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Abstract: Urban blue-green spaces (UBGS) are vital for human health and sustainable urban transitions, yet 31 

existing assessments of UBGS exposure largely rely on assumptions of homogeneous demand and Euclidean 32 

distance. Consequently, how actual road network constraints and heterogeneous group preferences drive 33 

exposure disparities remain poorly understood. Here, we developed a novel preference-driven and 34 

network-based two-step floating catchment area (PN-2SFCA) model to evaluate UBGS exposure inequality. 35 

By integrating Weibo check-in data and actual walking paths, our approach comprehensively captures 36 

group-specific visitation preferences and realistic travel constraints across multiple walking time thresholds. 37 

Our findings reveal pronounced spatial disparities in UBGS accessibility, demonstrating that exposure 38 

inequality primarily originates within, rather than between, social groups (intra-group inequality). While 39 

certain demographic segments achieve broad access, the elderly and males experience structurally limited 40 

service coverage. Notably, the 10-minute walking threshold emerges as the critical scale at which these 41 

inequalities are most pronounced. These hidden disparities underscore the limitations of conventional, 42 

quantity-oriented assessments. By uncovering inequality patterns easily neglected by traditional methods, 43 

these insights provide a robust foundation for targeted, preference-oriented UBGS planning, ensuring 44 

equitable resource allocation and fostering inclusive urban development under limited-resource conditions. 45 

 46 



Cities serve as critical settings for achieving China’s 2035 low-carbon development goals and the United 47 

Nations’ 11th Sustainable Development Goal (SDG)1. As one of the most representative forms of natural 48 

infrastructure within urban ecosystems, urban blue-green space (UBGS), defined as urban green spaces, 49 

water bodies, and their integrated spaces that provide ecological services, recreational opportunities, and 50 

environmental regulation functions, plays a vital role in enhancing urban carbon sequestration capacity, 51 

alleviating environmental pressure, and supporting the low-carbon transition2-5. Against the dual pressures of 52 

emission reduction and sustainable development faced by cities worldwide, the continuous expansion and 53 

optimization of UBGS has become an imperative planning action. However, many previous studies have 54 

shown that simply increasing the total amount of UBGS without considering whether its spatial distribution 55 

can be transformed into ecological resources that residents can actually access and use may lead to, or even 56 

exacerbate, inequality in UBGS exposure6-8. This indicates that UBGS planning should not only focus on the 57 

total amount of supply, but should also pay greater attention to differences in the needs of different social 58 

groups. Therefore, understanding the heterogeneity of group needs, the spatial patterns of UBGS accessibility, 59 

and their associated inequality characteristics, and, on this basis, promoting preference-oriented spatial 60 

allocation of UBGS is essential for improving the practical effectiveness of UBGS planning. 61 

Previous studies on inequality in UBGS exposure have primarily focused on statistical indicators, such 62 

as total area and per capita green space9,10. Some studies have applied spatial analysis methods to assess 63 

UBGS exposure, including geographic distance measures11, population-weighted exposure models12, 64 

geographic field effect methods13, and the Huff model14. They have also employed the two-step floating 65 

catchment area (2SFCA) method, the three-step floating catchment area (3SFCA) method, and their further 66 

developed models to estimate supply-demand interactions15-17, such as AG2SFCA18, FSD-2SFCA19, and 67 

Improved 3SFCA20,21. These methods have been widely used to quantify UBGS exposure and have been 68 

shown to capture real-world complexity better. Meanwhile, inequality metrics such as the Theil index22, the 69 

Gini coefficient23,24, and the Palma ratio25 have been proposed to quantify inequality. However, previous 70 

studies have not sufficiently accounted for several critical factors that can substantially influence results, 71 

including actual travel behavior under real road network path constraints and differences in preferences for 72 

UBGS types across social groups. 73 

Previous studies that used 2SFCA and its further developed models have typically relied on simplified 74 

spatial distance assumptions to represent accessibility18,19. However, the use of Euclidean distance alone may 75 

struggle to fully and accurately capture actual travel behavior under real-world road network path constraints. 76 

In addition, demand estimates were often derived from homogeneous residential population data, 77 

emphasizing aggregate benefits26. Such data may struggle to reflect actual population demand preferences, as 78 

substantial differences in landscape characteristics, ecological functions, and facility configurations across 79 

UBGS types can influence usage patterns27,28. Consequently, the UBGS exposure inequality inferred from 80 

these assessments does not necessarily translate into equitable access for different social groups in reality, 81 

potentially leading to misinterpretation of exposure inequality. A more comprehensive evaluation requires 82 

composite indicators that incorporate both the actual preference structures of different social groups and the 83 

varying attractiveness of different UBGS types, thereby capturing heterogeneous demand more accurately. 84 

Some studies on variations in park visitation behavior have attempted to account for and refine urban 85 

residents’ travel willingness to access UBGS29. However, few have systematically integrated the actual 86 

preferences of different social groups into accessibility assessment frameworks, let alone examined the 87 

mismatch between demand and supply in UBGS exposure. Without adequately capturing group-specific 88 

visitation preferences, it is difficult to fully understand inequality patterns in UBGS exposure or to design 89 

effective and targeted interventions, particularly under conditions of limited resources. Therefore, to better 90 

understand inequality in UBGS exposure based on actual residents’ needs and visitation behaviors, it is 91 

important to account for the diverse preferences of different social groups across multiple UBGS types. 92 



To validate the applicability of this framework in real-world urban scenarios, this study focused on 93 

Harbin, China, a typical old industrial city facing both substantial carbon reduction pressure and an urgent 94 

need for optimized UBGS planning. Specifically, from the perspective of neighborhood-scale walking 95 

accessibility under the 15min living circle concept, this study evaluated the accessibility of preferred UBGS 96 

for different social groups in Harbin based on three walking time thresholds, and quantified the inequality of 97 

UBGS exposure using an inequality assessment framework comprising the Theil index and Coverage ratio. 98 

The specific objectives of this study are to: (1) identify the actual visitation preferences of different social 99 

groups toward UBGS based on Weibo check-in data, and construct a set of UBGS types preferred by each 100 

group; (2) construct a (Preference-driven and Network-based 2SFCA) PN-2SFCA model that integrates 101 

social group preferences, shortest-path distance, and Gaussian distance decay, based on mobile signaling data, 102 

UBGS spatial distribution data, and road network data, to measure the accessibility of preferred UBGS for 103 

different social groups at various walking time thresholds; (3) reveal inequality of UBGS exposure among 104 

different social groups using two dimensions: Theil index decomposition and Coverage ratio. 105 

 106 

Results 107 

Behavioral patterns of UBGS visitation across social groups 108 

Based on Weibo check-in data from 2024, this study quantified the actual visitation behavior of different 109 

social groups across 5 UBGS types (Urban Forest, Vegetated Open Space, Pocket Park, Wetland, and Aquatic 110 

Ecosystem) to characterize differences in their type preferences (Table 3). 111 

Table 3. Visitation preferences of different social groups for various UBGS types based on check-in data. 112 

UBGS Type Variable Category Sample size (n) Percentage (%) 

Urban Forest 

Gender 
Male 571 41.0 

Female 822 59.0 
Unknown 0 0.0 

Age (years) 

18–22 38 2.7 
23–30 128 9.2 
31–40 150 10.8 
41–50 47 3.4 
51–60 41 2.9 
60+ 18 1.3 

Unknown 971 68.1 

Vegetated Open Space 

Gender 
Male 3,949 31.5 

Female 8,587 68.5 
Unknown 0 0.0 

Age (years) 

18–22 949 7.6 
23–30 2,804 22.4 
31–40 1,210  9.7 
41–50 420 3.4 
51–60 542 4.3 
60+ 267 2.1 

Unknown 6,344 50.6 

Pocket Park 

Gender 
Male 22 36.1 

Female 39 63.9 
Unknown 0 0.0 

Age (years) 

18–22 3 4.9 
23–30 9 14.8 
31–40 7 11.5 
41–50 3 4.9 
51–60 0 0.0 
60+ 1 1.6 

Unknown 38 62.3 

Wetland 
Gender 

Male 1,016 31.4 
Female 2,220 68.6 

Unknown 0 0.0 

Age (years) 
18–22 196 6.1 
23–30 656 20.3 



31–40 363 11.2 
41–50 90 2.8 
51–60 93 2.9 
60+ 90 2.8 

Unknown 1,748 54.0 

Aquatic Ecosystem 

Gender 
Male 1,775 29.2 

Female 4,304 70.8 
Unknown 0 0.0 

Age (years) 

18–22 472 7.8 
23–30 1,376  22.6 
31–40 649 10.7 
41–50 127 2.1 
51–60 187 3.1 
60+ 108 1.8 

Unknown 3,160 52.0 

Overall, different social groups exhibited pronounced structural differences in their selection of UBGS 113 

types. Visitation behavior did not follow a homogeneous distribution; instead, a clear pattern of group 114 

differentiation emerged at the level of UBGS types (Fig. 1). In terms of gender, Urban Forests accounted for 115 

the largest share of male users’ check-in records (41.0%), while female users’ visitation behavior was more 116 

concentrated in Aquatic Ecosystems (70.8%), a proportion substantially higher than that observed for other 117 

UBGS types. As for age, younger groups (18–22 and 23–30) showed a strong concentration of visits to 118 

Aquatic Ecosystems, with the 23–30 age group reaching 22.6% of visits to this type, significantly higher than 119 

their visitation levels to other UBGS types. As age increased, the visitation focus of the 31–40 and 41–50 120 

groups shifted markedly toward Pocket Parks. Furthermore, the 51–60 group exhibited the highest visitation 121 

share in Vegetated Open Spaces, while the 60+ group most frequently visited Wetlands. These differences 122 

indicate that, in practice, different social groups did not rely on the same UBGS types for everyday 123 

ecological and recreational use, but on different types of UBGS to obtain their preferred services. 124 

  

 

Fig. 1. Radar chart of visitation preferences of different social groups for various UBGS types based on 

check-in data. 

 125 

Spatial characteristics of UBGS accessibility across social groups 126 



Based on the PN-2SFCA model, the accessibility indices of different social groups to their preferred UBGS 127 

types were calculated at three walking time thresholds (5min, 10min, and 15min), and the corresponding 128 

spatial distribution maps were generated (Figs. 2 and 3). 129 

  
(a) 18-22 — Aquatic Ecosystem (b) 23-30 — Aquatic Ecosystem 

  
(c) 31-40 — Pocket Park (d) 41-50 — Pocket Park 

  
(e) 51-60 — Vegetated Open Space (f) 60+ — Wetland 

Fig. 2. Spatial distribution of accessibility to preferred UBGS across age groups. 

Overall, accessibility exhibited pronounced spatial disparities across age groups and increased markedly 130 

with the expansion of walking time thresholds. At the 5min threshold, the number of accessible residential 131 

clusters was limited and primarily confined to a small number of locations near major resource areas, 132 

indicating that strict time and network path constraints substantially restricted the effective service coverage 133 

of UBGS. As the walking time threshold expanded to 10min and 15min, the proportion of accessible 134 

residential clusters increased significantly; however, the magnitude of growth varied considerably across age 135 



groups. For example, the proportion for the 18–22 group increased from 10.00% to 50.00%, for the 41–50 136 

group from 2.90% to 20.20%, and for the 51–60 group from 2.70% to 14.10%. These patterns suggest that, 137 

although expanding the walking time threshold increased potential service coverage, the gains were 138 

distributed unevenly across groups, meaning that residents did not benefit equally from the same expansion 139 

of neighborhood walking range. 140 

From a spatial perspective, at shorter walking time thresholds, accessible residential clusters were 141 

mainly concentrated in the central urban area and along the Songhua River, while coverage in peripheral 142 

areas remained limited. At the 15min threshold, accessible residential clusters expanded toward peripheral 143 

districts such as Pingfang District and Acheng District, forming new medium- to high-value regions. This 144 

pattern was particularly evident for the 18–30 age group, which prefers Aquatic Ecosystems. In these groups, 145 

high-value regions appeared not only along the river corridor but also in some peripheral areas, indicating 146 

that large-scale and continuously distributed water resources could maintain relatively strong service 147 

capacity over longer network distances. Similarly, for the 51–60 age group, which prefers Vegetated Open 148 

Spaces, the number of accessible residential clusters increased markedly at the 15min threshold, with some 149 

peripheral areas entering the effective service range. This suggests that residents living near the river corridor 150 

and central resource areas gained access to preferred UBGS earlier, while many peripheral neighborhoods 151 

only entered the effective service range at the widest walking time threshold. From a structural perspective, 152 

this spatial disparity was fundamentally linked to the mismatch between the allocation of UBGS resources, 153 

functional zoning, and urban development structure. In Harbin, as in most cities, UBGS resources and denser 154 

road networks tended to be preferentially located in central areas with higher development intensity and 155 

along key ecological corridors like the Songhua River. In contrast, peripheral areas were often dominated by 156 

residential expansion or industrial land use, resulting in a relative shortage of UBGS supply and leaving them 157 

relatively underserved. 158 

In contrast, UBGS types with limited spatial distribution imposed substantial constraints on accessibility. 159 

For example, among the 60+ age group, only 3 out of 260 residential clusters (1.20%) were able to access 160 

Wetland resources at the 15min threshold, while none were accessible at the 5min threshold. This finding 161 

indicates that the spatial scarcity of Wetland resources severely restricted their service coverage and left most 162 

older residents without access to their preferred UBGS within ordinary walking ranges. 163 

Differences in accessibility across age groups further reflected the role of residential location. For 164 

example, although the 31–40 age group had the largest number of residential clusters (1,047), its proportion 165 

of accessible residential clusters at the 15min threshold was only 8.40%, significantly lower than that of the 166 

41–50 age group (20.20%). This indicates that actual accessibility depended more on the spatial proximity 167 

between residential areas and preferred UBGS than on group size alone. Against this context of structural 168 

and functional mismatch, differences in residential location were profoundly reflected in intra-group 169 

disparities in service provision. In other words, accessibility varied significantly even among residents within 170 

the same age or gender group depending on their specific locational conditions. Similar conclusions have 171 

been reported in other contexts; for example, studies in Australia have shown that locational conditions, 172 

rather than group identity, are the primary determinants of green space accessibility30. 173 



  
(a) Male — Urban Forest (b) Female — Aquatic Ecosystem 

Fig. 3. Spatial distribution of accessibility to preferred UBGS across gender groups. 

Accessibility differences between gender groups were also pronounced. Overall, the expansion of 174 

walking time thresholds increased the range of accessibility for both groups; however, differences in the 175 

spatial patterns of preferred UBGS types led to markedly different accessibility levels. Specifically, Urban 176 

Forest resources preferred by the male group were mainly distributed in peripheral areas. Among 696 177 

residential clusters, only 0.30% were accessible at the 15min threshold, and they were nearly inaccessible at 178 

shorter walking time thresholds. In contrast, Aquatic Ecosystem resources preferred by the female group, due 179 

to their continuous distribution along the river, achieved an accessibility proportion of 2.50% among 797 180 

residential clusters and maintained a certain level of coverage even at shorter walking time thresholds such 181 

as 5min. These results indicate that the spatial scale and continuity of UBGS strongly influenced accessibility: 182 

large-scale and continuously distributed resources were more likely to form stable service areas, while 183 

fragmented resources struggled to achieve widespread coverage. In practical terms, females were more likely 184 

to encounter their preferred UBGS within ordinary walking ranges, while males faced highly limited 185 

opportunities to access preferred Urban Forest resources even under the widest threshold considered. 186 

 187 

Inequality analysis 188 

Inequality analysis based on the Theil index 189 

To examine inequality, this study employed a Theil index decomposition approach, decomposing 190 

accessibility inequality into two components: intra- and inter-group inequality. Compared with a single 191 

indicator that only reflects overall disparities, this approach further revealed whether inequality primarily 192 

arose from spatial variations within groups or from structural differences between social groups. To evaluate 193 

the effectiveness of the PN-2SFCA model in identifying accessibility inequality, it was compared with three 194 

baseline scenarios (Fig. 4): (a) Baseline 1, which incorporated group preferences but used Euclidean distance; 195 

(b) Baseline 2, which treated UBGS as homogeneous and used shortest-path distance; and (c) Baseline 3, 196 

which treated UBGS as homogeneous and used Euclidean distance. 197 



 

Fig. 4. Decomposition of the Theil index into within-group and between-group components across different 

walking time thresholds. 

At the micro-scale, Fig. 5 illustrates a typical residential cluster to demonstrate that PN-2SFCA 198 

provided a more realistic measure of accessibility. The results show that, under the PN-2SFCA model, the 199 

accessibility of this residential cluster at the 10min threshold was 0, while all three baseline methods 200 

identified varying numbers of accessible UBGS resources, with the number increasing as model assumptions 201 

became more simplified. This indicates that PN-2SFCA was better able to capture actual accessibility levels 202 

under real-world travel constraints and to avoid overstating service opportunities that residents could not 203 

realistically obtain. 204 

 

Fig. 5. Comparison of UBGS exposure across PN-2SFCA and baseline methods at the 10min threshold 

(780m) for a representative residential cluster (aged 51–60). Note: Under the PN-2SFCA model, accessibility 

of the selected residential cluster is 0 at the 10min threshold. (a) Baseline 1 (type-specific + Euclidean 

distance): one accessible preferred Vegetated Open Spaces at 188m. (b) Baseline 2 (non-type-specific + 

shortest-path distance): one accessible UBGS at 143m. (c) Baseline 3 (non-type-specific + Euclidean 

distance): two accessible UBGS at 104m and 188m. (Baseline 1 distinguishes group preferences, while 

Baselines 2–3 treat UBGS as homogeneous.) 

From the perspective of whether road network path constraints were considered, the differences 205 

between PN-2SFCA and Baseline 1 reflect the impact of distance measurement on inequality identification. 206 

At thresholds of 5min, 10min, and 15min, the total Theil indices for PN-2SFCA were 7.19, 7.65, and 6.89, 207 

respectively, all higher than those of Baseline 1 (5.56, 6.95, and 4.89). Meanwhile, the inter-group 208 

inequalites identified by PN-2SFCA were 1.48, 1.51, and 2.00, respectively, also significantly higher than the 209 

corresponding values of Baseline 1 (0.78, 1.20, and 1.44). These results indicate that Euclidean distance–210 

based measures underestimate the degree of inequality under actual spatial constraints. This pattern was 211 

further confirmed by the comparison between Baseline 2 and Baseline 3, both of which did not distinguish 212 



between social groups. The total Theil indices for Baseline 2 were 5.74, 6.16, and 4.78, while those for 213 

Baseline 3 were 7.19, 6.90, and 6.49. Together, these results suggest that ignoring the road network structure 214 

weakened the ability to capture accessibility disparities and masked part of the inequality that residents 215 

actually faced in urban space.  216 

From the perspective of whether social groups were differentiated, the comparisons between PN-2SFCA 217 

and Baseline 2, as well as between Baseline 1 and Baseline 2, highlight the critical role of group 218 

heterogeneity in inequality identification. Because Baseline 2 did not distinguish between social groups, its 219 

total Theil indices (5.74, 6.16, and 4.78) only reflected overall spatial disparities. In contrast, after 220 

incorporating group preferences, PN-2SFCA produced significantly higher total Theil indices (7.19, 7.65, 221 

and 6.89) and further identified inter-group inequality contributions of 1.48, 1.51, and 2.00. These findings 222 

suggest that, without group preferences, part of the inequality associated with differences in preferred UBGS 223 

was absorbed by averages and could not be directly identified. 224 

A further comparison across different walking time thresholds revealed that the total Theil indices of 225 

PN-2SFCA, Baseline 1, and Baseline 2 all peaked at the 10min threshold. Specifically, the Theil index of 226 

PN-2SFCA was 7.19 at 5min, 7.65 at 10min, and 6.89 at 15min. Similarly, the corresponding values for 227 

Baseline 1 were 5.56, 6.95, and 4.89, while those for Baseline 2 were 5.74, 6.16, and 4.78. These patterns 228 

indicate that, as the walking time threshold expanded from 5min to 10min, locations and groups with more 229 

favorable locational conditions were able to access additional UBGS resources more rapidly, while 230 

improvements in less advantaged locations remained limited. The accessibility gap, therefore, widened most 231 

strongly at the 10min threshold, suggesting that this neighborhood-scale walking time threshold was the 232 

stage at which locational advantages and disadvantages were translated most clearly into unequal access. 233 

When the walking time threshold was further expanded to 15min, more peripheral areas gradually entered 234 

the service range, partially alleviating existing disparities and leading to a reduction in overall inequality. In 235 

contrast, the total Theil index of Baseline 3 declined from 7.19 at 5min to 6.90 at 10min and 6.49 at 15min, 236 

indicating that models ignoring group preferences, road network structure, and spatial barriers tended to 237 

overestimate the equalizing effect of increasing travel distance. 238 

Based on the inequality decomposition using PN-2SFCA, the total Theil indices at the 5min, 10min, and 239 

15min thresholds were 7.19, 7.65, and 6.89, respectively, with intra-group inequality accounting for 79.4%, 240 

80.3%, and 71.0% of the total. Overall, regardless of the walking time threshold, intra-group disparities 241 

consistently dominated, contributing approximately 70%–80% of overall inequality. This indicates that 242 

inequality in UBGS exposure primarily arose from spatial differences among residential locations within the 243 

same social group, rather than between groups. In practical terms, even residents belonging to the same age 244 

or gender group could face markedly different opportunities to access preferred UBGS services, depending 245 

on where they lived. 246 

 247 

Inequality analysis based on the Coverage ratio 248 

Based on the Theil index, which revealed that inequality primarily arose from spatial disparities in residential 249 

locations within the same social group, the Coverage ratio further validated the disparity in the opportunities 250 

of different groups to access their preferred UBGS services from the perspective of accessibility proportions 251 

(Fig. 6). 252 



 

Fig. 6. Coverage ratio of preferred UBGS accessibility across social groups and walking time thresholds. 

Overall, younger groups exhibited higher levels of service coverage. For the 18–22 age group, the 253 

Coverage ratio reached 50.00% at the 15min threshold, which was 1.67 times and 5 times higher than those 254 

at the 10min (30.00%) and 5min (10.00%) thresholds, respectively, indicating that half of their residential 255 

clusters were able to access preferred UBGS services within a reasonable walking distance. In contrast, the 256 

Coverage ratios for the 23–30 and 31–40 age groups were 16.36% and 8.40%, respectively, showing a 257 

declining trend. This suggests that, as the spatial distribution of residences expands, the degree of spatial 258 

matching between these groups and their preferred UBGS gradually decreases. The Coverage ratios for the 259 

41–50 and 51–60 age groups increased again to 20.15% and 14.12%, respectively, indicating that the 260 

Vegetated Open Space types preferred by these groups had a broader spatial distribution and could therefore 261 

provide service opportunities to a larger share of residential space. 262 

The elderly exhibited the most pronounced service deficiency. For the 60+ age group, the Coverage 263 

ratio was only 1.15% at the 15min threshold and declined to 0.77% and 0.00% at the 10min and 5min 264 

thresholds, respectively. This indicates that the vast majority of the elderly were unable to access their 265 

preferred Wetland resources within an acceptable walking distance. This finding is consistent with the high 266 

level of inequality reflected by the Theil index, suggesting that this group not only experienced uneven 267 

accessibility within the group but also suffered from an extremely low overall level of service coverage, 268 

representing a typical case of structural service deprivation in everyday residential space. 269 

Gender differences were equally pronounced. The Coverage ratio for the male group was only 0.29% at 270 

the 15min threshold and showed no significant improvement at the 10min threshold, indicating that the 271 

limited supply of Urban Forest resources severely constrained service coverage. In contrast, the Coverage 272 

ratio for the female group reached 2.51% at the 15min threshold—approximately 8.7 times that of 273 

males—and remained relatively stable at the 10min and 5min thresholds (1.76% and 1.00%, respectively). 274 

This disparity reflects the fact that Aquatic Ecosystem resources preferred by females were widely 275 

distributed along the Songhua River and its tributaries, providing accessible opportunities for a larger 276 

number of residential clusters. By contrast, Urban Forests are sparsely distributed and predominantly located 277 

in peripheral areas, making it difficult for the male group to achieve effective coverage despite having a 278 

larger number of residential clusters. 279 

Further analysis combining the Theil index with the Coverage ratio reveals that the 60+ age group and 280 

the male group constitute the most typical vulnerable groups. Their Coverage ratios at the 15min threshold 281 

were only 1.15% and 0.29%, respectively, far lower than those of other groups, indicating extremely limited 282 

overall access to UBGS services. At the same time, the total Theil index remained relatively high (6.89), with 283 



approximately 71.0% attributable to intra-group differences, suggesting that the limited service opportunities 284 

were concentrated in a small number of advantaged locations. In contrast, the 18–22 age group achieved a 285 

Coverage ratio of 50.00% at the 15min threshold, yet the overall level of inequality remained high, indicating 286 

that although service coverage was extensive, its spatial distribution was highly uneven. Spatially, this 287 

pattern—characterized by low Coverage ratios and high Theil index values—was primarily concentrated in 288 

peripheral areas distant from the Songhua River and the central urban area. Overall, the Theil index captured 289 

the intensity of spatial inequality, while the Coverage ratio further identified the disadvantaged groups and 290 

critical locations. Together, these results indicate that older adults and males experienced the greatest 291 

inequality in access to their preferred UBGS resources and had the most limited chances of actually 292 

encountering preferred UBGS services within everyday walking space. 293 

 294 

Discussion 295 

A new paradigm for assessing UBGS exposure 296 

UBGS serve as a key medium for promoting public health and advancing low-carbon transitions, yet 297 

exposure has long been evaluated under a uniform demand assumption, namely, that different social groups 298 

share similar preferences for various UBGS types. Although intuitive, this approach neglects substantial 299 

differences in actual visitation behavior across populations and may therefore struggle to reflect real service 300 

conditions. The core innovation of this study lies in the development of an accessibility evaluation model 301 

that incorporates both group-specific visitation preferences and realistic road network path constraints, 302 

thereby establishing a behavior-based framework for assessing inequality in UBGS exposure. By integrating 303 

group-specific visitation tendencies and realistic travel conditions into the supply calculation process, the 304 

PN-2SFCA model shifts the assessment from nominal proximity to preferred UBGS accessibility under 305 

actual walking constraints. 306 

The results showed consistent differences across gender and age groups in their selection of UBGS 307 

types and demonstrated that introducing road network path constraints and group preferences substantially 308 

changed the identified pattern of accessibility inequality31,32. These findings are consistent with previous 309 

studies showing that social groups differ in their use of green space and that network-based accessibility 310 

models better capture actual travel processes and spatial disparities33-35. 311 

 312 

Structural interpretation of UBGS exposure inequality 313 

A key finding of this study is that inequality in UBGS exposure was primarily characterized by dominant 314 

intra-group disparities. Specifically, the Theil index decomposition showed that intra-group inequality 315 

consistently accounted for approximately 70%–80% of total inequality, while the Coverage ratio further 316 

revealed that older adults and males had the lowest levels of access to preferred UBGS services. 317 

It should also be emphasized that this location-driven pattern of inequality varies markedly across 318 

different types of cities. In cities characterized by high-density development and compact spatial structures, 319 

such as Beijing and other northern Chinese cities, UBGS resources are often concentrated in limited center 320 

areas, while peripheral areas experience insufficient service coverage, making pronounced spatial disparities 321 

more likely to emerge. By contrast, in cities such as Guangzhou, where river networks are dense or green 322 

spaces are more evenly distributed, UBGS may form continuous patterns along waterways or ecological 323 

corridors, thereby partially mitigating the effects of locational differences. In such contexts, simply 324 

increasing the quantity of UBGS does not necessarily lead to a proportional improvement in accessibility for 325 

residents across different locations. Evidence from Taiwan36 and the Tree City USA program37 suggests that 326 

the uneven or uncoordinated distribution of newly added UBGS may exacerbate environmental inequality. In 327 

particular, when resources are already spatially concentrated or unevenly distributed, additional supply may 328 



further reinforce existing advantages in well-served areas. Under conditions of limited resources, optimizing 329 

the spatial allocation of UBGS in a targeted manner—by incorporating the preference characteristics of 330 

different social groups—becomes a critical pathway for reducing accessibility disparities, thereby 331 

underscoring the necessity of differentiated planning strategies. 332 

This study further indicates that the degree of inequality varied significantly across different walking 333 

time thresholds. Specifically, the total Theil index calculated by the PN-2SFCA model peaked at the 10min 334 

range. This pattern suggests that, at moderate travel distances, the advantages of central areas were realized 335 

earlier, while improvements in peripheral areas lagged behind, thereby widening the overall disparity. This 336 

finding is consistent with previous studies indicating that the initial expansion of travel distance may 337 

exacerbate spatial inequality38. Recent studies on green space based on a 10min threshold have also 338 

highlighted the critical role of this scale in UGS planning29,39. This result provides empirical support for the 339 

10min threshold as the most critical intervention scale within the 15min living circle framework for 340 

optimizing the spatial allocation of UBGS. 341 

 342 

Practical implications of preference-oriented UBGS expansion 343 

The findings indicate that simply increasing the total supply of UBGS is unlikely to achieve the intended 344 

planning goals if the added spaces do not correspond to the actual visitation preferences of different social 345 

groups. Under conventional quantity-oriented planning, UBGS may become physically accessible in spatial 346 

terms, yet still remain underused in practice when the provided types fail to match group-specific preferences. 347 

In such cases, the expansion of UBGS supply may improve nominal accessibility, but not necessarily 348 

translate into effective opportunities for use. This mismatch not only reduces the practical efficiency of 349 

newly added ecological resources but also makes it difficult for the benefits of UBGS provision to be more 350 

equitably realized across social groups. 351 

By contrast, a supplementary estimation in this study shows that, under the same scale of UBGS supply 352 

increase, preference-oriented planning could raise the overall utilization rate by 9.36% compared with 353 

random matching. This suggests that when newly added UBGS are configured in a way that better responds 354 

to differentiated social demand, a larger share of residents can effectively benefit from the expanded supply. 355 

Therefore, the planning significance of UBGS expansion lies not only in increasing quantity but also in 356 

improving the extent to which additional supply can be converted into actual use. Under limited-resource 357 

conditions, incorporating group-specific preferences into UBGS planning provides a more effective pathway 358 

for enhancing utilization and promoting more substantive gains in equitable access. 359 

 360 

Planning and governance strategies 361 

Based on the above findings, this study proposes the following planning interventions. 362 

The dominance of intra-group inequality indicates that disparities in UBGS accessibility primarily arise 363 

from spatial differences among residential locations within the same social group, rather than from overall 364 

differences between groups. Under such circumstances, planning strategies that rely solely on increasing the 365 

total area of UBGS may be insufficient to effectively address accessibility inequality. If newly added 366 

resources continue to concentrate in areas where UBGS are already densely distributed, the improvement in 367 

equity will be limited. Therefore, planning practice should place greater emphasis on the alignment between 368 

spatial location and service coverage. 369 

The elderly and males represent the most urgent targets for intervention, as their Coverage ratios are 370 

extremely low, indicating typical structural service deprivation. For the elderly, it is recommended to 371 

prioritize the development of small-scale constructed Wetland parks near their residential clusters by 372 

leveraging existing water networks, thereby reducing the difficulty of large-scale site selection through an 373 

embedded layout approach. For Urban Forests preferred by males, it is recommended to enhance walkable 374 



accessibility by connecting existing peripheral forest resources to the central urban area through the 375 

development of ecological corridors. 376 

Within the 15min living circle framework, the 10min threshold represents the critical scale at which 377 

inequality is most pronounced. Within this range, the spatial mismatch between supply and demand across 378 

different groups is greatest, making it the most effective window for planning interventions. Planners should 379 

systematically identify residential clusters where gaps in the provision of preferred resources are most 380 

concentrated within the 10min walking range for each group and develop targeted supply strategies 381 

accordingly. For example, for middle-aged groups (31–50), deficiencies in Pocket Park accessibility can be 382 

addressed by optimizing the layout of nearby green spaces; for younger groups, disparities in access to 383 

Aquatic Ecosystem spaces can be mitigated by enhancing the connectivity of waterfront pedestrian networks. 384 

This differentiated intervention approach, guided by group preferences and focused on locational supply gaps, 385 

can achieve greater improvements in equity under limited resource conditions than homogeneous strategies 386 

that increase the total area of UBGS. 387 

 388 

Limitations and future research 389 

This study proposed the PN-2SFCA model, and the results demonstrated its strong potential for assessing 390 

inequality in UBGS exposure by incorporating group preferences. Nevertheless, several limitations remain 391 

and may introduce uncertainty into the findings. First, although this study focused on Harbin, the proposed 392 

framework is generalizable to other industrial cities with comparable urban development and UBGS 393 

conditions. Future research will further classify industrial cities worldwide and use empirical data to compare 394 

the performance of the framework across different city types, thereby refining its application and supporting 395 

more targeted UBGS planning. Second, the centers of residential clusters and UBGS were used as the origins 396 

and destinations in the accessibility analysis. Given that the sizes and shapes of these vary across the study 397 

area, this approach is susceptible to the modifiable areal unit problem and may introduce bias compared with 398 

analyses based on actual travel points. Future research will attempt to use more precise UBGS entrance 399 

locations to improve the accuracy of accessibility estimation. Third, although Weibo check-in data provide a 400 

convenient and cost-effective means of estimating the distribution of group preferences, they have inherent 401 

coverage limitations. The data do not fully represent all residents, and certain population 402 

groups—particularly children, who have limited mobile phone usage—were not included in this analysis. As 403 

the availability of open data sources improves, future studies will be better positioned to capture patterns and 404 

relationships across a broader range of social groups. 405 

 406 

 407 

Methods 408 

The methodological flowchart of this study is shown in Fig. 7. 409 



 

Fig. 7. The methodological flowchart. 

 410 

Study area 411 

Harbin (125° 42′–130° 10′ E longitude, 44° 04′–46° 40′ N latitude) is a typical old industrial city in 412 

Northeast China. Studies show that Harbin’s per capita CO₂ emissions are approximately 0.0176 metric tons 413 

per day, far exceeding the level of service-based cities ( 0.11 metric tons of CO₂ per ¥1000 GDP), indicating 414 

greater pressure to reduce carbon emissions40. Meanwhile, as a core infrastructure for carbon control, 415 

Harbin’s current UBGS Greening Coverage Rate stands at only 33.7%, which is lower than the 43% target 416 

set by the National Land Greening Plan Outline (2022–2030)41. Accordingly, to respond to the national 417 

carbon reduction agenda while ensuring that the diverse needs of social groups regarding UBGS are met, this 418 

study closely integrates the key provisions on urban renewal and ecological governance outlined in Harbin’s 419 

“Territorial and Spatial Planning (2021–2035)”. It conducts an in-depth analysis of the distribution 420 

characteristics of Harbin’s UBGS. 421 

 422 

Data acquisition and preprocessing 423 

The data used in this study comprised mobile phone signaling data (MSD), spatial distribution data for 424 

UBGS and road networks, and Weibo check-in data. 425 

(1) Mobile phone signaling data (MSD): the MSD used in this study was sourced from China Mobile in 426 

Harbin, which has over 900 million users, providing strong population representativeness. A total of 427 

5,779,693 MSD records were collected from July 14 to 20, 2025, covering 476,453 grids. Each MSD record 428 

contains demographic attributes (age and gender), spatial coordinates, and temporal timestamps42. To ensure 429 

privacy protection, all personal information was anonymized through desensitization protocols. Given that 430 

minors may have limitations in independent mobility, social media usage, and the completeness of mobile 431 

signaling records, the demographic data were categorized into seven age groups (18–22, 23–30, 31–40, 41–432 



50, 51–60, 60+, and Unknown) and three gender groups (male, female, and Unknown). Within this dataset, 433 

the location with the longest nighttime stay (from 9:00 PM to 8:00 AM) within a month was identified as the 434 

individual’s residence43. 435 

(2) Spatial distribution data for UBGS and road networks: The data were obtained from OpenStreetMap 436 

in August 2025 using OSMnx. The UBGS dataset included the spatial boundaries and attribute information 437 

of 896 urban green spaces (UGSs) and 745 urban blue spaces (UBSs). This study combined the Nature-based 438 

Solutions (NbS) classification framework with keywords (Table 1) extracted from comment texts in Weibo 439 

check-in data to perform semantic validation and typological integration of the UBGS. When a check-in 440 

record matched multiple UBGS categories, its type was determined using a spatial-priority and 441 

specificity-weighted semantic matching strategy, with broad shared keywords down-weighted and 442 

unresolved ambiguous records excluded from the preference calculation. UBGS were consistently 443 

categorized into five types: urban forests, open green spaces, pocket parks, wetlands, and aquatic ecosystems. 444 

Road network data were used to introduce actual road connectivity and network path constraints. 445 

Table 1. Keyword-based semantic framework for typological integration of UBGS based on Weibo check-in 446 

data. 447 

UBGS Type Associated Keywords 

Urban Forest 

Urban woodland; urban forest; forest park; urban tree canopy; tree-lined streets; urban 

green corridor; urban ecological forest; urban vegetation; urban green belt; ecological 

corridor; vertical greening; three-dimensional greening; carbon sink forest; shelterbelt; 

ecological restoration park; near-natural woodland; biodiversity park; native tree forest; 

multi-layer vegetation; ecological buffer zone; forest carbon storage 

Vegetated Open 

Space 

Green space; open green space; lawn; grassland; landscaped plaza; recreational green 

plaza; rain garden; public garden; picnic green space; ecological plaza; sponge green 

space; multifunctional lawn; open space; park; linear park; sports lawn; botanical garden 

Pocket Park 

Pocket park; community park; small green space; mini park; micro green space; 

street-corner park; roadside green space; neighborhood park; pocket plaza; micro 

landscape; street garden; community green space; small neighborhood park; green space 

in old residential areas; vacant land redevelopment park; 5min walking park; doorstep 

park 

Wetland 

Urban wetland; wetland park; natural wetland; constructed wetland; restored wetland; 

riparian wetland; riverside wetland; lakeside wetland; inland wetland; marsh wetland; 

floodplain wetland; seasonal wetland; wetland buffer zone; wetland ecological corridor; 

wetland ecological restoration area; wetland conservation area; stormwater wetland; 

retention wetland; purification wetland; wastewater treatment wetland; biodiversity 

wetland; migratory bird habitat; fish spawning wetland 

Aquatic 

Ecosystem 

Urban water body; blue space; river; urban river channel; canal; riparian zone; river 

corridor; lake; urban lake; artificial lake; reservoir; pond; landscape water feature; 

waterfront space; waterfront green space; waterfront park; waterside recreational space; 

accessible waterfront; waterfront open space 

(3) Weibo check-in data: a total of 24,003 valid UBGS check-in records in Harbin for 2024 were 448 

collected through the Weibo application programming interface (API). Weibo is one of the major social 449 

media platforms in China, with its monthly active users exceeding 600 million as of 2023. Weibo records 450 

users’ voluntarily shared geospatial information, including geotagged tweets, photos, and check-in data, 451 

which has been increasingly used to investigate users’ actual visitation behavior44,45. It should be noted that 452 

older adults are relatively less active on social media platforms. Nevertheless, existing studies have 453 

demonstrated that large-scale social media check-in data can still effectively capture the overall spatial 454 



patterns of urban public space use46,47. 455 

 456 

Behavior-based identification of group-specific UBGS preferences 457 

Based on the Weibo check-in data, this study further identified the visitation preferences of different social 458 

groups for various UBGS types. First, all valid check-in records were assigned to the corresponding social 459 

group g according to the publicly available age and gender attributes of check-in users. Meanwhile, each 460 

check-in record was spatially matched to its corresponding UBGS type t using the spatial boundary 461 

information of UBGS. Based on this, the visit volume Ng,t for group g across various UBGS types was 462 

calculated, representing the total number of check-ins made by group g in UBGS of type t. To eliminate the 463 

influence of differences in the total number of check-ins across groups, the visit proportion Pg,t to different 464 

UBGS types within the group was further calculated to describe the usage intensity of the group across 465 

various UBGS types. Finally, the UBGS type with the highest visit proportion was defined as the preferred 466 

UBGS type for that social group, and the set of preferred UBGS types for group g was constructed as Tg, 467 

where Tg = {k | Pg,k = max(Pg,1, Pg,2, ..., Pg,K)}. The set Tg was used to describe the group’s type selection 468 

preferences in actual spatial usage. 469 

It should be noted that the preference identification in this study is based on the relative visitation 470 

proportions within groups of users with known attributes. Records with missing attributes (Unknown) were 471 

excluded from the preference calculations for each group. To further verify the robustness of the preference 472 

identification, a sensitivity analysis was conducted on the preference results of each group. The results 473 

indicate that, after excluding Unknown records, the relative ranking of visitation across UBGS types 474 

remained largely consistent, suggesting that the overall structure of the preference identification results is 475 

reasonably robust. 476 

 477 

Identification of residential clustering patterns of social groups 478 

This study identified residential clustering patterns of different social groups based on the demographic 479 

composition within grids. A consistent analytical approach was applied to both gender and age. 480 

Gender-based residential clustering 481 

Let Mi, Fi, and Ui
(g) denote the numbers of male, female, and unknown-gender individuals, respectively, in 482 

grid i. The Gender Dominance Index (GDI) is defined as: 483 

GDIi=
Mi−Fi

Mi+Fi
 , (Mi+Fi>0)                              (1) 484 

Individuals with unknown gender were excluded from the index calculation. To reduce the potential 485 

impact of a high proportion of unknown-gender individuals, a reliability measure of known gender 486 

information was further defined as: 487 

Ri
(g)

=
Mi+Fi

Mi+Fi+Ui
(g)                                   (2) 488 

When Ri
(g)<0.70, the grid was classified as a gender-insufficient cell and excluded from subsequent 489 

clustering analysis. For grids satisfying the reliability constraints, significant clustering was identified using a 490 

quantile-based approach based on the overall distribution of GDI values: grids with GDI values below the 491 

25th quantile were identified as significant female residential clusters, those above the 75th quantile as 492 

significant male residential clusters, and the remaining grids as non-significant clusters. 493 

Age-based residential clustering 494 

For the age, the number of individuals in grid i was recorded for the following groups: 18–22, 23–30, 495 

31–40, 41–50, 51–60, 60+, and unknown age. The total population with known age was first calculated as: 496 

Ki=∑ Pi
k

k                                    (3) 497 

A reliability measure of age information was then defined as: 498 



Ri
(a)

=
Ki

Ki+Ui
(a)                                   (4) 499 

When Ri
(a)<0.70, the grid was excluded from age-based clustering identification. For the remaining 500 

grids, the relative proportion of each age group within the known-age population was calculated as: 501 

Ai
k=

Pi
k

Ki
, (Ki>0)                                  (5) 502 

The age group with the highest proportion was considered the dominant age group for that grid. Based 503 

on the distribution of these dominant proportions across all grids, a quantile-based approach was applied for 504 

significance identification: if the proportion of the dominant age group in a given grid exceeds the 75th 505 

quantile for that age group, the grid is identified as a significant residential cluster for that age group; 506 

otherwise, it is categorized as a non-significant cluster. 507 

 508 

The PN-2SFCA method 509 

The Gaussian 2SFCA is one of the most widely used methods in spatial accessibility assessment48, 510 

particularly for examining how service supply matches population demand under catchment-area and 511 

distance-decay constraints. Its core procedure consists of two steps: first, calculating a supply–demand ratio 512 

for each service location within its catchment area; and second, aggregating the accessible supply–demand 513 

ratios for each population location to derive an accessibility index. This structure allows the model to jointly 514 

capture service capacity, demand competition, and spatial impedance, making it well-suited to UBGS 515 

accessibility assessment. Based on this framework, this study extended the conventional Gaussian 2SFCA by 516 

incorporating preference-driven mechanisms and road network path constraints to evaluate accessibility to 517 

preferred UBGS for different social groups under more realistic travel conditions. 518 

The first step was to calculate the supply–demand ratio for each UBGS type relative to a specific social 519 

group. This study significantly advanced the conventional 2SFCA method through two key modifications: (1) 520 

group preferences were incorporated on the supply side, such that accessibility was calculated only for the 521 

set of UBGS types Tg preferred by each social group g; and (2) spatial impedance was modeled using the 522 

topology of the road network, where shortest-path distance replaced geometric Euclidean distance, as 523 

illustrated in Fig. 8. Specifically, the road network in the study area was modeled as a weighted graph G=(V, 524 

E, w), where the node set V represents road intersections, the edge set E represents road segments, and the 525 

weight function w denotes walking distance. For each UBGS j∈Tg, its service catchment area is defined as Sj. 526 

Within a given service threshold d0, all accessible residential clusters i belonging to social group g were 527 

identified based on the weighted road network, and the corresponding service population Pig was calculated. 528 

  
(a) 15min (b) 10min 



 
(c) 5min 

Fig. 8. Conceptual comparison of spatial impedance based on Euclidean distance and shortest-path distance. 

Based on the road network topology, the shortest-path distance dij between residential cluster i and 529 

UBGS j was calculated in a Python environment using the Dijkstra algorithm49. This distance was defined as 530 

the minimum cumulative sum of edge weights along the road network, capturing urban road network path 531 

constraints such as network connectivity and path tortuosity, and thereby providing a more accurate 532 

representation of the actual walking cost for residents to access UBGS. A walking-based perspective was 533 

adopted in this study to align the accessibility assessment with the 15min living circle concept. 534 

In the weighting process, a Gaussian distance decay function f (dij) was introduced to characterize the 535 

decline in the probability of accessing UBGS with increasing travel distance. By integrating the service 536 

population Pig with the distance decay weight f (dij), the supply–demand ratio of UBGS j for social group g 537 

was calculated as: 538 

Rjg=
Sj

∑ Pig∙f(dij)i∈(dij≤d0)

, j∈Tg                             (6) 539 

where Sj represents the supply scale of UBGS j (measured by area), and dij denotes the walking distance from 540 

residential cluster i to UBGS j, derived from the shortest-path based on the road network. The Gaussian 541 

distance decay function used in this study is defined as: 542 

f(dij)=

{
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2
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)

2
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−
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, dij<d0

0, dij≥d0

                               (7) 543 

 544 

For the setting of the service threshold d0, this study did not adopt a single fixed distance; instead, three 545 

walking time thresholds (5min, 10min, and 15min) were introduced and converted into corresponding 546 

distance thresholds based on the average walking speeds of different age groups, as shown in Table 2. These 547 

thresholds were selected to reflect nested walking ranges within the 15min living circle, with 15min 548 

representing the overall planning scale and 5min and 10min capturing shorter-distance gradients of 549 

accessibility within it. This setting was motivated by the sensitivity of accessibility outcomes to walking time 550 

thresholds in accessibility analysis23,50. It should be noted that, in the accessibility comparisons related to 551 

gender-based clustering, d0 was uniformly set to the average walking speed of the adult population. This 552 

treatment was intended to control for differences in mobility capacity, thereby isolating accessibility 553 

disparities under identical spatial supply conditions across gender groups, rather than reflecting physiological 554 

differences in travel ability. 555 

Table 2. Walking distance thresholds by age group. 556 

Age group Walking time Walking speed Threshold distance (d₀) 



Adults 

(18-60 years) 

5min 

1.3 m/s51 

≈390m 

10min ≈780m 

15min ≈1170m 

Older adults 

(60+ years) 

5min 

1.0 m/s52 

≈300m 

10min ≈600m 

15min ≈900m 

The second step was to evaluate the accessibility of preferred UBGS for each social group. Taking each 557 

residential cluster i as the center, all UBGS j∈Tg accessible within the road network distance threshold d0 558 

were identified. The supply–demand ratios of these UBGSs were then aggregated using Rig, weighted by the 559 

same Gaussian distance decay function, to obtain the accessibility level of preferred UBGS for group g at 560 

residential cluster i: 561 

Aig=∑ Rjg∙f(dij)j∈(dij≤d0)
, j∈Tg                            (8) 562 

where Aig represents the spatial accessibility index of UBGS obtained by group g at residential cluster i. A 563 

higher value of Aig indicates a greater level of UBGS service available to that cluster. 564 

 565 

Inequality evaluation of UBGS exposure 566 

Two complementary inequality metrics were employed: the Theil index and the Coverage ratio. The Theil 567 

index, derived from information entropy theory53, has the advantage of decomposing total inequality into 568 

intra-group and inter-group components, thereby identifying the structural sources of inequality. The 569 

Coverage ratio was used to measure the extent to which UBGS services actually cover the residential space 570 

of each group. 571 

The total Theil index is defined as: 572 

T=
1

n
∑

Ai

A̅

n
i=1 ln(

Ai

A̅
)                                 (9) 573 

where n denotes the total number of residential clusters, and A̅ represents the overall average accessibility. 574 

By definition, T≥0; T=0 indicates perfect equality, and larger values indicate higher levels of inequality. 575 

To further examine the sources of inequality, the total Theil index was decomposed into intra-group 576 

(Tintra) and inter-group (Tinter) components: 577 

T=Tintra+Tinter                                 (10) 578 

where: 579 

Tintra=∑ ∑ (
1

n

Aig

A̅g
)ln(

Aig

A̅g
)

ng

i=1
G
g=1                           (11) 580 

Tinter=∑ (
ng

n

A̅g

A̅
)ln(

A̅g

A̅
)G

g=1                              (12) 581 

Here, G denotes the number of social groups, ng is the number of residential clusters associated with 582 

group g, A̅g represents the average accessibility of group g. 583 

The Coverage ratio provides an additional perspective by focusing on whether UBGS services spatially 584 

cover group residential space. Unlike the decomposable Theil index, the Coverage ratio reflects the actual 585 

level of service coverage within the residential space of each group. 586 

The Coverage ratio is defined as: 587 

CRg=
ng

accessible

ng
                                 (13) 588 

where CRg denotes the Coverage ratio of group g, ng
accessible is the number of residential clusters for group g 589 

with accessibility greater than 0. The value of CRg ranges from 0 to 1; a higher value indicates that a larger 590 

proportion of the group’s residential space has access to its preferred UBGS services, while a lower value 591 



suggests a greater share of underserved areas. 592 
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