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Abstract. Urban green space (UGS) vitality reflects 

actual public engagement rather than mere spatial 

provision. However, limited research has examined how 

micro-scale environmental characteristics shape 

participation intensity. This study investigates the 

relationship between street-level environmental features 

and green space vitality using cross-platform social media 

data in London. Geotagged Flickr and Instagram posts 

were used as proxies for usage intensity. Environmental 

attributes were extracted from Google Street View 

imagery through semantic segmentation, including 

vegetation coverage, walkability, spatial enclosure, and 

facility elements. Ordinary Least Squares models were 

applied to assess associations between environmental 

variables and social media density. Results indicate that 

structural and facility-related features show stronger 

relationships with participation intensity than simple 

vegetation measures. 
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1 Introduction 

Since 2008, the majority of the global population has lived 

in urban areas, and by 2050 this proportion is projected to 

reach 70-80%. Rapid urban expansion and increasing 

density have intensified concerns about residents’ 

physical and mental health. In high-density environments, 

urban green spaces (UGS) are widely recognised for 

influencing health and quality of life through 

environmental and behavioural mechanisms.  

Green spaces can mitigate air pollution, urban heat island 

effects, and traffic noise, thereby improving local 

environmental conditions. They also provide accessible 

settings for walking and informal recreation, supporting 

higher levels of physical activity. Exposure to natural 

visual stimuli has been shown to reduce physiological 

stress and promote attention restoration. In addition, as 

shared public spaces, green areas facilitate social 

interaction and strengthen social cohesion. 

However, growing evidence suggests that not only the 

presence but also the vitality of green spaces is crucial for 

human well-being (Mouratidis & Poortinga, 2020). As 

Jacobs (1961) argued, urban vitality refers to the extent to 

which public spaces are actively used and animated by 

everyday life, rather than merely their physical provision. 

From this perspective, green space availability does not 

necessarily translate into actual use. Evaluating UGS 

solely in terms of physical supply or accessibility captures 

potential opportunities but cannot fully explain real 

patterns of engagement and social vibrancy. Greater 

attention is therefore needed to understand how spatial 

characteristics and accessibility are transformed into 

everyday use. 

Previous research on actual green space use has primarily 

relied on traditional survey-based approaches, such as 

visitor counts at park entrances or questionnaire surveys, 

to measure recreational demand and examine preferences 

for specific facilities (Cohen et al., 2010; Dallimer et al., 

2014; Eagles, 2014). However, these methods are often 

AGILE: GIScience Series, 7, 33, 2026. https://doi.org/10.5194/agile-giss-7-33-2026 
Proceedings of the 29th AGILE Conference on Geographic Information Science, 16–19 June 2026. 
Eds.: Evelyn Uuemaa, Alexander Kmoch, Holger Virro, and Simon Scheider 
This contribution underwent peer review based on a full paper submission. 
© Author(s) 2026. This work is distributed under the Creative Commons Attribution 4.0 License.

1 of 10

mailto:yijing.li@kcl.ac.uk
mailto:zara.shabrina@kcl.ac.uk
https://orcid.org/0000-0002-9831-0298
https://orcid.org/0000-0001-8246-8229
https://orcid.org/0009-0008-9239-265X
https://orcid.org/0009-0002-3971-0125


constrained by limited personnel capacity, high costs 

when conducted regularly or across large multi-

jurisdictional areas, and sometimes limited spatial 

precision (Cessford & Muhar, 2003; Freeman, 2014). 

In recent years, social media data have increasingly 

become an important source for studying green space use. 

These data offer several advantages, including high 

temporal resolution, low acquisition cost, and the ability 

to complement traditional survey-based methods. Early 

studies mainly focused on national park contexts, where 

platforms such as Flickr, Instagram, and Twitter were 

used to analyse visitation patterns in lakes and national 

parks. These studies demonstrated that social media data 

can serve as effective proxies for visitation intensity 

(Sessions et al., 2016; Tenkanen et al., 2017; Keeler et al., 

2015).  

Subsequently, this line of research has been extended to 

urban park settings. Existing studies suggest that social 

media data can also act as reliable proxies for urban park 

visitation and serve as a valuable source for understanding 

user experiences (Hampstead et al., 2018). As social 

media content is generated through individuals’ 

spontaneous expressions, shared images and texts can 

reflect how people interact with urban green spaces (Dietz 

et al., 2025). 

Building on these data, researchers can not only identify 

popular green space destinations but also examine 

recreational activities and their spatial patterns within 

green spaces (Chen et al., 2024). 

In addition, Street View Imagery (SVI) has recently 

emerged as an important data source for assessing urban 

green spaces. Using computer vision techniques, SVI 

enables the extraction of environmental features and 

provides fine-scale information of green spaces. 

Compared with traditional methods, it offers a scalable 

and consistent approach for analysing UGS across cities. 

This study aims to address several limitations in existing 

literature. 

First, although previous research has used geotagged 

social media data to examine green space use, cross-

platform studies remain relatively limited. As a result, it 

is difficult to fully capture differences in user preferences 

across platforms and the potential biases they introduce. 

To address this gap, this study conducts a comparative 

analysis of Flickr and Instagram, examining differences in 

user behavior and expression within green spaces. This 

approach improves the robustness of urban vitality 

measurement by accounting for platform-specific 

characteristics. 

Second, while prior studies have explored factors 

influencing park use, the integration of multi-source data 

remains limited. Few studies have combined micro-scale 

environmental features extracted from SVI, socio-

demographic characteristics, and social media 

behavioural data within a unified framework. This makes 

it difficult to comprehensively understand the relationship 

between environmental conditions and actual usage 

behaviour. This study develops an analytical framework 

linking objective environmental conditions with 

subjective behavioural responses, thereby providing a 

more comprehensive understanding of how objective and 

perceptual factors jointly shape urban green space vitality. 

London is a highly dense global city, known for its 

complex urban structure, diverse land use, and extensive 

network of urban green spaces. Urban green spaces play 

a central role in its spatial structure and are crucial for 

improving environmental quality and promoting public 

health (Greater London Authority, 2023; Mouratidis & 

Poortinga, 2020). 

This study focuses on the Greater London Area (GLA) 

and develops an integrated analytical framework that 

combines cross-platform social media data with scene 

semantic analysis to characterise the vitality of urban 

green space use. Specifically, Flickr images are first 

analysed using scene recognition and semantic clustering 

to extract activity-related scenes from user-generated 

content, thereby providing a systematic representation of 

activity structures within green spaces. 

Furthermore, Google Street View imagery within green 

space boundaries is used to extract key built-environment 

features through semantic segmentation, and regression 

analysis is used to examine the relationship between these 

features and green space use intensity derived from Flickr 

and Instagram. This framework provides quantitative 

evidence for identifying key environmental factors that 

promote green space use and offers methodological 

support for evidence-based urban green space planning. 

2 Methodologies 

2.1 Social Media Data 

Flickr photo metadata was collected, yielding 271,954 

photographs taken within green space boundaries between 

2014 and 2025. To characterise behavioural patterns 

across green space environments, we identified the 

activity contexts represented in these images. Scene 

recognition models classify images at the level of overall 

environment (e.g. ‘urban park’ or ‘waterfront’), making 

them more suitable for inferring activity settings. 

Accordingly, we applied a ResNet50 model to perform 

automated scene classification. The model achieved 

approximately 54% Top 1 accuracy and over 85% Top-5 

accuracy on the Places365 validation set (Zhou et al., 
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2017), indicating robust scene-level performance. The 

resulting classifications enabled systematic identification 

of environmental contexts associated with green space 

activities (Fig. 1). 

2.2 Street View-Based Measurement of the Built 

Environment 

 

Figure 2. Illustration of Google Street View Sampling within 

Green Spaces (Hyde Park). Blue points represent sampling 

locations, and red lines indicate roads within the park. 

For street-view images, we collected imagery located 

within the boundaries of open green spaces in London. 

Based on this dataset, we constructed street-view 

sampling points at 10-metre intervals along the 

OpenStreetMap (OSM) street network. Fig. 2 presents an 

example of the sampling points in Hyde Park. In total, we 

obtained 63,385 sampling points across green spaces in 

London, and for each point, we retrieved four directional 

street-view images. This design also helps reduce 

potential bias caused by visibility differences across 

environments. 

 

Figure 3. Segmentation Results at a Single Street View 

Sampling Point within a Green Space. 

After obtaining the street-view images, we applied the 

Mask2Former panoptic segmentation model pre-trained 

on the ADE20K dataset to perform semantic 

segmentation, and the segmentation results are shown in 

Fig. 3. Mask2Former achieved approximately 57% mean 

Intersection over Union (mIoU) on the ADE20K semantic 

segmentation benchmark (Cheng et al., 2022). This model 

enables pixel-level semantic segmentation, enabling us to 

calculate the visible proportions of different 

environmental elements, such as trees, roads, and 

buildings. The calculation is expressed in Equation (1): 

𝑃𝑘 =
1

𝑁
∑𝐼(𝑦𝑖 = 𝑘)

𝑁

𝑖=1

,  𝑘 ∈ 𝒦 (1) 

Figure 1. Flickr scene recognition results - example images. 
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Where 𝑁  represents the total number of pixels in the 

image, yi  denotes the class label of pixel 𝑖 , and 𝒦 

represents the set of non-countable environmental 

elements. 

2.3 Socio-economic Context and Control Variables 

Urban green space visitation is influenced by broader 

socio-demographic structures (Jacobs, 1961; Gehl, 2010; 

Lefebvre, 1991). Therefore, to reduce potential bias in 

estimating the relationship between street-view 

environmental elements and green space vitality, this 

study incorporated socio-economic indicators derived 

from the 2021 UK Census at the LSOA (Lower Layer 

Super Output Area) level as control variables. These 

included age structure (proportions aged 0–19 and 60+), 

unemployment rate, annual total income, population 

density, and transport accessibility indicators (average 

Public Transport Accessibility Level (PTAL)). These 

variables were subsequently aggregated to the green space 

level to align with the analytical framework of the 

regression models (Fig. 4). 

 

Figure 4. Area-weighted aggregation of LSOA-level socio-

economic variables to the green space scale. A 400 m buffer 

(light blue) was generated around the green space (dark blue) 

and intersected with surrounding LSOAs (green). Socio-

economic variables were aggregated based on the proportion of 

overlapping areas. 

2.4 Data and Software Availability 

The workflow of this study was implemented in Python. 

GeoPandas was used for spatial data processing, and 

PyTorch-based frameworks were employed for deep 

learning tasks.  

Green space boundaries were obtained from the Ordnance 

Survey (OS) Open Greenspace dataset, which is publicly 

available via the UK government open data portal. Socio-

economic variables were derived from the 2021 UK 

Census and can be accessed through the Office for 

National Statistics (ONS). Flickr photo metadata were 

collected using the official Flickr API. Due to data access 

and privacy restrictions, the raw social media data cannot 

be publicly shared but can be reproduced through the API 

using equivalent spatial and temporal queries. 

Google Street View (GSV) images were retrieved via the 

Google Street View Static API 

(https://developers.google.com/maps/documentation/stre

etview/overview), which requires an API key and is 

subject to usage limits defined by the Google Maps 

Platform.  

For image analysis, a ResNet50 model pre-trained on the 

Places365 dataset was used for scene classification, and 

the Mask2Former model pre-trained on ADE20K was 

applied for panoptic segmentation. The implementation 

was based on PyTorch (version 2.0.1) with CUDA 

support. 

 

(a) 

(b) 

Figure 4. Geographic distribution of Flickr photo number and 

Instagram post number. (a) Flickr; (b) Instagram. 

3 Results 

3.1 Spatiotemporal Differences in Green Space 

Popularity: Flickr vs Instagram 

A mapping analysis of geotagged social media data in 

London’s public green spaces reveal clear spatial and 
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temporal heterogeneity between Flickr and Instagram. 

The Flickr dataset (2014-2025) shows broad spatial 

coverage across the city, with high-frequency 

observations concentrated not only in major Royal Parks 

in central London but also in secondary green spaces and 

peripheral nature reserves (Fig. 4(a)). In contrast, the 

Instagram dataset (January-June 2025) displays a 

markedly higher degree of spatial concentration. Activity 

points are clustered in a limited number of central green 

spaces, particularly in Zones 1 and 2, such as Hyde Park 

and Regent’s Park, forming discrete high-density patches 

on the map (Fig. 4(b)). 

3.2 Flickr-Based Scene Recognition and Clustering of 

Green Space Contexts 

 

Figure 5. Semantic clustering results of Flickr photo activity 

scenes. Word clouds of six Flickr photo activity scene 

categories, with word size indicating frequency. 

Based on the clustering results, Flickr photographs were 

grouped into six clusters. To aid interpretation of the 

activity contexts within each cluster, the associated scene 

categories were visualised as word clouds (Fig. 5). 

Based on the semantic and spatial characteristics of 

dominant scenes in each word cloud, the clusters were 

labelled as follows: C0 Gardens & Natural Greenery; C1 

Buildings & Indoor Spaces; C2 Water Features & 

Aquatic; C3 Public Venues & Religious Sites; C4 Towers 

& Urban Structures; and C5 Outdoor Activities & Sports. 

This classification enables multidimensional 

quantification of functional diversity within London’s 

green spaces and supports further analysis of spatial 

preferences and behavioural patterns across different 

landscape settings. 

3.3 Factors Associated with Green Space Popularity: 

A Comparative Regression Analysis of Flickr and 

Instagram 

Table 1 presents the OLS regression results examining 

green space visitation in relation to demographic 

characteristics and street-view environmental elements. 

The Instagram model shows higher explanatory power (R² 

= 0.623) than the Flickr model (R² = 0.420). 

To validate the appropriateness of the OLS regression, we 

performed Moran’s I tests on the model residuals to check 

for potential spatial autocorrelation. Spatial weight 

matrices were constructed based on distance thresholds. 

The results indicated no significant spatial autocorrelation 

in the OLS residuals for either dataset (Flickr: p = 0.365; 

Instagram: p = 0.280). This demonstrates that the OLS 

models sufficiently accounted for the spatial structure, 

satisfying the assumption of residual independence. 

Table 1. OLS regression model performance for Flickr and 

Instagram. 

Metric Flickr Instagram 

R² 0.42 0.62 

Adjusted R² 0.41 0.61 

AIC -7670.91 -5146.12 

Number of observations 1478 559 

Significant variables (p < 0.05) 7 7 

Fig. 6 and Table A1 report the OLS regression results 

incorporating demographic variables, green space 

characteristics, and street-view environmental indicators. 

Most population structure and socio-economic variables 

are not statistically significant in either platform model. 

The only exception is public transport accessibility 

(average Public Transport Accessibility Level, PTAL), 

which is positively and significantly associated with 

visitation in the Flickr model. 

In contrast, the configuration of significant street-view 

environmental variables differs markedly between 

platforms. In the Flickr model, variables reflecting spatial 

structure and facility configuration - such as the number 

of sculptures, proportion of sidewalks, number of 

streetlights, wall coverage ratio, and water coverage ratio 

- are positively associated with visitation density. In the 

Instagram model, significant variables are more 

concentrated on perceptible landscape and usage features, 

including the number of sculptures and fountains, and the 

proportions of grass areas. Notably, in the Instagram 

model, the number of benches and the proportions of sky 

and tree canopy coverage show significant negative 

associations. 

Overall, the results indicate that micro-scale 

environmental attributes captured from street-view 
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imagery play a more prominent role in shaping green 

space usage intensity than macro-level demographic 

factors or park size. 

 

Figure 6. Standardized OLS coefficients for Flickr and 

Instagram models. Points show coefficient estimates with ±1.96 

standard errors. Filled symbols indicate statistically significant 

effects (p < 0.05). 

3.4 Factors Associated with Green Space Popularity 

Across Different Activity Contexts: A Comparative 

Regression Analysis 

For different green space activity clusters, the results 

demonstrate clear variation in model performance (see 

Table A2). Clusters linked to built environments and 

public spaces (C1, C3, C4, and C5) display higher R² 

values, suggesting stronger explanatory power, whereas 

clusters dominated by natural landscapes (C0 and C2) 

exhibit comparatively lower model fit. 

Fig. 7 presents a heatmap of regression coefficients 

showing the relationships between park visitation density 

and demographic and street-view environmental variables 

across the six activity contexts (C0-C5). Overall, 

sculpture count exhibits a significant positive association 

across all activity types and is the only environmental 

variable consistently significant in all six clusters. 

Average PTAL also shows a significant positive 

relationship in several categories, with particularly strong 

effects in Buildings & Indoor Spaces (C1) and Public 

Venues & Religious Sites (C3). 

When examining the six Flickr photo activity contexts, 

scenes characterised by built environments and public 

 

Figure 7. Heatmap of standardized OLS regression coefficients across six Flickr activity contexts (*p < 0.05, **p < 0.01, ***p < 

0.001). 
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spaces show stronger associations with structural and 

facility-related elements. Wall ratio is significantly and 

positively associated with visitation density in Buildings 

& Indoor Spaces (C1) and Public Venues & Religious 

Sites (C3). Streetlight count also shows a significant 

positive association in Public Venues & Religious Sites 

(C3) and Towers & Urban Structures (C4), although the 

effect size is modest. In contrast, bench count is 

significantly negatively associated with visitation density 

in these categories, with the strongest negative effect 

observed in Towers & Urban Structures (C4). 

Activity contexts related to outdoor or natural 

environments display a different pattern, showing greater 

sensitivity to linear spatial elements and water-related 

features. Sidewalk ratio is positively associated with 

visitation density in C0, C1, C2, and C5, though the 

overall effect remains small. In water-related activity 

types (C0, C2, and C5), water ratio shows a significant 

positive association with visitation density. Similarly, 

fountain count is significantly positively associated in 

Water Features & Aquatic (C2) and Outdoor Activities & 

Sports (C5). 

Notably, apart from plant ratio, which is positively 

associated with visitation density in Gardens & Natural 

Greenery (C0), typical natural green space indicators such 

as tree canopy coverage and grass ratio do not show 

significant associations with Flickr-based park visitation 

density. 

4 Conclusion & Limitations 

This study integrates multi-source social media data, 

street-view environmental indicators, and socio-economic 

variables within a unified analytical framework to 

examine how environmental characteristics influence the 

actual use of urban green spaces and the activities taking 

place within them. 

We find that different social media platforms capture 

distinct behavioural dimensions. Flickr exhibits a broader 

spatial coverage, extending beyond central and iconic 

parks to include peripheral green spaces and nature 

reserves. This pattern may reflect Flickr users’ preference 

for natural elements, indicating a greater tendency to 

document landscape quality and ecological value, 

including less prominent locations (Hausmann et al., 

2018; Moreno et al., 2020). In contrast, Instagram activity 

is largely concentrated in a limited number of highly 

recognisable and symbolic central green spaces. This 

clustering pattern is likely related to platform-specific 

dissemination mechanisms, whereby visually appealing 

landmark spaces are more frequently photographed and 

shared, thereby reinforcing spatial hotspots (Boy & 

Uitermark, 2017). 

The regression results further highlight differences in how 

environmental and socio-demographic factors relate to the 

activities observed on each platform. Although both 

models identify broadly similar significant factors, the 

Instagram model demonstrates higher explanatory power, 

indicating a stronger association between recorded 

activities and observable environmental characteristics. 

This may be because Instagram data are primarily drawn 

from more recent periods, meaning that the captured 

usage patterns are temporally closer to the street-view 

conditions and thus better reflect current use. In contrast, 

the decade-long Flickr dataset is more likely to represent 

the long-term accumulated patterns of green space use. 

At the activity level, regression analyses across different 

scene types show that park environmental characteristics 

have stronger explanatory power for activities associated 

with built-environment features. These activities typically 

occur in green spaces with clearer functions and more 

defined spatial structures, such as areas containing 

buildings, plazas, or sports facilities. The coefficient 

heatmap further indicates that variables such as the 

number of sculptures, the proportion of walls, and the 

density of street lighting are positively associated with 

these scenes. Such elements tend to enhance the 

organisation and legibility of space: spatial enclosure 

helps define activity boundaries, while sculptures act as 

visual focal points that encourage people to stay, thereby 

increasing crowd concentration and activity intensity (Wu 

et al., 2023; Chen et al., 2024). 

In contrast, park environmental characteristics show 

relatively weaker explanatory power for activities related 

to natural landscapes and water environments. These 

activities are more likely to reflect aesthetic experiences 

and psychological restoration, and their occurrence 

depends more on individual perception and external 

conditions, such as weather and seasonality. As a result, 

they are more difficult to explain consistently using 

environmental variables. Nevertheless, some structural 

features still play a role. For example, the proportion of 

pathways is one of the most strongly associated variables 

in nature- and water-related scenes. However, simple 

vegetation indicators, such as tree canopy coverage and 

grassland proportion, show relatively limited influence. 

This finding is consistent with Maas et al. (2008), who 

suggest that the mere presence of green space is not the 

primary driver of visitation; instead, landscape quality and 

walkability are more important determinants. 

This study has several limitations that should be 

acknowledged. First, although previous research has 

shown that social media data are highly correlated with 

park visitation, they cannot be considered an exact proxy 

of actual use. Posting behaviour is influenced by multiple 

factors, including platform-specific user preferences, the 

availability of facilities, and aesthetic qualities, which 
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may introduce bias when reflecting real usage patterns. In 

addition, social media users do not fully represent the 

general population, which may affect the generalisability 

of the findings. 

Second, the relatively short temporal coverage of the 

Instagram dataset may emphasise recent trends and 

concentrated activity patterns, while being less capable of 

capturing long-term and stable patterns of green space 

use. Third, although the Places365 model performs well 

in recognising broad scene categories, the micro-scale or 

abstract compositions often found in Flickr images may 

introduce some uncertainty into the classification results. 

Future research could combine social media data with on-

site visitor statistics to further evaluate their validity as 

proxies for visitation. Incorporating longer-term datasets 

would also help capture more stable patterns of green 

space use. In addition, the adoption of more advanced 

visual recognition methods could improve the accuracy of 

environmental feature extraction and reduce potential 

misclassification. 
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Appendix 

Table A1. OLS regression coefficients for Flickr and Instagram 

Variable Flickr β Instagram β 

Demographic & Park-related 

variables 
  

Aged 0–19 -0.001 0.000 

Aged 60+ -0.000 -0.000 

Average PTAL 0.006*** 0.000 

Park area (m²) 0.000 0.000 

Population density -0.002* -0.000 

Annual income (£) -0.000 0.000 

Unemployment rate -0.001 0.000 

Streetscape variables   

Bench count -0.000 -0.001*** 

Earth ratio 0.000 0.000 

Fence ratio 0.000 0.000 

Fountain count 0.001 0.002*** 

Grass ratio 0.000 0.000* 

Mountain ratio -0.000 -0.000 

Path ratio -0.001 -0.000 

Plant ratio 0.000 -0.000 

Sculpture count 0.011*** 0.002*** 

Sidewalk ratio 0.002** 0.000* 

Sky ratio 0.002 -0.001** 

Streetlight count 0.001* 0.000 

Tree ratio 0.001 -0.000* 

Wall ratio 0.003*** 0.000 

Water ratio 0.002*** 0.000 

Note: *p < 0.05; **p < 0.01; ***p < 0.001. 

Table A2. OLS Regression Models Performance Across Green 

Space Activity Clusters 

Cluster 

ID 
Cluster Name No. of Parks R² 

0 
Gardens & Natural 

Greenery 
1,160 0.214 

1 Buildings & Indoor Spaces 1,135 0.436 

2 Water Features & Aquatic 844 0.274 
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Cluster 

ID 
Cluster Name No. of Parks R² 

3 
Public Venues & Religious 

Sites 
981 0.427 

4 
Vertical Landmarks & 

Urban Plazas 
714 0.416 

5 
Outdoor Activities & 

Sports 
1,090 0.398 
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