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Abstract

:

The Pearl River Delta (PRD) is one of the most important economic zones both in China and in the world. Its rapid economic development has been associated with many environmental problems such as the loss of forests in urban areas. We estimated the accessibility of forests in the PRD by quantifying spatial proximity and travel time. We found that distances from a large proportion of the points of interest (POIs) (~45%) and urban lands (~38%, where ~49 urban residents live) to the nearest forests were greater than 1000 m; suggesting a low spatial proximity to forests. Urban parks—important outdoor recreational areas—appeared to have insufficient forest coverage within their 1000 m buffer zones. When forest accessibility was measured by travel time under optimal modes of transport; it was less than 15 min for most urban lands (~95%), which accommodates 98% of the total urban population. More importantly; the travel time to the nearest forest was negatively correlated with gross domestic product density (GDPd), but not with population density (POPd). The GDPd and POPd; however; increased log-linearly with the Euclidean distance to the nearest forest. In addition to the low proximity to forests; there existed inequalities among urban residents who live in areas with different levels of GDPd and POPd. Future urban planning needs not only to increase the total coverage of urban forests; but also to improve their spatial evenness across the urban landscapes in the PRD.
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1. Introduction


Forests and other forms of urban green space (UGS) are valuable natural capitals for urban residents and their wellbeing, as they provide many regulatory, cultural, and provisional services to people and society [1,2]. For example, urban plants and forests not only provide urban dwellers with recreational platforms to experience nature [3], but also contribute to the conservation of biodiversity [4,5], carbon storage [5,6], improvement of air quality [7,8], reduction of urban heat islands [5,9], protection of water resources [9,10], educational activities, and other functions and services. Because of these benefits provided by urban forests and other UGS to the rapidly-increasingly population (predominantly in urban landscapes), management of urban forests and UGS has become an essential component in urban planning for the long-term sustainability of urban systems. For example, many cities, governments, and organizations have provided, suggested, or mandated a threshold value for UGS per capita, or a strategic criteria using total UGS area, or its proportion in the total landscape, as one of their management goals [2]. The city of Berlin, for example, aims to provide at least 6 m2 UGS per capita, with its Department of Urban Development and the Environment recommending a UGS with a minimum size of 0.5 ha within 500 m of every home [11]. In Leipzig, another Germany city, urban planners targeted 10 m2 UGS per capita [12]. Meanwhile in Shanghai, the Chinese government proposed >10 m2 UGS per capita by 2020 for its citizens, according to the Shanghai Master Plan (1999–2020) [13]. The European Environment Agency (EEA) recommends that urban residences should have access to green space within a 15-min walking distance, which is approximately 900-1000 m [14]. The World Health Organization (WHO), meanwhile, proposed a standard of 9 m2 UGC per capita [15]. Other similar strategies and plans also exist by focusing on trees and forests. For example, New York City attempted to plant one million trees across its juristic landscapes by 2015 [16]. Additionally, the city of Boston is endeavoring to increase its overall tree coverage to 35% by 2020 through its Grow Boston Greener program, which may require plantations of ~100,000 trees to add to its 29% canopy cover in 2005 [17].



Although much knowledge has been accumulated regarding the benefits of UGS (including urban forests) in cities, their spatial distributions and accessibility remain not well qualified and quantified in many regions. Most cities have developed maps of land use and land cover that include green spaces, but their accessibility to residents (and visitors) has not been examined and remains unknown [13]. In the last two decades, many studies have reported that the usage of UGS was determined by the size of the UGS and the distance of the UGS to city residences [12,14,16], by emphasizing that UGS accessibility is critical to making a city healthier, more resilient, and more sustainable. In the literature, it seems that previous studies focused mostly on accessibility of urban parks or UGS as a whole through quantifying the total acreage of parks/UGS located within a particular geographic area (delineated by zip code, census tract, or neighborhood), measuring the total amount of UGS within a certain walking distance or time (e.g., 500 m, 1000 m, or 15 min, 30-min) [18,19,20], developing integrated indicators to evaluate the availability and accessibility (both quantitatively and qualitatively) [13], and sometimes computing the “kernel density” that measures the accessibility of a location by summarizing the values of the distances from all available UGS to the location [21,22]. A minimum size of green space is usually needed (i.e., smaller UGS are ignored) for the aforementioned computations because improving human health and wellbeing requires a certain minimum size of green space, which varies from 0.05 ha to 2.0 ha. Unfortunately, there is no gold standard to determine the effective size of an urban forest. Because urban forests usually require a larger minimal area to fully support its ecosystem services than other forms of UGS, we adopted a large area threshold of 2.0 ha following Kabisch et al. [2] and defined forests as ≥2.0 ha space with tree cover of ≥10%. The 10% threshold was selected according to the FAO (Food and Agriculture Organization of the United Nations) [23].



Travel time and walking distance were considered the two most important metrics affecting accessibility, but rarely has the travel time been considered using multiple means of transportation other than walking. The travel times to parks or UGS in previous studies were indirectly estimated by the convenience of access to transportation facilities (e.g., roads, bus stations) [13,24], ignoring the time needed when using different avenues of transportation. The actual travel time, however, can be estimated with good friction surface layers that quantify the travel expenses in amount of time, or traveling speed through each grid on the Earth’s surface [25]. When green spaces are not located on ones’ doorstep, city residents may choose either to walk to the green spaces that are located close to their homes, or travel to a green space that is further away, with the travel tendency depending on the opportunity cost (i.e., travel time) [26]. Therefore, it is important to estimate both the travel time and walking distance to urban forests to create a more comprehensive picture of forest accessibility.



The Pearl River Delta (PRD), located in Guangdong Province, China, is one of the fastest-growing urban regions in the world [27,28]. The land use land cover changes (LULCC) associated with the urbanization processes have caused many environmental and societal problems (e.g., air pollution, loss of natural habitat, and acid rain) because economic development was the main priority [29,30,31]. The PRD is also one of the few regions in China with rich vegetation and abundant tree cover due to its subtropical climate; yet, the loss of tree cover has been increasing in recent years, especially since 2013 (Figure 1). As the amount of forests in urban landscapes decreases, uneven access to forests has also emerged among the residents across the urban megalopolis (e.g., social equality, household, and transportation layout and cost). It is therefore imperative to understand the changes in accessibility to these forests in the past and at current. To address this research need, our specific objectives were to: (i) delineate the distance proximity—a proxy of access by walking—to forests from any location or a point of interest (POI) in the PRD; (ii) quantify travel time to forests from different origins; and (ii) test the hypothesis that forest accessibility is dependent on population density and economic status.




2. Materials and Methods


2.1. Study Area


The PRD region, also known as the Zhujiang Delta or Zhusanjiao, is located in the lowlands of the Pearl River estuary, where the Pearl River flows into the South China Sea. The PRD economic zone (42,500 km2) includes seven cities (Guangzhou, Shenzhen, Foshan, Jiangmen, Dongguan, and Zhongshan), three counties (Huiyang, Huidong, and Boluo) of Huizhou City, two counties (Gaoyao and Sihui) of Zhaoqin City, and downtown Zhaoqin (Figure 2). Geographically, Hong Kong and Macao are parts of the PRD but are excluded in this study due to different governances that may result in different urbanizations. The subtropical climate in the PRD is characterized as warm and humid throughout the year, with an average annual temperature of 21–23 ℃ and annual precipitation of >1500 mm. The PRD is considered the most economically dynamic region of mainland China, exacerbating many common environmental problems in Chinese cities such as enhanced urban heat islands, air and water pollution, and reduced green space [33,34]. The World Bank reported that the PRD is the largest urban cluster (i.e., a mega urban) in the world by population size and land area [35]. While the PRD has witnessed rapid urban expansion throughout human history, it has also experienced a rapid loss of forest resources, especially since 2013 (Figure 1). More pressingly, the PRD continues to serve as the economic powerhouse of south China and attracts a large number of immigrants (i.e., continues its growth trajectory) [36], suggesting that the sound management of urban forests and green spaces for human wellbeing would benefit an increasing number of people per unit of land area. Among the many critical measures of forest values, one is the accessibility of urban forests by its residents [37].




2.2. Data Sources


2.2.1. Forest


We used the 30-m global forests change product of Hansen et al. as the primary data source for delineating urban forests and their changes [32]. The data layers include tree canopy cover for 2000 (treecover 2000), forest cover gain during 2000–2012 (gain), and forest loss year during 2000–2016 (lossyear); they are available both from Google Earth Engine and at https://earthenginepartners.appspot.com/science-2013-global-forest. This global dataset was confirmed to be useful for performing land use analysis at the local government scale [38].




2.2.2. Urban Land and Built-Up Land


The 2015 global human settlement (GHS) of 38-m resolution built-up grids and 1-km resolution settlement grids were acquired from the European Commission GHS (https://ghsl.jrc.ec.europa.eu/data.php) for delineating the spatial distribution of urban lands and built-up lands. We differentiated the built-up and urban lands so that urban lands were based on both built-up and population densities. The GHS provides only available high resolution (38-m) built-up grids globally, which was assessed to have an overall accuracy of 89.9% and a balanced accuracy of 67.2% [39] using 3826 sample raster tiles collected from cartography data (covers an area = 133,909 km2; total built-up area = 4656 km2) [40]; it has been further assessed to have outperformed other coarser resolution products [41]. The GHS settlement layer [42] was further assessed by the “degree of urbanization” through combining the GHS built-up distribution and population data derived from the Socioeconomic Data and Applications Center (CIESIN) Gridded Population of the World (GPW) v4 [43]. The 1-km cells of urban clusters and urban centers were extracted from the GHS settlement layer and merged as urban lands.




2.2.3. Population and Gross Domestic Product


To relate accessibility to population distribution, we downloaded the data from WorldPop—a spatial demographic dataset that was produced based on detailed and contemporary census data that was advanced with machine learning algorithms. We choose the WorldPop dataset rather than the CIESIN GPW because it has a high spatial resolution (100-m) and has the best accuracy among similar products in the literature for China [44]. The population data from WorldPop were resampled to 1-km resolution for calculating population density (POPd, person/km2) to study the relationship between forest accessibility and population distribution.



We also obtained a 2015 georeferenced gridded Gross Domestic Product (GDP) [45] to examine the relationship between economic status and accessibility to forests. This dataset provides downscaled spatial GDP from sub-national statistics, which is so far the only product that provides total GDP (PPP) for the globe at 30 arc-seconds resolution. We re-projected and aggregated the spatial GDP to 1-km resolution to align with the population density data. We will henceforth refer to this re-projected GDP data as GDP density (GDPd) as the unit of the pixel values is $/km2.




2.2.4. Points of Interest


The key points of interest (POIs) were compiled through navigating the digital maps (e.g., Baidu and Gaode maps in China, and Google and Garmin Maps in the United States) to provide location information for hotspots of human activity and daily life [46]. We collected 207,853 POIs in 2015 from Baidu—the largest desktop and mobile map service provider in China [47]—through a web crawler powered by an application programming interface (API) [48]. These POIs include categorized information of residential communities (13,619), parks (1446), firms and companies (77,848), government agencies (13,395), schools (14,258), hospitals (9739), restaurants (67,757), and hotels (9791), covering residents’ daily activities such as work, study, dining, and entertainment.




2.2.5. Friction Surface


A 2015 friction surface layer [25] was used for computing total travel time between two locations in the study area. The friction surface layers quantify the travel “cost” in terms of the amount of time that it takes for humans to move through the global areas represented as 1 × 1 km 2D grids. The friction surface layers were constructed in Google Earth Engine (GEE, [25]) according to the spatial locations and properties of roads, railroads, rivers, bodies of water, topographical conditions (e.g., elevation and slope angle), and land cover. The friction surface layer also takes advantage of two global-scale leading roads datasets: Open Street Map (OSM) data and distance-to-roads data derived from the Google roads database, which includes minor roads (e.g., unpaved roads) and can thus provide more accurate estimates of travel time between two locations [25].





2.3. Data Analysis


The main data analysis includes delineating the spatial distribution of >2ha forests in 2015, and then using this forest layer to compute the forest accessibility from urban land locations and POIs, quantified with both Euclidian distance and travel time. Finally, with available data on spatial distribution of population density and GDP density, regressions were applied to examine the relationship between forest accessibility and population/GDP. The major processes are demonstrated in Figure 3.



2.3.1. Forest Delineation


We derived the forest cover of the PRD for 2015 based on tree canopy cover in 2000, and forest cover gain and loss after 2000. We defined the forest cover for the year 2000 as all pixels that have tree canopy cover of >10%, which ended up being a total forest area of about 1,720,506 ha. The 10% threshold was following FAO criteria [23] but was also confirmed by visually comparing resulting forest cover with very high resolution images on Google Earth to minimize classification errors. Then, we added the locations that gained forest cover during 2000–2012 but did not lose any forest cover after 2000, and removed locations that showed only forest loss between 2000 and 2015 but no gain during 2000–2012. For locations that were observed having both forest gain and loss during the period, the decision on whether they are forest or not is depending on when the loss event has happened. Note that forest cover loss in Hansen et al. [32] was defined as a change from a forest to non-forest state, or sometimes a stand-replacement disturbance. A stand-replacement disturbance suggests that, after original trees were eliminated (forest loss), new or young trees may have been re-planted (forest gain). Therefore, if a location was observed as undergoing forest loss before 2010 but meanwhile forest gain was reported, we regarded it as remaining as a forest in 2015; if forest loss was observed after 2010 for a location, we regarded it as no longer a forest in 2015. The processes assume that there was no forest gain between 2012 and 2015 (note that there is no database on forest gain after 2012). This assumption is based on the argument that tree growth over a 3-year period is negligible. Lastly, we converted the raster forest layer to polygons and excluded all patches that were <2 ha (i.e., defining ≥ 2 ha as the effective size of forests). Using a randomly selected 600 points for validation by comparing them with Google Earth 2015 VHR images, we assessed the producer’s accuracy at 88.49% and the user’s accuracy at 89.86% for the resulting forest layer.




2.3.2. Accessibility by Distance


Distance is considered as proximity reflecting the frequency of UGS usage, i.e., people are less likely to walk to distant UGS. Distances of 300 m, 500 m, 800 m, 1000 m, 1600 m, and 2000 m have been frequently applied in the literature as an indirect estimate of walking time for measuring accessibility. In this study, we computed the distance to the closest forest patch at 30-m resolution as a measure of accessibility to forests. We then computed the proportions of land or population in the PRD urban land that have forests available within the aforementioned distances. POIs were selected to represent hotspots of human activities, with the proximity to forests from these POIs providing site-specific and category-specific information on accessibility. We therefore also computed the distance for the location of each categorized POI to its closest forest patches, and computed the percentages of POIs that have forests available within different distance thresholds at 300 m, 500 m, 800 m, 1000 m, 1600 m, and 2000 m.




2.3.3. Accessibility by Travel Time


City residents do not solely rely on walking to access UGS. Consequently, we considered multiple avenues of transportation for quantifying accessibility. We estimated the shortest travel time (the travel time with the most efficient route via an optimal combination of walking, driving, taking the bus, boats, and railways, but excluding airlines) from any pixel in the urban area to a forest patch. A least-cost-path algorithm [49], which calculates pixel-level travel time for an optimal path between any two pixels (i.e., the shortest journey time) based on the friction surface layer, was applied to each pixel in relation to all forest locations in the study area. Additionally, because the algorithm is point-based, we extracted the boundaries of each forest patch, and then sample points at these boundaries at 1-km intervals for computing travel time. The least-cost-path algorithm was then applied to compute the travel time from a pixel to each of the points located on the boundaries of all forests, with an optical path selected for the shortest travel time. We assumed that no travel time is needed from inside a forest. Therefore, we masked all pixels inside forest patches with a zero value for travel time. Note that we did not estimate travel time at resolutions of <1 km because higher resolution friction surface databases do not exist. Due to the high computational needs, the estimation of travel time was conducted using Google Earth Engine (https://code.earthengine.google.com/d1b188c4793b7cdef6836a3cbedefc89).




2.3.4. Statistical Analysis


Finally, regression was applied to investigate the relationship between distance to the nearest forest and GDPd/POPd, and between least travel time to a forest with GDPd/POPd for data extracted at 1-km resolution. Due to the large amount of pixels that may have introduced much noise into the model, the raw data were binned with a 1-min interval for travel time and a 200 m distance interval for Euclidian distance. The regression was then applied to the median value of each bin. Statistical analyses were conducted using R version 3.4.3 [50].






3. Results


3.1. Accessibility by Distance from Points of Interest


The percentages of the total number of POIs with available forests by distances from 300 to 2000 m show similar patterns among all POI types (Figure 3). Less than 20% of the POIs have access to forest patches within 300 m except for parks. There also appears a gradual increase in the percentage of POIs that have an available forest within distances from 300 to 2000 m. The percentage of total POIs with accessible forests at 1000 m increases substantially compared to shorter distances at 300-500 m, which are slightly larger than 45% for all POI types with governmental agencies and schools exceeding 50%. Within a distance of 1600–2000 m (which is about 20–30 min of walking), more than 65–75% of all of the all types of POIs have forests accessible to them. The park POIs, which provide important recreational areas for most urban residents, have better access to forests than other types of POIs at short distances (i.e., 300–500 m) but not at long distances (i.e., >1000 m) (Figure 4). Governmental agencies and schools have better accessibility (i.e., a larger proportion of the total locations with forests available) to nearby forests than other type of POIs at distances >800 m.




3.2. Accessibility from General Urban Area


Urban land area in different locations and the corresponding populations have unequal accessibility of forests; this inequality appears to vary by distance (Figure 5). Approximately 33.9% of the total urban lands have forests within 300 m. At the distance of 1000 m, 62.4% of the total urban lands having forest patches available with this distance (which is about 14 min of walking). More than 78.5% of the total urban lands have forest patches within 1600 m. For only 7.28% of the urban land, people have to walk a straight line of >3000 m to reach a forest. From a population perspective, 20.0% of the population lives in urban areas that have forests within 300 m; 51.8% of the population has forests available within 1000 m; and 70.7% of the population has forests available within 1600 m. An interesting result is that the accumulative proportion of urban lands for any given distance is always higher than the accumulative proportion of population to access the same forest. This difference is especially pronounced at shorter distances, indicating that many urban lands closer to forests have lower population densities than those further away from a forest. The urban lands with longer distances to urban forests occur mostly in core urban areas with dense built-up cover and high population densities (Figure 6).




3.3. Travel Accessibility to Forests


The travel time to a nearest forest patch is <15 min for most PRD urban land areas (95.6%) (Figure 7). A very small proportion (0.4%) of urban land in the PRD requires >30 min to reach a forest. For the residents, ~98% of the population lives in urban land areas with <15 min travel time to reach a forest, and only 0.6% of the population requires >30 min to access a forest. Compared to the urban centers, those living in the urban fringes require more time to travel to the closest forest.




3.4. Relationship of Accessibility with Population and Gross Domestic Product Densities


There appears a large variation in GDPd with similar travel time to a nearest forest, with a significantly negative relationship between travel times to forests and GDPd (Figure 8a). Throughout the PRD, more developed (i.e., higher GDPd) areas tend to have easier access (i.e., shorter travel time) to urban forests due to multiple transport methods (vs. walking). However, if we use the straight Euclidean distance, a longer distance to the nearest forests is found for developed areas, especially when the GDPd is low (<2+e07$/km2) (Figure 8c). Interestingly, POPd shows no relationship with travel time. Nevertheless, POPd and GDPd have similar relationships with Euclidean distance to the nearest forest, i.e., a higher POPd and GDPd is more likely to have a longer distance to the nearest forest (Figure 8d).





4. Discussion


4.1. Forests Accessibility


Our results on the distance to nearest forests show that, for a large amount of urban lands and POIs, the closest forests are >1000 m. Distance has been used as an indicator of accessibility of green space [51]. It has been reported that the use of urban green spaces (e.g., direct contact or benefit from the ecosystem services) declines with distance and increases beyond 100–300 m [52,53]. In general, the spatial proximity to green space plays an important role in human health. Reklaitiene at al. [19], for example, found a negative relationship between residential proximity to green space and depression symptoms. Having access to green spaces within 300 m was also found to be positively associated with a lower probability of high-normal blood pressure during pregnancy [20] and abnormal birth weight [54]. Mental health was also reported to decrease for residents that had access to a park within a distance of 400 m, to 800 m, 1600 m, and 3200 m [55]. Compared to the residents who live within <300 m from a green space, residents living > 1000 m away from a green space were shown to have poorer health [56].



All of these studies suggest that living in an area closer a green space is better for human health than living further away. Although no threshold has been identified or accepted from previous studies, most authors suggest a distance of less than 300–1000 m to a green space. This is in consistent with the EEA who recommends a distance of <1000 m. For the PRD, a large proportion of most urban lands (~38%) (Figure 5) and POIs (~45%) (Figure 4) are still >1000 m away from a forest, suggesting that much improvement is needed to serve urban residents. We specifically recommend that the urban designers and planners improve the availability of urban forests at closer distances. Attention is also needed for the hotspots delineated in this study for the PRD (Figure 6b), such as urban centers that lack forests within close distances. Fortunately, the travel time to the nearest forest is mostly within 15 min (Figure 7), which suggests that the urban residents can still access urban forests if they are willing to use other modes of transportation (e.g., bus, subway, or driving). In general, ~15 min is a comfortable travel time in any large urban aggregation such as the PRD. Due to the increasing competition for lands in these urban areas, an alternative policy should be made to improve the PRD’s public transportation systems.



Distance and travel time to urban forests are not independent. Together they provide a more integrated assessment for accessing forests. As aforementioned, because many ecosystem services provided by UGS (e.g., cooling, wind and flood control, and air pollution reduction) are most effective at certain short distances from the UGS [7,20,57], city residents benefit mostly from the ecosystem services provided by urban forests near to their homes. Therefore, city residents do not have to physically contact the nearby urban forests to receive their many benefits. On the other hand, for those forests that are far away from city residents, even though they could be accessed by an advanced mode of transportation in a short time, the benefits provided to visitors depends on how long the visitors can stay there. Nevertheless, for residents who do not have forests close to their homes, short travel times to distant forests become critical to take advantage of the benefits provided by forest ecosystems, such as recreational opportunities, and the positive impacts on physical and mental health. Willingness to travel to forests, however, would depend on travel time, distance, means of transportation, and the socio-demographical characteristics of the visitors [58].




4.2. Inequality of Forest Accessibility


We found large differences in forest accessibility for different urban lands and urban POIs (Figure 4, Figure 5 and Figure 6), which suggests an inequality challenge for residents living/working in these places. Policymakers need to pay additional attention to improve areas that have low accessibility. From our analysis of POIs, it appears that government agencies and schools have better accessibility to forests than other POIs (e.g., parks, residential areas, firms, hotels, and restaurants). More than half of the parks, which are important outdoor recreational sites for many Chinese residents, do not have forests available at 800–100 m distances. In China, parks are popular places used for physical exercise [59], suggesting that green spaces may play an important role in human health [55,60]. In this study, we find that the forest cover surrounding many park POIs in the PRD is not sufficient.



Given the important relationships between green space accessibility and human health, a critical question is whether access to urban forests is distributed disproportionately in an advantageous or disadvantageous manner by resident location, race, ethnicity, or income [60]. Answering this question is beyond the scope of this study because we did not have the necessary spatial data on human demography. However, we attempted to gain some insights by connecting income classes and population densities with accessibility to urban forests. In China, rich people tend to live in urban centers where GDPd is high [61]. Therefore, it is reasonable to assume that people living in places with higher/lower GDPd are richer/poorer groups in the PRD. In regard to the spatial proximity in Euclidean distance, people with low income were found to have forests closer to their homes (Figure 6 and Figure 8c), whereas forests were further away from the richer residents in the urban centers. These patterns are different to the findings that residents with low income had lower tree canopy cover in city neighborhoods in Indianapolis [57] and Boston [17], likely due to different stages of urbanization (i.e., urbanization versus suburbanization). Unlike previous studies that relied only on Euclidean distance, we argue that a more significant test of inequality of forest access is by examining the travel time. Our analysis suggests that richer people have a shorter travel time to forests due to more advanced transportation systems within their living landscapes (Figure 8b). Due to the fact that more people live in areas of high GDPd, the proximity to forests has a negative relationship with population density (Figure 8d). However, while urban areas with higher population densities may have forests within a distant location, these residents have more advanced transportation tools and systems to reach forests. On the other hand, areas with lower POPd in urban fringes may have a less developed transportation system but have forests closer by (Figure 8b). Therefore, no significant relationship is detected between travel time and population density. Regardless, inequality in accessibility to forests, which is a global phenomenon, exists within cities of the PRD. To improve the environmental good provided by urban forests, an urban planning approach with additional efforts placed on distributing green space more evenly [62], or creating more interconnected green infrastructure [63], should be promoted.




4.3. Limitations and Further Research


We presented the spatial availability in both Euclidean distance (an approximation of walking access) and travel time for accessibility of urban forests. These analyses, however, remain incomprehensive. The concept of access in reality is more complicated and requires more information beyond spatial distance and travel. For example, access to urban forests may also depend on the ownership of forests (e.g., public versus private), entrance fees and restrictions (e.g., for particular groups of people only), fencing, type and structure of the forests, etc. The access points of urban forests are also important. Not everywhere in a forest can be accessed (e.g., gated entrance). As a result, future studies may focus on forest accessibility by including access points of a forest, the physical and regulatory restrictions, entrance fees, and other information about the forests. Furthermore, some studies have shown that human demographics (e.g., gender, age, and cultural groups) may influence how people use or perceive the same green space [64,65]. Future research may gear towards the needs of different groups to evaluate green space accessibility.



Walking and traveling accessibility to urban forests are very important aspects of spatial availability. Walking availability in terms of proximity to trees or other types of green space has been widely studied in the literature, but the traveling accessibility and real walking time have not yet been fully explored. We assessed the travel time, but at a relatively coarse resolution (i.e., 1 km). As the PRD is a metropolitan area with a high population and built-up density, data with a resolution of <100 m would provide a much better profile of forest accessibility [13]. Considering that urban lands are more compact than rural areas and have complicated structure (e.g., buildings, streets, parking plot, green spot, bridges, and blocks), the walking and traveling conditions within each 1 km × 1 km pixel can be very complex. In cities, the walking time from one location to another location is much longer than taking a straight line, and the travel time may also be elongated by many unexpected factors (e.g., parking, traffic, and walkability from bus/subway stations or parking lots to the destination). For these reasons, the travel time in this study might have been underestimated. Future studies can be advanced by including data from accurate GPS navigation systems to track the travel times of public transportation, driving, walking, etc.



The estimate of distance and travel time to forests in regard to POIs, urban lands, and urban residents can also be affected by the resolutions, errors, and uncertainties associated with all input layers. For example, there are omission and commission errors for both the forest and urban land classification [42], some POIs may be missing from our data collection, and the POPd and GDPd have uncertainties [43,45]. These errors and uncertainties definitely affect the estimation of forest accessibility in this study but could not be quantified. Data resolution also constrains the accuracy and precision of the data, as details are hidden in a “homogeneous” pixel. We have mentioned that the travel time estimated based on the 1-km resolution friction layer may have ignored many complicated situations within a pixel and thus would have underestimated the actual value. The Euclidean distance, however, was estimated at 30 m resolution, which should have little effect on the results regarding the proximity to POIs, urban land, and urban residents at distance intervals > 100m. Nevertheless, higher resolution data from aerial photos and satellite data such as Sentinels, Landsat 8, and Worldview 3 and 4 are now available for producing more accurate land use land cover maps, and real-time navigation systems are available for accurate estimation of travel time under different travel modes. Future studies should take advantage of them for more accurate estimation of forest accessibility.



Finally, while this study focused on the PRD—a typical metropolitan area with fast urbanization—this framework could be applied to study UGS accessibility in other city clusters. Spatial distributions of urban forests and urban lands are available for many cities through national land use land cover products, or through global products such as the global forest watch program (https://www.globalforestwatch.org/), global urban footprint [66], and human settlement layers [42]. Meanwhile, POIs could be crowd-sourced from many online platforms that involve citizen science, such as such as Geo-Wiki, Open Street Maps, and Google Maps. Powered by cloud-computing engines such as Google Earth Engine, a straightforward extension can be applied to compare forest accessibility by distance and travel time, as well as their relationships with urban land and population distribution in many large city clusters globally.





5. Conclusions


We estimated the accessibility of forests to urban land and urban population in the PRD, China—a rapidly urbanizing area where forest cover has been decreasing. Accessibility was estimated from two aspects: spatial proximity to the nearest forest in Euclidean distance, and time needed to travel to the closest forest. We found that the nearest forests to a large amount of point of interests (POIs) (~450%), urban lands (~38%), and urban residents (~49%) were greater than 1000 m, suggesting a need to improve proximity to forests. There also exist insufficient forests near urban parks that are important for outdoor recreational activities for Chinese residents and visitors. The travel time to a nearby forest is generally less than 15 min for most areas (~95%) and most residents (98%), with an average travel time of 3.8 min. However, we think that the travel time may be underestimated due to limitations caused by coarse data resolution (1-km). The travel time to the closest forest is negatively correlated with GDPd but not with POPd. The Euclidean distance to the closest forest has a log-linear relationship with both GDPd and POPd. These relationships suggest inequality in forest accessibility for residents with different income levels and for areas with different population densities. Future urban planning in the PRD needs to increase not only the total coverage of forests, but also their spatial allocations for evenness.
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Figure 1. Forest loss in the Pearl River Delta (PRD) from 2001 through 2016, as percentages of total forest area in 2000, which is about 1,720,506 ha. The forest loss was computed based on Hansen et al.’s forest loss layers at 30-m resolution [32] through zonal statistics analysis in Google Earth Engine. 
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Figure 2. Location of the Pearl River Delta (PRD) economic zone in southern China. Hong Kong and Macao are also broadly defined as parts of the greater PRD but are excluded in this study because of different governances. 
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Figure 3. A flowchart that demonstrates the main processes in this study used to estimate the forest accessibility by using both distance and travel time. POIs: points of interest; GDP: gross domestic product; VHR: very high resolution. 
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Figure 4. Proportion (%) of the total number of Points of Interest (POI) that have forests accessible at distances of 300 m, 500 m, 800 m, 1000 m, 1600 m, and 2000 m. The POI type is labeled on top of each panel. 
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Figure 5. The changes in the accumulated proportion of urban land areas (%) and the corresponding population (%) that have forests available with fixed distances. Note: due to data resolution (30-m for forest cover), the statistics were computed at 100 m intervals, with a starting distance of 300 m. 
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Figure 6. The spatial distribution of forests (a), Euclidean straight distance to the closest forest (b), population density (POPd) (c), and built-up density (d) in the Pearl River Delta (PRD). 
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Figure 7. The travel time to the nearest forest (a) and the accompanying probability density distribution (b). 
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Figure 8. The linear relationship between GDP density (GDPd) and (a) population density (POPd) (b) travel time to the nearest forest; and the log-linear relationship between GDPd and (c) POPd (d) the Euclidian distance to the closest forests. Data are grouped with a 1-min interval for travel time and 200 m for Euclidian distance. The black dots represent the median value from each group while the gray bars show the 10% and 90% quantiles. The regression analysis is performed with median values. 
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