, img_cols = 512):



	  self.img_rows = img_rows



	  self.img_cols = img_cols



	 def load_data(self):



	  mydata = dataProcess(self.img_rows, self.img_cols)



	  #imgs_train, imgs_mask_train = mydata.load_train_data()



	  imgs_test = mydata.load_test_data()



	  return imgs_test



	 def get_unet(self):



	  inputs = Input((self.img_rows, self.img_cols,1))








	conv1 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(inputs)



	print (“conv1 shape:”,conv1.shape)



	conv1 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv1)



	print (“conv1 shape:”,conv1.shape)



	pool1 = MaxPooling2D(pool_size = (2, 2))(conv1)



	print (“pool1 shape:”,pool1.shape)








	conv2 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool1)



	print (“conv2 shape:”,conv2.shape)



	conv2 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv2)



	print (“conv2 shape:”,conv2.shape)



	pool2 = MaxPooling2D(pool_size = (2, 2))(conv2)



	print (“pool2 shape:”,pool2.shape)








	conv3 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool2)



	print (“conv3 shape:”,conv3.shape)



	conv3 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv3)



	print (“conv3 shape:”,conv3.shape)



	pool3 = MaxPooling2D(pool_size = (2, 2))(conv3)



	print (“pool3 shape:”,pool3.shape)








	conv4 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool3)



	conv4 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv4)



	drop4 = Dropout(0.5)(conv4)



	pool4 = MaxPooling2D(pool_size = (2, 2))(drop4)








	conv5 = Conv2D(1024, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(pool4)



	conv5 = Conv2D(1024, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv5)



	drop5 = Dropout(0.5)(conv5)



	print(“nn")








	up6 = Conv2D(512, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(drop5))



	merge6 = concatenate([drop4,up6],axis = 3)



	conv6 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge6)



	conv6 = Conv2D(512, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv6)



	print(“nn")








	up7 = Conv2D(256, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(conv6))



	merge7 = concatenate([conv3,up7],axis = 3)



	conv7 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge7)



	conv7 = Conv2D(256, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv7)








	up8 = Conv2D(128, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(conv7))



	merge8 = concatenate([conv2,up8],axis = 3)



	conv8 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge8)



	conv8 = Conv2D(128, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv8)








	up9 = Conv2D(64, 2, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(UpSampling2D(size = (2,2))(conv8))



	merge9 = concatenate([conv1,up9],axis = 3)



	conv9 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(merge9)



	conv9 = Conv2D(64, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv9)



	conv9 = Conv2D(2, 3, activation = ‘relu’, padding = ‘same’, kernel_initializer = ‘he_normal’)(conv9)



	conv10 = Conv2D(1, 1, activation = ‘sigmoid’)(conv9)








	model = Model(input = inputs, output = conv10)



	model.compile(optimizer = Adam(lr = 1e-4), loss = ‘binary_crossentropy’, metrics = [’accuracy’])



	return model



	def train(self):



	print(“loading data")



	imgs_test = self.load_data()



	print(“loading data done")



	model = self.get_unet()



	print(“got unet")



	model_checkpoint = ModelCheckpoint(‘my_unet.hdf5’, monitor = ‘loss’,verbose = 1, save_best_only = True)



	print(‘Fitting model...’)



	model = load_model(‘my_unet.hdf5’)








	print(‘predict test data’)



	imgs_mask_test = model.predict(imgs_test, batch_size = 2, verbose = 1)



	np.save(‘../results/imgs_mask_test.npy’, imgs_mask_test)








	 def save_img(self):



	  print(“array to image")



	  imgs = np.load(‘../results/imgs_mask_test.npy’)



	  for i in range(imgs.shape [0]):



	   img = imgs[i]



	   img = array_to_img(img)



	   img.save(“../results/%d.jpg"%(i))








	if __name__ = ‘__main__’:



	 myunet = myUnet()



	 myunet.train()



	 myunet.save_img()
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Figure 1. The Beijing-Tianjin-Hebei region of China. 
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Figure 2. The structure of the convolutional neural network. 
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Figure 3. The flowchart for the methodology in this research. 
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Figure 4. The proportion of various land types in Beijing from 1995 to 2018. 
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Figure 5. The proportion of various land types in Tianjin from 1995 to 2018. 
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Figure 6. The proportion of various land types in Hebei Province from 1995 to 2018. 
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Figure 7. The predicted proportions of various land types in Beijing in 2023. 
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Figure 8. The predicted proportions of various land types in Tianjin in 2023. 
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Figure 9. The predicted proportions of various land types in Hebei province in 2023. 






Figure 9. The predicted proportions of various land types in Hebei province in 2023.



[image: Sustainability 12 03002 g009]








© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






nav.xhtml


  sustainability-12-03002


  
    		
      sustainability-12-03002
    


  




  





media/file8.jpg
L —— e
® W BE B M BE WE W N B %
i WO o RS v OO o IO

B Townland 8 R Sttenen EOtberuing Lond % e Rock A





media/file11.png
0% 10% 20%

B Paddy Field

B Sparse Woodland

B Low Coverage Grassland
M Beach

M Saline-Alkali Land

30% 40%
M Dry Land
B Other Woodland

M Rivers and Lakes
B Urban and Town Land
B Marshland

50% 60% 70%

B Woodland

B High Coverage Grassland
B Reservoir and Pond

W Rural Settlement

M Bare Land

80% 90% 100%

B Shrubbery

B Medium Coverage Grassland
M Tidal Flat

W Other Building Land





media/file6.jpg





media/file13.png
2018

2015

2010

2005

2000

1998

0% 10% 20%

M Paddy Field

M Sparse Woodland

B Low Coverage Grassland
B Beach

M Sand Land

M Bare Rock Area

30% 40%

B Dry Land

M Other Woodland

M Rivers and Lakes

M Urban and Town Land
M Saline-Alkali Land

50% 60% 70%

B Woodland

B High Coverage Grassland
M Reservoir and Pond

W Rural Settlement

B Marshland

80% 90% 100%

B Shrubbery

B Medium Coverage Grassland
M Tidal Flat

W Other Building Land

M Bare Land





media/file10.jpg
s

20

L R - T T - S ST
u raday b w0y Lant = Woodland s
e Woodand re—" B High Covrae Grnland B Mdm Coverngs Grnsand





media/file7.png
Collect data

Generate data set

Establish
network structure

Train network
parameters

View performance
with validation set

Analysis
performance

good

Predict test set

Analysis results

Modify network
structure






media/file12.jpg
e aoe W W am 0% % W% 8% % 100%
- spare oodiind Ot Woodand B High Coverse Grasnd 8 Medium Coverae Grsland
8 Lo ComrageGrasnd B Rivesand Lakes BRenouondlond | BTl






media/file18.jpg
\\V






media/file9.png
2018

2015

2010

2005

2000

1995

0% 10% 20%

B Paddy Field

B Sparse Woodland

B Low Coverage Grassland
® Urban and Town Land

30% 40%
B Dry Land
M Other Woodland

M Rivers and Lakes
M Rural Settlement

50% 60% 70%
B Woodland
B High Coverage Grassland

M Reservoir and Pond
B Other Building Land

80% 90% 100%

M Shrubbery

B Medium Coverage Grassland
B Beach

W Bare Rock Area





media/file14.jpg
n <t = Shubery
g oG im Coveage Grastand






media/file16.jpg





media/file5.png
Convolu Convolu
Skip links % tion*2

(3*3) (3*3)

Convolu
tion*2
(3*3)

Convolu Convolu
Skip links tion*2

(3*3) (3*3)

Convolu
tion*2 ) Skip links tion*2

(3*3)

Convolu
tion*2
(3*3)





media/file15.png
® Paddy Field
® Sparse Woodland
® Low Coverage Grassland

® Urban and Town Land

® Dry Land
B Other Woodland
B Rivers and Lakes

® Rural Settlement

®= Woodland
m High Coverage Grassland

B Reservoir and Pond
= Other Building Land

® Shrubbery

® Medium Coverage Grassland
® Beach

= Bare Rock Area





media/file3.png
China

lianjin

Bei jing

Hehei

China
— —_— —— I \liles
0 345 690 1380 2070 2760





media/file0.png





media/file17.png
® Paddy Field

® Sparse Woodland

® Low Coverage Grassland
= Beach

® Saline-Alkali Land

® Dry Land

® Other Woodland

® Rivers and Lakes

® Urban and Town Land
® Marshland

\|
l\

® Woodland

® High Coverage Grassland
B Reservoir and Pond

® Rural Settlement

® Bare Land

® Shrubbery

® Medium Coverage Grassland
m Tidal Flat

= Other Building Land





media/file19.png
® Paddy Field

m Sparse Woodland

® [ow Coverage Grassland
= Beach

® Sand Land

® Bare Rock Area

® Dry Land

® Other Woodland

® Rivers and Lakes

® Urban and Town Land
® Saline-Alkali Land

= Woodland
m High Coverage Grassland

B Reservoir and Pond
® Rural Settlement
® Marshland

® Shrubbery

® Medium Coverage Grassland
® Tidal Flat

® Other Building Land

® Bare Land





media/file4.jpg





media/file2.jpg
China





