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Abstract: The availability of large datasets containing spatiotemporal information about human 
mobility in cities can reveal useful insights about how people use urban space across different times, 
and be employed to improve urban qualities. Urban vitality represents a critical quality, strictly related 
to the continuity of the presence of people in places. Vitality may be significantly driven by the types 
of amenities distributed in the city. This work explores the quantitative relationship between urban 
vitality and the variety of amenities in London, employing datasets sourced from smart cards, social 
media and activity location. Vitality is calculated as the temporal variation of patterns in the presence 
of people in a place. It is compared with the amenity typologies located in such place, combined 
through a clustering analysis of the spatial distribution of amenities across the city. Results suggest 
that urban vitality increases in areas with a variety of typologies acting in synergy to attract people, 
rather than in areas characterised by a predominance of a specific type of activities. This paper 
enhances the theory-informed quantitative understanding of urban space, integrating data analysis 
methods with urban planning: this approach has significant potential for informing robust and holistic 
policy and decision-making. 
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Introduction  

Urban amenities represent points of attraction in the mobility patterns of cities and may act as drivers for the 
liveliness of places. For this reason, the spatial information about urban amenities is commonly used in urban 
analysis as an established and reliable source of spatial information for understanding dynamics in cities.  

This work attempts at exploring the quantitative relationship between the urban vitality and the location and spatial 
distribution of amenities in the city, also following the suggestion made by Jacobs (1961) regarding the spatial 
features fundamental for vitality. In order to evaluate the results obtained using the new sources of human mobility 
data recently available, this paper selected some urban data sets that are widely used in urban analysis and are 
well-established as reliable sources for the description and the understanding of how urban space works.  

This paper investigates how the different typologies of the amenities located in a city might influence the variation 
of its vitality over time. The values of hourly temporal trends of urban vitality, calculated as in (Sulis et al., 2018) 
employing human mobility data sourced from the smart card and social media data sets, are compared to the 
spatial distribution of amenity typologies using POIs sourced from Ordnance Survey. In particular, vitality values 
and temporal trends are compared to specific combinations of amenity typologies, which are calculated through a 
cluster analysis that associate areas showing the similar spatial distribution of typologies. Evaluating the 
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quantitative relationship between these two spatial features is relevant to understand if the vitality of a place may 
be driven by a specific typology of activities, or if the synergy amongst different types contributes to the continuity 
of the liveliness and presence of people across the day.  

This work represents an example of how it is possible to combine new and standard data sourced and methods 
and integrating them into the procedures employed for analysing and planning urban space. Quantifying the 
relationship amongst urban metrics that also describe different spatial domains (i.e., mobility and morphology) 
possibly result in unveiling how spatial elements and phenomena characterising a place interact and influence 
each other. This aspect represents a significant factor to consider when planning and designing any development 
in cities: tasks such as urban strategy, modelling and policy-making would all benefit from the results of this 
analysis. 

This paper is structured as follows: after a presentation of previous work, the data description and methodology 
employed in the work are illustrated. After that, the paper describes the results related to the correspondence 
between the temporal patterns of vitality and those of amenity distribution in a place, highlighting the main results. 
The discussion of the results, the relevance of the approach and the limitations of the methodology concludes the 
paper. 

Previous work 

The recent deluge of spatial information (Batty, 2013) coming from different technological sources and devices 
recording the human-space interaction has made possible for researchers to explore urban dynamics in cities from 
an unprecedented level of detail, how people move around in cities, also from a temporal perspective. Numerous 
studies explored the spatiotemporal patterns of human mobility in cities employing different data sources 
(Isaacman et al., 2010; Noulas et al., 2012; Hasan et al., 2013; Hawelka et al., 2014; Lenormand et al., 2014; 
Louail et al., 2014; Grauwin et al., 2015; Zhong et al., 2016).   

Besides more general approaches, some investigated very specific ideas related to human mobility, i.e., the digital 
signature of mobility patterns of specific city users as tourists (Girardin et al., 2009), the patterns of preferences 
of people within a neighbourhood (Calabrese et al., 2010), or the patterns of routine of users in the district 
(Cranshaw et al.,  2012),  unveiling patterns at a very detailed scale. All these studies contribute to unveil urban 
space in terms of how it is used, somehow adding a quantitative perspective to the quality of spaces that were 
estimated with more empirical tools (Gehl, 2010).  

Amongst urban qualities, liveliness or urban vitality (Jacobs, 1961) represents a critical one to understand how 
successful a city is. Recent work attempted at quantifying this quality using extensive data sets about human 
mobility recently available (Sung et al.,  2013, De Nadai et al.,  2016), also considering the fundamental features 
of temporal continuity highly regarded by Jacobs (Sulis et al.,  2018).  

To explore more human mobility and what drives it, some work also employed multiple data sources to explore 
the relationship between different urban features such as human mobility and the locations of urban activities 
(leisure, commercial etc) to establish if human activity is driven by that and to which measure. Previous work 
shows interesting results in terms of comparing the average values of human activity (from mobile phone data) 
and location of urban amenities (Reades et al.,  2009), or the correspondence of absolute values of vitality (as a 
proxy of human activity) and specific categories of amenities related to leisure (De Nadai et al.,  2016).  

Following these work, and the idea suggested from Jacobs of the importance of variety in amenities in relation to 
urban vitality, this work employs the hourly values of urban vitality calculated as the temporal variation of the 
presence of people in urban places  in (Sulis et al., 2018): the variation is calculated at three different temporal 
scales (hourly, daily and weekly), employing human mobility data sourced from the Oyster smart card and the 
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Twitter platform. The vitality values are compared to the spatial distribution of urban amenities related to the 
leisure domain, in the attempt of evaluating the quantitative relationship of these features and the possibility of 
amenity location driving the level of the liveliness of places in the city of London. 

Data description and methodology

Description of data 

This work investigates the quantitative relationship between urban vitality and the distribution of POIs in cities. 
The analysis explores how the different combinations of amenity typologies located in a place (the mixed-use 
mentioned by Jacobs, 1961) influence the temporal patterns of vitality in cities. This approach may reveal more 
accurate insights about a specific combination of amenities possibly driving the vitality of a place. The metric of 
vitality was calculated using different sources of human mobility data as presented in (Sulis et al., 2018). These 
values are here compared to spatial information about city amenities collected from Ordnance Survey. 

The data set sourced from Ordnance Survey contains information about the location of Points of Interest (POI) in 
London. The POI categories selected for this analysis are related to the leisure domain, since the focus of this 
analysis is on urban phenomena influencing the presence of people in urban public places: only the categories 
related to non-shopping leisure (e.g., eating out, tourist attraction, entertainment) are selected, following the idea 
of streets as public space. Figure 1 shows the spatial distribution of the data included in the Ordnance Survey data 
set, and it illustrates the density of amenities within the London wards.  

 
Figure 1: spatial distribution of urban amenities 

The main advantage of employing this type of data is that it represents a source of spatial information about cities 
that is frequently used in urban planning and considered a well-established and accurate source of data for 
investigating the use of places and the mobility of people in cities. Furthermore, the information supplied by this 
type of data, especially the geographical location and the category of the activity, can be combined with other 
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metrics about urban places, e.g., human activity density obtained from the other data sets, making possible to 
investigate the relationship amongst the different types of data describing the same urban phenomena. 

The possibility of enriching the data with additional information (e.g, opening hours) and the detailed 
categorisation of amenities also makes possible to explore how specific typologies drive or influence more than 
others the human mobility patterns and the presence of people in places during specific times, and the impact of 
this possible influence. 

Methodology 

At first, a profile of the amenity distribution characterising each area of the study is extracted from the data set: 
this profile contains the total number of amenities for each typology present in that area. These distribution profiles 
are then used to run a cluster analysis to inferr the similarity of the areas according to their patterns of amenity 
distribution, assigning each area to a specific group. This approach represents a more accurate method for 
representing the specific characteristic of each area concerning the spatial distribution of urban amenities than the 
simple sum of activities located around each place. The labels assigned to the areas are subsequently compared to 
the temporal variation of vitality, to observe if they are recurrently associated, and eventually verify the 
correspondence between a specific combination of amenity typologies and the liveliness of a place. 

The distance metric considered to be the most appropriated to be applied in this specific case is the Jensen-
Shannon Divergence (JSD), applied to calculate the distance metric amongst the amenity profiles of the research 
areas. This method is specifically designed to measure the similarity between two (or more) probability 
distributions P, Q: in this case, it is measuring how similar the spatial distribution of amenity typologies is between 
two different areas in the city. The JSD metric is calculated according to Equation 1 below: 

 

The square root of the divergence is the equivalent distance metric required for the cluster analysis. In this case, 
the JSD is applied to a matrix of vectors, with each vector representing the POI distribution calculated for each 
research area. The matrix employed in the analysis has been normalised in advance by the sum of the activities 
located in each area. 

After calculating the distance metrics, the analysis requires a suitable algorithm to cluster the distributions of POI 
typologies. In this case, the one chosen for the cluster analysis is HDBSCAN. Results of the cluster analysis are 
presented in the following section. 

The labels obtained in the cluster analysis of the profiles of amenity distribution are compared to the trends of the 
temporal variation of vitality. This comparison detects the occurrence of the same association between amenity 
labels and vitality trends in the areas, which may be used to unveil if the specific distribution of amenities in an 
area influences the liveliness and the continuous presence of people in a place. To compare these two features, 
the analysis employs a confusion matrix. The algorithm counts each time that the same pair of vitality trend and 
amenity label are associated. This value may be employed to evaluate the relationship between the vitality of an 
area and the diversity of amenities in the same area. 

The code used to calculate the confusion matrix is the following: 
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The confusion matrix is calculated for different combinations of labels: 

 • temporal variation of vitality (week) + distribution of POI typologies; 

 • temporal variation of vitality (weekend) + distribution of POI typologies. 

The results (illustrated in the following section) show which amenity labels are more frequently associated to a 
specific vitality trend and pattern of human activity in a place, corresponding to a specific distribution and amount 
of amenity typologies. This correspondence might suggest that a particular combination of typologies influences 
and possibly drives a certain level of vitality in an area. These results, also showing different label associations 
occurring during week and weekend days, can then be used to further analysis and empirical investigation. 

 

 
Figure 2: spatial distribution of labels in London 
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Results

This section presents the results of the cluster analysis applied using the Jensen-Shannon distance and HDBSCAN 
combination. Observing the spatial distribution for each label (Figure 2), it is possible to obtain revealing insights 
about the patterns of similarity of amenity distribution in the city of London. 

Labels 5 and 9 appears to be the more varied and balanced ones, with the presence of many typologies related to 
city attractions and entertainment. Label 5 appears to be the most common label, with an even distribution around 
the city. This aspect may be related to the fact that the analysis considered areas very closed to the public transport 
network, which generally acts as an attractor for activity locations. Other interesting labels to observe in relation 
to the combination of amenity typologies are the labels 1 and 6. Label 1 shows a spike in the presence of restaurants 
in the profile, and it appears to be mainly located in the inner area of the city. Label 6 instead appears to be quite 
evenly distributed on the map, whereas the profile shows a significant presence of libraries amongst the other 
typologies. 

These labels are compared to the temporal trends of vitality using a confusion matrix. The results show a neat 
distinction in the label associations during the weekdays. The majority of the associations occurs with label 5 and 
label 7, which correspond to two rather different amenity distribution profiles. The temporal trends of vitality 
associated to these two labels are also different: trends representing a temporal continuity in the vitality are 
associated to label 5, which presents a nicely balanced distribution of a variety of amenity typologies (eating, 
entertainment, attraction). On the other hand, the vitality patterns characterised by a two-peak profile are 
predominantly associated with label 7, showing a presence of amenities pertaining exclusively to the eating 
category. In the weekend, the majority of label associations are still occurring with label 5 and 7; however, the 
distinction in the vitality trends appears less defined, therefore more analysis is required. 

The most representative associations of vitality trends and activity distribution labels are illustrated in Figures 3 - 
4 below. 

 
Figure 3: typology distribution for label 5 
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Figure 4: temporal trends of vitality associated with label 5 

Discussion

This section discusses the results obtained in the analysis, also in light of the relevance and the potential 
applications in the urban planning methods. Firstly, it is important to underline how this work showed that it is 
possible to explore and measure relationships amongst different spatial features of the same place employing a 
quantitative method. Estimating this relationship represents an additional enhancement in the process of unveiling 
details about the spatial phenomena occurring in cities.  

About the relationship between vitality trends and specific combinations of amenity typologies, results do not 
appear to present a specific association of precise vitality trends with activity labels. What can be noticed, 
however, is a clear distinction in the association between continuous and two-peak vitality trends and specific 
distributions of amenities. In particular, results seem to suggest that the continuity in the patterns of vitality (and 
therefore human activity in places) might be influenced by a balanced variety of activities located in the area (in 
this case, different leisure activities). This aspect may represent a hint towards what Jacobs described, that the 
mixed use of amenities contributes to attracting different people for different purposes, therefore ensuring their 
presence during the day and resulting in the vitality of a place. On the other hand, the two-peak patterns appear to 
be mostly associated with less varied amenity distributions in the areas. This may suggest that the presence of 
people in such places is mainly concentrated around specific times of the day (e.g., opening hours of certain 
amenities). 

Unveiling such information about spatial features represents an advantageous factor to be employed in urban 
planning. Understanding which combination of amenity typologies (which types and in which quantities) most 
influence the liveliness of a place, and its success in behaving as a public space, is a very relevant element for 
both analysis and planning phases. It represents a condition that can also be employed in policy-making, for 
example to target areas that appear to be more secluded in terms of human mobility patterns and the use of the 
space at different times in the day. Identifying the most successful combinations of amenities that are contributing 
to the liveliness of a place can also be employed to intervene in other areas with specific policies targeting either 
the typologies of the amenities to locate in the area or the opening hours of activities already existing, in 
combination to other urban elements present in the area. 

All the aforementioned examples about the applications of the metrics into the planning procedure must inevitably 
be evaluated considering the existing context and urban situation of the city, district, neighbourhood where the 
urban development is happening. Most importantly, a critical point to highlight here is that the metrics employed 
are context-sensitive and prone to a certain level of uncertainty. The urban context on which the spatial analysis 
is performed results into the metrics being specific to that context: they cannot be applied lightly to other urban 
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situations, or generalised into overall standards. The approach and the methodology can be adapted and applied 
to other case studies and data sets, contributing to comparative analyses of the same spatial phenomena occurring 
in other cities.  

One of the limitations of this study is related to the data sets employed in the analysis, in particular concerning 
the accuracy and the availability of the amenity location data obtained from the different sources. Whereas it is 
important to make the data available and open to everyone since it is built thanks to the users' contribution (as it 
is the case of OpenStreetMap), the completeness and the homogeneity of the data collected may lack in quality. 
On the other hand, the accuracy and details of the Ordnance Survey data set employed in this analysis come at the 
expense of the availability and usability of data for everyone. Another limitation is related to the technique used 
in the cluster analysis: the HDBSCAN algorithm labels some of the objects as noise, making necessary to reassign 
some of these objects to the closest cluster. Despite this limitation, this type of cluster algorithm appears to be the 
most suitable for the data sets employed, based on the evaluation of the preliminary results obtained with other 
techniques.  

Conclusion 

This paper illustrated an attempt of establishing the quantitative relationship between the temporal patterns of the 
vitality of a place and the specific combination of amenity typologies present in the same place. This relationship 
is explored using a comparison between the temporal variation of vitality and the spatial distribution of amenity 
typologies in each area. 

The results obtained from the analysis suggest that a quantitative relationship might be established between the 
liveliness and presence of people in a place and the number of activities of that place. Results also suggest that 
certain combinations in the distribution of amenities (a balanced variety of different amenity typologies) appear 
to be associated with specific temporal trends in vitality. This might represent a hint that the former might drive 
or at least encourage the latter. This hint can be further explored in future work both with data analysis and 
empirical research in the urban space.  

The method and results presented in this work also represent an example of the potentialities intrinsic in combining 
new and standard spatial information and techniques into the methods conventionally employed in urban analysis. 
Unveiling how different spatial elements characterising the same place interact and influence each other represents 
a relevant aspect that may inform and support urban planning in many different phases. 

This approach also contributes to two other objectives for urbanism: 

 • integrating different types of data sets, using big and small data together, and attempting at  
 establishing the relationship between different types of urban data pertinent to the same urban  
 context and influencing the same urban phenomena; 

 • showing how new data sources can be successfully integrated with conventional data sources in  
 urban planning and analysis. 
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