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Abstract

:

In the context of rural revitalization strategies and humans’ increasing leisure pursuit, leisure agriculture starts to act as a new engine of rural economic growth and industrial upgradation. Unraveling the agri-leisure developmental regularity from a spatial perspective facilitates urban-rural integration and poverty alleviation in rural regions. Given the lack of spatially analyzing agri-leisure (e.g., sightseeing picking orchards) especially at the macro-spatial scale (e.g., the national scale), this study aims to explore the spatiality of leisure agriculture and its fundamental driving mechanisms based on geo-visual (spatially visualizing) analytical tools looking at 20,778 picking orchards in China. Results show that: (1) Picking orchards are distributed in the form of clusters with striking disparity at multiple spatial scales; (2) Five spatial agglomerations are found involving the regions around Beijing and Tianjin, Shandong hinterland, Henan hinterland, the core district of the Yangtze Delta, and the core district of the Pearl River Delta; (3) The driving mechanisms are revealed, and the spatial pattern of picking orchards is found to be largely influenced by morphology, distance to central cities, traffic conditions, economic level, and tourism resources. This study is conducive to optimizing the spatial planning of rural eco-tourism towards sustainable agro-development.
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1. Introduction


With rapid socio-economic development, people engage in more leisure activities (e.g., tourism, recreation, etc.) to meet their increasing cultural and psychological needs, such as viewing their cultural heritage, experiencing the traditional life, and viewing beautiful natural scenery, which contributes towards a higher quality of life [1,2,3,4,5]. In the context of rapid urbanization globally, urban dwellers are predicted to account for 68% of the worldwide population, a growing number of urban residents desire to leave the city and get close to nature in the countryside as rapid urbanization leads to an increased distance to nature for many people [6,7]. Rapid urbanization and postmodernism have given birth to the rural idyll of the urban, just as the rural signifies idyllic, pure, tranquil authenticity and original, idealized, traditional agriculture [8,9]. Rural destinations are depicted as an imaginative place with a significant range of cultural meanings and cultural heritage, and tourism possesses the capacity to revitalize the culture and heritage of rural communities [10,11,12]. Many citizens start to yearn for leisure activities, enjoying idyllic scenery, breathing fresh air, tasting local specialties (e.g., organic farm food) in the countryside on holidays [13,14,15,16]. Thanks to this growing demand, traveling to the countryside, living and eating with peasant families, experiencing the simple farm life without modern equipment, and admiring the beautiful countryside has now become a new trend and created opportunities for the rise of agriculture-based tourism development [17,18]. Agriculture-based tourism also acts as one significant avenue through which urbanites (urban residents [19]) return to nature while relaxing their body and soul [20]. Given a series of ‘urban diseases’ caused in the process of accelerating urbanization, concerning overpopulation, traffic congestion, resource depletion, air pollution, ecological destruction, etc., urban environments are often higher in many of the physical and psychological stressors that are detrimental to health and lower in the social capital that is beneficial to health [21,22,23,24,25]. Urban citizens suffer higher risks of many health-related problems, such as decreased psychological well-being, high psychosocial stress, elevated depressive symptoms, and obesity prevalence [26,27,28,29]. Conversely, rural environments with plenty of open spaces and direct contact with nature counteracts the negative effects of urbanization in a manner, through reducing chronic stress and anxiety, encouraging physical and mental well-being, and providing positive influences regarding health-promoting behaviors [30,31,32]. Because rural environments affect such a multitude of health outcomes, the development of accessible nature and countryside by diversifying farms to include recreation and leisure activities for visitors, commonly labeled leisure agriculture or agritourism, has been on the regional development agenda [33,34]. Furthermore, governments and citizens appreciate promoting the nature connectedness of children with outdoor education in the open countryside, which also promotes agritourism industry development [35]. Thus, agritourism has gained popularity worldwide over the last decade, and an increasing number of tourists have been visiting agritourism destinations such as sightseeing parks, on-farm restaurants, and picking orchards [36].



Leisure agriculture, interchangeable with agrileisure, agritourism, agritourism, sightseeing agriculture, recreational farm visits, rural eco-tourism, etc., has become largely the concern of academic scholars during the past few decades. Some researchers focused on the definition and classification of agritourism [37]. For instance, Barbieri et al. appealed for the standardization of the multiple names of agrileisure (i.e., farm visit, agritourism, etc.) [38]. Some have explored the agritourism domain from the supply-demand perspective. Gao et al. researched the effects of certain agritourism activities on visitor response and tourist revisit intention [39]. It was found that the agrileisure activities that require mutual cooperation (e.g., animal feeding, fruit/vegetable picking, etc.) are preferred, and that these activities enhance tourist revisit intention [40]. Some have probed into the determinants of agritourism development. Askarpour et al. demonstrated that education, diversified crops, and services are the main drivers of agritourism development [41]. Besides, there are also challenges and barriers to developing agritourism including issues related to marketing, product development, government support, education and training, and partnership and communication [42,43]. Others have assessed the benefits of the leisure agriculture industry to farmers, rural communities, and heritage preservation [44,45], and both economic and non-economic benefits have been identified [18,46].



Specifically, a majority of studies focus on the economic benefits of leisure agriculture [47,48]. It is demonstrated that the income is increased mainly through diversifying the income sources of traditional farm businesses, increasing market accessibility, and better enhancing farm products [49]. Meanwhile, leisure agriculture has considerably tackled the production, price, technological, and political uncertainties of highly unstable agricultural income since both yields and prices are not completely manageable over time [50]. The rural eco-tourism industry has become increasingly populous and brought great help for local economic development [51], with the potential to stimulate local production, generate exchange earnings, attract investments, and create new jobs as an engine of economic growth [52]. The crucial role that leisure agriculture plays in non-economic benefits is also addressed, such as revitalizing rural culture and facilitating public health, social justice, environmental sustainability, and heritage protection [45,47,53,54,55].



In many countries and regions, leisure agriculture has developed very successfully. Nonetheless, global leisure agriculture scenery make a huge difference as it is rooted in different farms’ agricultural resources and cultural and natural heritage of the local landscapes [39], for instance, wine tourism in Italy [56] and scenic villages in China. In developed countries, agritourism largely promotes further economic prosperity. In the United States, for example, during the 2007–2012 period, the number of farms offering agritourism increased by 42% from 23,350 to 33,161, grossing an income of US$704 million [57]. In France, the percentage of farms engaged in tourism was 3% in 2013 [58]. Even more, just in the Northern Italian Region of South Tyrol, around 15% of the existing farms offer tourist services [59]. In developing countries like China, recent years have seen leisure agriculture become a feasible approach to stimulating economic growth and achieving the pro-poor objectives of rural renewal towards uplifting the lives of small farmers in sustainable ways [60]. Through agritourism, rural residents can get additional income and more job opportunities by providing recreational services and tangible cultural resources and intangible cultural heritage rather than the traditional single farming mode [61,62]. Many rural households incorporating tourism into their livelihood strategy have caused the rapid expansion of leisure agriculture activities in China in light of economic needs and poverty alleviation [63]. All these call for a specific framework to understand the overall picture of leisure agriculture development in China.



Apart from farm-based accommodation and events, leisure agriculture entails organizing dedicated leisure activities such as agriculture-based festivals, farm markets, wineries, and U-Picks [42], among which picking orchards are a popular form of leisure agriculture in China [42,64]. Picking orchards are cultivated fields allowing consumers to enter the field and directly harvest their own product. A review of the relevant literature reveals that many authors use other terms with the same meaning, such as picking agriculture, U-Pick farms, pick-your-own farms, and picking gardens [64,65,66,67,68]. Picking orchards normally fall into one of two categories: vegetable and fruit farms. Typical eco-tourism picking orchards in China are shown in Figure 1. Figure 1a is one kind of representative vegetable farm (a potato farm) and Figure 1b is one kind of fruit farm (a strawberry farm). There is a wide variety of picking orchards in China, involving potatoes, cucumbers, mini-pumpkins, mini-carrots, eggplants, cherries, peaches, pears, apples, mangoes, watermelons, apricots, grapes, Chinese dates, loquats, pitayas, citruses, mulberries, persimmons, Chinese strawberries, raspberries, kiwi fruits, pomegranates, and so on. An abundant variety of papers have explored the development of picking orchards from multiple aspects. Some researches demonstrated that the climate, crop management strategies, and cultivars have a large impact on the performance of picking orchards [67,69,70]. Other researchers compared the tourists’ purchasing behavior during and after experiences in picking orchards with that of retail grocery stores and through other types of direct farm markets [65,66,71]. The results argue that the picking orchards have high profitability and improve the intentions toward local foods [65,69]. The price elasticity and output elasticity of picking orchards were investigated as well [64,66].



The fast-paced growth and benefits of leisure agriculture, especially picking orchards, is noteworthy, but more interesting is how and why leisure agriculture is distributed across the region. Research on the spatial distribution and place-based influencing factors of leisure agriculture is progressing. Thus far, some researchers have analyzed the spatial heterogeneity of leisure agriculture and its driving factors in both the U.S. and China [72]. Spatial analysis methods (e.g., local indicators of spatial autocorrelation (LISA) analysis, nearest neighbor analysis, kernel density estimation, proximity distance measurements, etc.) were used to investigate the spatial pattern of leisure agriculture [72,73,74,75]. Probit regression and the geodetector method have been used to detect the place-based factors related to the distribution of leisure agriculture [72,73,76]. A qualitative analytical method was also used in the identification of the place-based factors [77]. Moreover, spatial planning of leisure agriculture was explored by the methodological approach of spatial multiple criteria evaluation through the weighted linear combination of spatial factor layers as images in a geographical information system [78].



Despite this, insufficient research has been devoted to spatially characterizing leisure agriculture, especially at the national scale with a specific focus on sightseeing picking orchards, despite the advent of geospatial big data bringing about great opportunities for conducting research from a spatial perspective. Though great attention was devoted to the influencing factors of leisure agriculture based on farm characteristics and owner/farmer characteristics [79,80], few studies have examined the influencing factors involving regional natural conditions or socio-economic characteristics. To fill this research gap, this study analyzed the spatial pattern of leisure agriculture and its underlying mechanism by looking at the 20,778 picking orchards in China. This study adopts the methodological approach of average nearest neighbor, multi-distance spatial cluster analysis, and kernel density estimation for spatializing picking orchards in China, as well as analyzing the influencing factors.



The rest of the paper is organized as follows. Section 2 illustrates the data resources and analytical methods. Section 3 presents the spatial pattern of picking orchards and the influencing factors. Section 4 addresses the discussion, practical implications, and limitations of this study. Section 5 draws the conclusions. The statistics of picking orchards in China’s provincial-level administrative districts are reported in Appendix A. The explanation of ‘the Three Gradient Terrains of China (TGTC)’ is outlined in Appendix B.




2. Methodology


2.1. Data Resources


In this study, four data sets are involved (Table 1). The first is the points of interest (POIs) of picking orchards, where the points mark the locations of the picking orchards. These POIs are gathered and geo-coded by Gaode Map (AutoNavi Map, Similar to Google Map in China), from August to November of 2019. The ‘search service API’ on the Gaode Map open platform (AutoNavi Open Platform) (https://lbs.amap.com/api/webservice/guide/api/search/, accessed on 22 April 2021) provides a simple HTTP interface for retrieving relevant POIs by keyword search. We select frequently applied names of picking orchards (i.e., sightseeing garden, picking garden, picking orchards, strawberry bases, vineyards, loquat gardens, apple park, ecological garden, ecological farm, all in Chinese) and then capture all the geographical coordinates and names of the picking orchards by connection to the open platform using web scraping techniques by Python code with requests and json packages. After filtering and data cleansing, including deleting missing values, removing duplication, and checking the POI type manually by its name, 20,778 picking orchards and their locations were derived all over China. The second data set used was the fundamental geographic data, involving administrative divisions (e.g., provincial boundaries), municipal governments, transport networks, etc., collected from the National Geomatics Center of China (http://www.ngcc.cn/, accessed on 22 April 2021). Thirdly, population, GDP, per capita consumption, number of A-level scenic spots, etc., were directly gathered from the China Statistical Yearbook (2019) and China Tourism Statistical Yearbook (2019). The fourth data source was the digital evaluation model (DEM) of Aster GDEM with 30 × 30 resolution, from the platform of Geospatial Data Cloud (http://www.gscloud.cn, accessed on 22 April 2021). Hong Kong, Macao, and Taiwan are not included in this study due to the lack of available data in these regions. All these data sets are projected onto Albers equal-area conic projection system and stored in the form of data layers in ArcGIS 10.2 Software.




2.2. Methods


2.2.1. Average Nearest Neighbor (ANN)


Point pattern analysis regards an individual picking orchard as a point in two-dimensional space and then analyses their quantity and spatial characteristics. We conducted the average nearest neighbor (ANN) test using the Spatial Statistical Tools extension of ArcGIS 10.2, which evaluates whether the pattern expressed is clustered, dispersed, or random within the study area, to detect the distribution patterns of picking orchards. ANN refers to the distance from a certain point to its nearest neighbor [86]. Nearest neighbor index means the ratio of the observed ANN (i.e., the actual situation) to the theoretical ANN (i.e., the random distribution), commonly used as an indicator for point pattern analysis. The equation is as below:


     r E   ¯  =  1  2   n / A     =  1  2  λ     



(1)






  R =      r i   ¯       r E   ¯     



(2)







In Equation (1),      r E   ¯    denotes the theoretical average nearest neighbor distance and n denotes the number of points. A represents the area of study region and λ refers to the point density. In Equation (2), R is the nearest neighbor index and      r i   ¯      is the actual average nearest neighbor distance. ‘R > 1’ shows that the actual average nearest neighbor distance is larger than the theoretical value. That is, points repel each other towards a scattered distribution. While ‘R < 1’ means that the actual average nearest neighbor distance is smaller than the theoretical average nearest neighbor distance. R = 1 represents the complete random pattern of point features. On this basis, three spatial patterns can be identified: scattered (R > 1), random (R = 1), and clustered form (R < 1) [87,88,89].




2.2.2. Multi-Distance Spatial Cluster Analysis (Ripley’s L Functions)


Ripley’s L function was calculated to assess the spatial pattern of picking orchards throughout the study area at varying spatial scales processed with Spatstat and Maptools packages for R [90]. Ripley’s L function is a second-order point pattern analysis based on the variance between points (picking orchards) in two-dimensional space that can determine whether the picking orchards exhibit statistically significant clustering or dispersion over a range of distances [91]. This method overcomes the shortcoming of the traditional method that the spatial distribution patterns at only a single scale can be analyzed, and makes the best use of the spatial information for different points. Ripley’s L-function is a multi-distance spatial cluster analysis tool that uses a common transformation of the Ripley’s K-function. Ripley’s K-function estimates the average number of points within a distance r of a randomly chosen point within the study area [92,93]. Deviations between the observed K curves with theoretical K curves which would be expected under complete spatial randomness (CSR) may suggest spatial clustering or spatial heterogeneity [94]. The K-function is defined as:


  K  r  =   a   ∑   i = 1  n    ∑   j = 1 , j ≠ i  n   k  i , j     n   n − 1      



(3)




In which a is the area of the rectangle (study area); n is the number of spatial points; and ki,j is a weight that will be equal to one when the distance between point i and point j is less than r, and will be equal to zero otherwise.



Under the assumption of CSR generated by the uniform Poission point process, which is a well-documented process for generating reference point patterns, K(r) is equal to πr2. For simplification, square root transformation (L(r)) was applied to stabilize variance and give zero expectation under CSR. The square root also has the effect of stabilizing the variance of the estimator, so that L(r) is more appropriate for use in simulation envelopes and hypothesis tests. The transformation L(r) was shown as:


  L  r  =     K  r   π    − r  



(4)







When the observed L(r) value is larger than the expected L(r) (namely 0) for a particular distance, the point distribution is more clustered than a random distribution at that distance. When the observed L(r) is smaller than 0, the pattern can be considered dispersed at that distance.



There is a limitation of Ripley’s K and L functions, which is the presence of edge, or boundary, effects. Edge effects arise because the theoretical distributions for most spatial point statistics assume an unbounded area, yet observed distributions are estimated from delineated regions [95]. For Ripley’s L function, edge correction is necessary when the radius extends over the boundary of the study area. A ‘border’ edge correction was applied in this study.



It is possible to represent graphically not only the observed L(r) function and the expected L(r) function but also an interval estimation of exact expected values, including both a lower and a higher confidence envelope. L(r) values above the envelope were considered to indicate clustering at r, values within it to indicate randomness, and values below it to indicate regularity [96].




2.2.3. Kernel Density Estimation (KDE)


To reveal the distribution of the picking orchards in the study area, we used the kernel density estimation (KDE) tool of the Spatial Analyst Tools extension of ArcGIS 10.2. KDE has long been used for calculating the density value of unknown regions based on the distribution of specific spatial elements based on the kernel function [97,98]. The KDE equation is below:


  f  x  =  1  T h     ∑   i = 1  T  k     x −  X i   h     



(5)







In Equation (3),     f  x    refers to the kernel density estimated value,   k     x −  X i   h      is the kernel function.  T  represents the number of specific elements (i.e., the picking orchards in this research). h > 0 means the bandwidth. (x − Xi) denotes the distance between the estimated location and the known location. The bigger the kernel estimated density value is, the denser the spatial elements probably are.




2.2.4. Lorenz Curve and Gini Coefficient


The Lorenz curve and Gini coefficient are mostly applied to measure distributive uniformity. They are selected here to explore the spatial equity of picking orchards among numerous provinces within the study area using Excel computing. The Lorenz curve, introduced by Lorenz (1905), illustrates the cumulative proportion of one variate, ranking from the lowest to the highest [99]. A Gini coefficient is defined as the percentage of the area between the Lorenz curve and a hypothetical absolute equilibrium line to the area under the Lorenz curve [100]. The range of a Gini coefficient is 0 to 1. The perfect inequality value is 1, while 0 indicates perfect equality [7]. This study adopts a Gini coefficient to measure the interprovincial distribution of sightseeing picking orchards. The equation is below:


  G =   −   ∑   i = 1  N   P i  l n  P i    l n N    



(6)







In Equation (4), Pi is the share of picking orchards in the ith region of China. N refers to the number of regions. The higher the Gini value is, the more concentrated picking orchards in the region are.






3. Results


3.1. Spatial Pattern of Picking Orchards


According to Equations (1) and (2), the actual mean nearest neighbor distance of picking orchards is 3.36 km and the theoretical value is 10.67 km in China (R < 1). Numerically, this reveals that these picking orchards are distributed in clusters. By the average nearest-neighbor technique, normally small-scale clustering would be detected. Given point features, the pattern of picking orchards generally exhibits different forms at different spatial scales. To determine the pattern of picking orchards in this study area, scale effects should be taken into account. L-function, the standardized version of Ripley’s K-function, is used to examine the spatial dependence based on distances of each picking orchard from one another. The function outputs concern four parameters: the observed L (Obs, the black solid line), the expected L (Exp, the red dashed line), lower confidence envelope (lower boundary of the grey block) and the higher confidence envelope (higher boundary of the grey block) at the desired 95% confidence interval. As shown in Figure 2, the observed L value of picking orchards is always larger than the expected L value for any given distance threshold, indicating that the distribution of picking orchards is in general clustered. In addition, the observed L value is far beyond the 95% confidence simulation envelope, which indicates that the spatial clustering of the picking orchards is statistically significant. However, the extent of clustering differs. When the distance threshold is set to less than 106 km, the extent of clustering is positively associated with the distance. The peak of observed L value appears when the distance threshold is 106 km, showing that picking orchards are highly clustered at this distance scale. Afterwards, the level of clustering decreases with the increase in distance threshold. Yet, there is an inflection when the distance threshold is 224 km, and the level of clustering rises slowly above the threshold.



3.1.1. Spatial Distribution of Picking Orchards in China


Spatially, picking orchards are indeed aggregated via the KDE tool (with the bandwidth 200 km) in a GIS environment (obviously shown in Figure 3). In particular, Figure 3 illustrates the following: (1) A striking imbalance occurs in terms of these picking orchards’ distribution at the provincial scale, with a deceasing trend from the southeast to the northwest on the national scale; (2) The distribution pattern of these picking orchards tally with the Hu Line (the population density cutting line in China), meaning that the distribution of picking orchards on both sides of this line present great disparities; (3) On the southeast side of the Hu Line, six key aggregations are detected, namely, the region around Beijing and Tianjin City, Shandong Province, Henan Province, the core area of the Yangtze River Delta, the core area of the Pearl River Delta and the Chengyu urban agglomeration. On the northwest side of the Hu Line, few picking orchards are distributed, with only a few around Urumchi city in Xinjiang Province. (4) The spatial pattern of picking orchards tends to be a strip-type distribution along the traffic arteries of the Northeast, North China, and Central China (mainly, Beijing-Guangzhou Railway and Lanzhou-Lianyungang Railway). Most regions are traditional rural agricultural regions with concentrated agricultural production or developed urban areas with dense populations. The former regions normally yield sufficient fruits and residents in the latter regions possess in increasing desire for agritourism (i.e., sightseeing agriculture, leisure farms, etc.) in the process of rapid urbanization.




3.1.2. Interprovincial Discrepancy of Picking Orchard Distribution


Figure 4 illustrates the regional distribution of picking orchards in the form of a Lorenz curve. The x-axis lists the provinces and the y-axis shows the cumulative percentage of picking orchards per province. This figure numerically shows the interprovincial difference of picking orchards. To reflect the extent of distributive disparity, the Gini coefficient is calculated based on the Lorenz curve, and is 0.87 (close to 1). This demonstrates that the distribution of picking orchards at the provincial level is quite imbalanced.



In terms of the picking orchard number, the top five provincial-level districts are Beijing, Shandong, Jiangsu, Henan, and Zhejiang, together accounting for 45% of the total (Table A1). Taking Beijing as an example, this provincial-level municipality possesses 2552 picking orchards. These five provincial-level administrative regions are all in the Southeast of China, and are either economically developed or have a strong agricultural foundation. Provinces in the Northwest of China have few picking orchards in them. The smallest number is in Tibet, which only has 14 picking orchards. There are only 27, 56, and 58 in Qinghai, Hainan, and Ningxia, respectively. In terms of orchard density, the five top-ranked provincial-level districts are Beijing (118.48), Shanghai (34.82), Zhejiang (23.22), Jiangsu (22.99), and Shandong (21.07). The lowest-ranked provinces are Tibet, Guangxi, Qinghai, and Heilongjiang, which are all below 5 (see Appendix A).





3.2. The Influencing Factors of Picking Orchard Spatial Pattern


3.2.1. Topographic and Geomorphic Conditions


Topographic and geomorphic conditions are the fundamental factors affecting the development and transformation of rural production modes, and include earth surface water and heat distribution, soil quality and land use division, spatial configuration of crops, etc. In order to analyze the impact of topography and landform on the development of leisure agriculture, this paper selects DEM/elevation as the index of topographic and landform to demonstrate its influence mode and extent.



Figure 5 visualizes the spatial distribution of picking orchards in China, overlaid by the DEM layer with 1000 m resolution and the subregions of Three Gradient Terrains of China (TGTC) (see Appendix B). At a macro-level, picking orchards are most densely distributed on the First Gradient Terrains of China, especially in the Northeast Liaohe Plain, the North China Plain, the middle and lower reaches of the Yangtze River Plain, the Pearl River Delta and other flat areas. On the Second Gradient Terrains of China, picking orchards are mainly concentrated in the Wei-River Plain, Sichuan Basin and other relatively flat areas. In the Yunnan-Guizhou Plateau, there are local agglomeration distribution of picking orchards, while there are few in the northwest. On the Third Gradient Terrains of China, the number of picking orchards is very small. The elevation is divided into four grades: lower than 200, 200–500, 500–1000, and higher than 1000 m. The number of picking gardens at different elevations was counted. We found that picking orchards are mostly distributed in areas that are lower than 200 m, accounting for about 72.68%. The area with an elevation of 200–500 m accounts for about 13.61%. The area with an elevation of 500–1000 m accounts for about 7.65%. The area with an elevation of higher than 1000 m accounts for about 6.06%.



Hence, picking orchards are mostly distributed in areas with low altitude (e.g., plains), where there is more developed agriculture and stronger external economic ties, where it is easier to develop new types of leisure agriculture so as to supplement farmers’ income. However, high-altitude areas are generally located in mountainous areas and plateau areas, which are more isolated and have poor agricultural production conditions, making it more difficult to develop new leisure agriculture.




3.2.2. Distance to City Centers


The spatial configuration of central cities is deemed to play a significant role in the spatiality of leisure agriculture. Most tourists for leisure agriculture are normally urbanites with an increasing desire for idyllic scenery due to rapid socio-economic development. The closer leisure agriculture is to the central city within a certain region, the more urban tourists are probably attracted. In this study, we adopt China’s prefecture-level municipalities (i.e., city centers) as tourist origins. In this section, we will explore the spatial relation between city centers and picking orchards.



Figure 6 shows the spatial association between picking orchards and city centers. The x-axis shows the distance to its nearest city center per picking orchard. It clearly shows that most picking orchards are located within 10–40 km of a city center. This distance range enables urban tourists to reach this place within one hour, meaning that they can get there and back within one day since vehicle speed inside a city is about 50–60 km per hour [101,102]. That is, this distance range is suitable for excursions on weekends or holidays. With increasing distance, when the distance is more than 40 km away, the ratio of the picking orchards number sharply decreases. Picking orchards more than 40 km from a city center have a lower land price and more rural characteristics, but are less accessible.




3.2.3. Economic Factors


A developed economy is an essential catalyst for innovative leisure agriculture, and brings about a solid financial, technological, and cultural basis. On the one hand, increasing individual income ensures their consumption ability for leisure, but on the other hand, regional economic development ensures agricultural and industrial modernization and promotes the shift from primary industry to secondary and tertiary industries in rural areas, thereby promoting the development of leisure agriculture. In this section, the per capita consumption expenditure is taken as an indicator reflecting the economic development level of a province.



Figure 7 presents the significantly positive linear relationship between economic development (consumption expenditure per capita) and the spatial distribution of picking orchards (the number of picking orchards per capita). That is, the higher the consumption expenditure is, the more picking orchards per capita there are. Based on the statistical calculation, the Pearson value is 0.75, with a significant correlation (p < 0.001). Yet the value of Beijing is an outlier, with the reason being that Beijing is unique due to its political and cultural position in China, which greatly facilitates its leisure agriculture industry, including picking orchards.




3.2.4. Traffic Condition


Traffic condition plays a fundamental role in the development of tourist industries. In other words, good traffic status facilitates the accessibility of picking orchards for tourists. This section selects the road network to represent traffic conditions.



Figure 8 shows that traffic condition and the distribution of picking orchards are significantly correlated. That is, the higher the road density is, the more picking orchards per capita there are. Based on the statistical calculation, the Pearson correlation coefficient is 0.68, with a significant correlation (p < 0.001). Yet again, the value of Beijing is an outlier.




3.2.5. Tourism Resources


Given that leisure agriculture is the combination of agriculture and tourism, tourism resources is an important influencing factor of leisure agriculture. The sites of leisure agriculture is mostly positioned around popular tourist attractions. As satellite-type tourism attractions, leisure agricultural venues easily gain great numbers of potential tourists. This section is explores the relationship between tourism resources and leisure agriculture based on analyzing the correlation between the density of A-level scenic spots (per square kilometer) and picking orchards (per capita), shown in Figure 9.



Figure 9 displays the significant correlation between tourism resources and leisure agriculture, respectively by the indicators of the A-level scenic spot density (per square kilometer) and the picking orchards density (per capita). That is, the higher the density of A-level scenic spots is, the larger the number of picking orchards per capita is. Based on the statistical calculation, the Pearson correlation coefficient is 0.85, with a significant correlation (p < 0.001). Yet again, the value of Beijing is an outlier. This indicates that picking orchards still need to rely on the attraction of mature scenic spots, meaning that they are still in a subordinate position in the tourism industry. Meanwhile, rural tourism has a certain attraction and shows a trend of rapid development.






4. Discussion


4.1. Research Findings Compared to Other Studies


The government has seen leisure agriculture as an opportunity to stimulate rural development and fight poverty. Therefore, leisure agriculture as a rural industry is promoted by local governments all over China [63]. The rapid development of agritourism has been widely acknowledged, examined, and debated [103,104,105,106], and the spatial pattern and spatial drivers of agritourism need to be investigated. This study discovers the spatial heterogeneity of picking orchards in China at multiple scales. Firstly, it was found that the spatial pattern of agriculture leisure gardens is distributed in the form of clusters and that a striking disparity occurs on both sides of the Hu Line (i.e., the Heihe-Tengchong Line), namely, five highly-clustered agglomerations in the southeast and four clusters in the northwest of China. In this sense, there is a large spatial disparity all around the country in China, and huge regional differences of agritourism development embody the complexity and diversity of agritourism development. There exist multiple studies that investigate the spatial distribution of leisure agriculture both in China and abroad [72,73,74,75,76,77]. While most of these studies are based on statistical data on the municipal level [72,76,77,107] or national or regional demonstration sites in leisure agriculture [73,75,108], we carried out our research based on the POIs from the web map service, which has not been done in previous studies especially on the national scale in China. The detailed data enables us to further analyze the spatial pattern of picking orchards on multiple scales. In addition, most studies included the picking orchards (interchangeable with picking agriculture, U-Pick farms, pick-your-own farms, and picking gardens) in the leisure agriculture industry more broadly [40]. We are not aware of any research investigating the spatial aspects of picking orchards separately, and this article starts an initial research interest on the topic. The distribution pattern of picking orchard destinations in space represents valuable information to improve the planning and management of regional agritourism development.



The spatial patterns reported in this study indicate that there are a diverse set of factors that may contribute to the concentration of picking orchards. This paper focuses on the geographical indicators and the socio-economic factors relating to location conditions, and five influencing factors are identified in this study. Most of the five factors identified within the present study are in line with other studies. Factor 1 (geomorphic and topologic condition) has demonstrated a remarkable influence on the development of picking orchards. Picking orchards are normally distributed in flat regions with low altitude (i.e., plains, basins) in the First and Second Gradient Terrains of China. This conforms to our expectation. The flat regions, rather than hilly regions with high altitude, are indeed preferred by residents to live and partake in activities in, which fosters eco-rural tourism. Factor 2 (distance to central cities) and factor 3 (traffic conditions) indicate that the location of the region and the access convenience of the spot is very important. The current study indicates that most picking orchards are gathered within 40 km of city centers, which is around half an hour’s drive one way. This indicates that people favor short sight-seeing trips to eco-farms, and this tallies with the actual situation. That is, urbanites normally plan picking orchard visits on weekends. Similar studies confirmed this finding that farms and areas close to central cities and provincial capitals are more suitable for agritourism [109]. Besides, new picking orchards should be constructed within a relatively small distance from city centers. Further, it is found that the number of picking orchards per capita positively correlates with Factor 4 (per capita consumption of the local region). Given that per capita consumption reflects economic conditions, this finding suggests that people in more economically developed regions pursue or participate in agricultural leisure activities more often. This finding is consistent with the views of Shaken et al., as potential tourists are highly influenced by the amount they are willing to pay for agritourism services [110]. Factor 5 (the density of A-level scenic spots) is demonstrated to significantly correlate with the picking orchards number. This is because A-level scenic spots increase tourism in an area and cause peripheral rural sightseeing at eco-farms. In this regard, Sandt et al. emphasize factors such as proximity to outdoor attractions and other environmental features in the formation and prosperity of leisure agriculture [72]. Konečný has also highlighted that agritourism is indeed concentrated in areas which are already established as popular tourist destinations, and this reflects the importance of mass-tourism for the development of leisure agriculture [77]. These influencing factors mentioned above indicate that developed economic, transportation, and tourist conditions facilitate the prosperity of neo-agriculture leisure gardens.




4.2. Research Limitations


This study has the following limitations: (1) Our sample only considers one type of leisure agriculture, namely picking orchards. We chose this type of leisure agriculture because it is one of the most popular forms of leisure agriculture. Nonetheless, there are also other POIs concerning leisure agriculture locales (i.e., agricolas, fishing gardens, etc.) in China that were not involved in the current research as a whole to better understand agriculture leisure from a comprehensive perspective. Multiple types of leisure agriculture may be analyzed, and these may reveal various spatial patterns. (2) The present work only analyzed the supply of leisure agriculture, but not its demand. The demand side cannot be neglected before policy and operating decisions are made, since consumers play an increasingly powerful role and it would be very helpful to consider the opinions of the consumers before making business decisions. Given the spatiality of leisure agriculture, this study largely clarifies the spatial pattern and influencing factors, yet how to optimize the spatial planning of these leisure agriculture gardens is not mentioned in this study, either. (3) The method adopted in this study does not consider the evolution of the spatial pattern over time, since the rural tourism industry has undergone tremendous changes in China in the past few years. Time-series geo-big data remains to be combined to discover the dynamic regularity of agri-leisure tempo-spatial evolution. In future research, we will collect the annual POIs and time-series remote sensing images to deal with this limitation. (4) This study is unable to cover all factors influencing the development of agritourism. Besides the natural and economic factors, some other factors might also have a great impact on the development of agri-leisure, such as tourists’ preferences, the role of central government, the participation of local residents, agricultural entrepreneurship, willingness, and skill, and so on. That is, a systematic analysis should be done, involving more factors in future through combining the qualitative methods besides the spatial quantitative methods. (5) This study does not concern the negative effects of agritourism, despite the fact that the possible negative effects of agritourism might occur, such as cultural conflicts, destruction of quiet rural environments, and land grabbing. In future research, how these series of spatial approaches function to eliminate these negative effects remains to be combined. Future research design can be conducted to further overcome these limitations.




4.3. Practical Implications


This research contributes to the more efficient management of resources, favoring certain positive effects (e.g., those derived from agglomeration economies) and managing/minimizing possible negative impacts (e.g., excess competition). From the results obtained, some recommendations are presented for the government and other stakeholders of leisure agriculture: (1) The spatial disparity and regional discrepancy of the picking orchard distribution indicates that the national agri-leisure development guidance should be diversified and fit for the local situation. (2) Attention to the five highly-clustered agglomerations in the southeast and four clusters in the northwest of China should be prioritized. Their developmental paradigm of leisure agriculture could be generalized to other regions where the leisure agriculture is less developed. (3) To advance the progress of agriculture leisure, effective measures could be taken towards improving road connectivity and density for improving traffic conditions and initiating or upgrading A-level scenic spots to increase tourist radiation effects. High road density indicates developed traffic conditions, and facilitates the spatial accessibility of visiting picking orchards. More interaction and articulation are necessary between mass tourism and leisure agriculture, so as to generate synergies for customers and competitive advantage. (4) Planning should not be neglected, and the development suitability assessments of leisure agriculture should be a priority. Rural informatics and more spatial analytics should be adopted to facilitate the planning and governance of leisure agriculture.





5. Conclusions


Given people’s increasing leisure needs, the advent of the geo-big data era, and the great challenges of rural decline, leisure agriculture or rural tourism is deemed a feasible approach to rural revitalization, poverty alleviation, and urban-rural integration. Despite leisure agriculture receiving increasing attention from spatial planners, researchers, and local authorities, the spatial pattern of leisure agriculture has seldom been addressed, especially on a large scale by geo-spatial big data. This study investigates the spatiality of leisure agriculture and its driving mechanisms, with a specific focus on sightseeing picking orchards, through multiple spatial statistical methods in China. This study discovered three main findings. Firstly, the spatial heterogeneity of picking orchards was discovered. Specifically, picking orchards are clustered with an uneven spatial distribution pattern in China. Secondly, five spatial agglomerations are found involving the regions around Beijing and Tianjin, Shandong hinterland, Henan hinterland, the core district of the Yangtze Delta, and the core district of the Pearl River Delta. Thirdly, the influencing factors of the picking orchard distribution were investigated, and it was revealed that the spatial pattern of picking orchards is largely influenced by morphology, distance to city centers, traffic conditions, economic development, and tourism resources. A better understanding the characteristics of a region where leisure agriculture is most viable may help guide farm managers and programming decision makers. Meanwhile, this study benefits policy making and rural planning towards sustainable eco-agritourism, agricultural entrepreneurial upgradation, and rural spatial layout optimization.
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Table A1. The statistics of picking orchards in China’s provincial-level administrative districts.






Table A1. The statistics of picking orchards in China’s provincial-level administrative districts.





	Provincial-Level District
	Area

(/1000 km2)
	Population

(/Million)
	Population Density

(/km2)
	Orchard Number
	Orchard Density

(/Million People)
	Orchard Density

(/1000 km2)





	Beijing
	16.40
	21.54
	1313.05
	2552
	118.48
	15.56



	Shandong
	155.85
	100.47
	644.67
	2117
	21.07
	1.36



	Jiangsu
	102.59
	80.51
	784.75
	1851
	22.99
	1.80



	Henan
	165.65
	96.05
	579.83
	1540
	16.03
	0.93



	Zhejiang
	105.05
	57.37
	546.10
	1332
	23.22
	1.27



	Hebei
	188.17
	75.56
	401.55
	1235
	16.34
	0.66



	Sichuan
	486.11
	83.41
	171.59
	1156
	13.86
	0.24



	Guangdong
	177.93
	113.46
	637.67
	1040
	9.17
	0.59



	Anhui
	140.14
	63.24
	451.27
	892
	14.10
	0.64



	Shanghai
	8.06
	24.24
	3008.00
	844
	34.82
	10.47



	Liaoning
	146.78
	43.59
	296.97
	807
	18.51
	0.55



	Hubei
	185.94
	59.17
	318.22
	636
	10.75
	0.34



	Hunan
	211.83
	68.99
	325.68
	550
	7.97
	0.26



	Shaanxi
	205.55
	38.64
	187.98
	517
	13.38
	0.25



	Chongqing
	82.37
	31.02
	376.59
	430
	13.86
	0.52



	Yunnan
	383.22
	48.3
	126.04
	397
	8.22
	0.10



	Jiangxi
	166.94
	46.48
	278.42
	393
	8.46
	0.24



	Shanxi
	156.75
	37.18
	237.19
	313
	8.42
	0.20



	Guizhou
	176.09
	36
	204.44
	303
	8.42
	0.17



	Jilin
	191.02
	27.04
	141.56
	275
	10.17
	0.14



	Tianjin
	11.79
	15.6
	1322.94
	260
	16.67
	2.21



	Inner Mongolia
	1146.14
	25.34
	22.11
	242
	9.55
	0.02



	Guangxi
	236.57
	49.26
	208.22
	216
	4.38
	0.09



	Xinjiang
	1630.59
	24.87
	15.25
	206
	8.28
	0.01



	Fujian
	122.33
	39.41
	322.17
	199
	5.05
	0.16



	Heilongjiang
	452.73
	37.73
	83.34
	173
	4.59
	0.039



	Gansu
	425.43
	26.37
	61.98
	147
	5.57
	0.04



	Ningxia
	51.96
	6.88
	132.41
	58
	8.43
	0.11



	Hainan
	33.98
	9.34
	274.89
	56
	6.00
	0.17



	Qinghai
	696.66
	6.03
	8.66
	27
	4.48
	0.004



	Tibet
	1202.08
	3.44
	2.86
	14
	4.07
	0.001









Appendix B


This appendix supplements Section 3.2.1. The explanation of the ‘Three Gradient Terrains of China (TGTC)’. Specifically, the terrains of China, showing a trend of being high in the west and low in the east, can be categorized largely into three gradient terrains that consist of different geomorphic units, namely, glaciers and mountains (the First Gradient Terrain [highest]), basins and plateaus (the Second Gradient Terrain [less high]), and plains (the Third Gradient Terrain [lowest]).



From https://cpcchina.chinadaily.com.cn/2013-01/09/content_16098889.htm, accessed on 22 April 2021.
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Figure 1. Typical sightseeing picking orchards in China: (a) potato farm; (b) strawberry farm. (These photos were acquired from the publicity website of two eco-farms. The websites are https://sh.news.fang.com/open/33125923.html and http://www.lvmama.com/comment/2434478, accessed on 22 April 2021). 
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Figure 2. Ripley’s L(r) function of picking orchards in China. 
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Figure 3. Kernel density estimation of picking orchards in China (density surface based on the picking orchard points is displayed from blue to red representing the density from low to high). 
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Figure 4. Lorenz curve of spatial distribution of picking orchards in China. 
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Figure 5. Spatial distribution of picking orchards displayed by comparing the topography in different parts of China. 
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Figure 6. Gradient distribution of picking orchards from city centers (most picking orchards are located within 10–40 km of a city center). 






Figure 6. Gradient distribution of picking orchards from city centers (most picking orchards are located within 10–40 km of a city center).



[image: Land 10 00631 g006]







[image: Land 10 00631 g007 550] 





Figure 7. The correlation analysis between economic factors and picking orchards (the higher the consumption expenditure is, the more picking orchards per capita there are). 
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Figure 8. The correlation between traffic conditions and picking orchards (the higher the road density is, the more picking orchards per capita there are). 
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Figure 9. The correlation analysis between A-level scenic spots and picking orchards (the higher the density of A-level scenic spots is, the larger the number of picking orchards per capita is). 
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Table 1. Data sources and descriptions.
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	Data Name
	Data Type
	Time Period
	Resolution
	Data Source





	Picking orchards
	Points
	2019
	-
	POIs of Gaode Map [81]



	Digital Elevation Model (DEM)
	Grid
	2003
	30 m × 30 m
	Platform of Geospatial Data Cloud [82]



	National boundary, sea land border, and major rivers
	Vector
	2019
	1:60,000,000
	Standard Map Service System [83]



	Administrative boundary and road map
	Vector
	2015
	1:250,000
	National Geomatics Center of China [84]



	Socioeconomic data
	Txt
	2019
	County level
	China Statistical Yearbook [85]
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