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ABSTRACT 
With progressively increased people living in cities, and lately 
the global COVID-19 outbreak, human mobility within cities 
has changed. Coinciding with this change, is the recent uptake 
of the ‘15-Minute City’ idea in urban planning around the world. 
One of the hallmarks of this idea is to create a high quality of 
life within a city via an acceptable travel distance (i.e., 15 
minutes). However, a definitive benchmark for defining a ‘15-
Minute City’ has yet to be agreed upon due to the 
heterogeneous character of urban morphologies worldwide. 
To shed light on this issue, we develop an agent-based model 
named ‘D-FMCities’ utilizing realistic street networks and 
points-of-interest, in this instance the borough of Queens in 
New York City as a test case. Through our modeling we grow 
diverse communities from the bottom up and estimate the size 
of such local communities to delineate 15-minute cities. Our 
findings suggest that the model could be helpful to detect the 
flexibility of defining the extent of a ‘15-minute city’ and 
consequently support uncovering the underlying factors that 
may affect its various definitions and diverse sizes throughout 
the world.  
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1 INTRODUCTION 
‘We can leave our apartment and walk five feet to a restaurant 
to get something to eat, or to go shopping. We have all of our 
arenas and sporting areas and concerts all in one pretty much 
walkable area [1].’ 

The quote above is a monologue from an employee who 
depicts her metropolitan lifestyle in downtown Cleveland, OH, 
from Speck’s [1] book ‘Walkable City’. This seemingly benign 
quote captures well the recent uptake of ‘15-minute city’ - an 
idea that is increasingly being sought after by many cities 
around the world [2-5]. It refers to the idea that city dwellers 
can access most of their daily essentials (e.g., shopping, work, 
education, entertainment) within 15 minutes, commuting from 
their own doorstep either via walking, cycling, or other modes 
of translation (e.g., bus, rail). This 15-minute commuting 
distance forms a flexible local community circle, where the size 
of the circle can vary depending on the mode of transport 
utilized. This idea has been broadly discussed, not only due to 
the increasing densification of cities, which now provide homes 
to over half the world's population but more recently the global 
COVID-19 pandemic which has greatly affected everyone’s day-
to-day life and has significantly restricted individuals’ 
movements, forcing people to stay at home and only go out for 
basic needs [6-7]. As such, questions are now being asked on 
how to integrate most of residents’ basic needs within the idea 
of a 15-minute city and what such local communities would 
look like (e.g.,  [3], [5]).  

However, significant challenges arise when it comes to 
implementing the idea of ‘15-minute city’ as we need to take 
into account the history of urban inequity [8-9], such as social 
polarization [10], spatial mismatch [11] and so on. 
Simultaneously, the challenges vary from one city to another 
and different across countries. For instance, people who live in 
New York City may be able to gain most of their daily needs 
within 15-minute traveling, while people who live in the small 

Permission to make digital or hard copies of all or part of this work for personal 
or classroom use is granted without fee provided that copies are not made or 
distributed for profit or commercial advantage and that copies bear this notice 
and the full citation on the first page. Copyrights for components of this work 
owned by others than ACM must be honored. Abstracting with credit is 
permitted. To copy otherwise, or republish, to post on servers or to redistribute 
to lists, requires prior specific permission and/or a fee. Request permissions 
from Permissions@acm.org. 
GeoSim'21, November 2, 2021, Beijing, China 
© 2021 Association for Computing Machinery. 
ACM ISBN 978-1-4503-9101-6/21/11…$15.00 
https://doi.org/10.1145/3486184.3491080 
 
 
 



GeoSim’21, November 2, 2021, Beijing, China                                                                                                                                        Chen and Crooks 

 

 
 

and mid-sized cities may require more time to get their 
essentials, especially where there is a lack of public 
transportation. So, what is the specific size of a ‘15-minute 
city’? How much does the size vary from diverse traveling 
modes (e.g., walking, cycling, or driving)? How much does the 
size fluctuate between cities or across countries? Does the size 
reach a plateau before 15 minutes of traveling? If it does, does 
that indicate people can obtain their essentials in a shorter 
distance? These questions and others alike are required to be 
investigated empirically in detail. However, the benchmark of 
quantifying a ‘15-minute city’ has not yet come to a consensus. 

To quantitatively estimate the size of a 15-minute city, we 
develop an agent-based model to simulate residents’ random 
movements and their interactions with the built environment 
via street network. To test the model, we use a 4 by 4-𝑘𝑚2 
neighbourhood in Queens, which is located in the easternmost 
part of New York (see Figure 1). According to NY.gov [12], 
Queens is the largest in the area and the second-most in the 
population of the five boroughs of New York City, known for its 
diverse culture and diversified economy, attracting people 
around the world. It could be interesting to reimagine what the 
local community looks like in this ‘cornucopia’ as a ‘15-minute 
city’ model. We hope this bottom-up approach proposed in this 
study can be helpful to identify the flexibility of defining a ‘15-
minute city’ and thereafter support uncovering the underlying 
factors that may affect its various definitions and diverse sizes 
among cities and across countries. In the remainder of the 
paper, we will give an overview of the idea of a ‘15-minute city’ 
and challenges currently faced for implementing it (Section 2). 
After that, we will discuss the details of the methodology 
proposed to build the spatial environment, as well as the ABM 
developed for quantitatively estimating a ‘15-minute city’ (i.e., 
local community circle), which is referred to as ‘the circle’ in the 
remainder of the paper (Section 3). Section 4 provides the 
results of different empirical scenarios and lastly, we will 
provide a summary and potential future works in Section 5. 

2 BACKGROUND 
The ‘15-Minute City’ as a modern chrono-urbanism was first 
proposed by Moreno [13], with its central theme of offering a 
high quality of life in cities within a short travel distance [5]. 
This idea is partially inspired by the conventional theory of 
urban proximity, which emphasizes on enhancing urban 
vibrancy and has been broadly debated in urban planning and 
sustainable transportation systems (e.g., [14-15]). 
Furthermore, it is inspired by the notion of a walkable city, in 
the sense of making cities healthier and more sustainable via 
walking and reducing on driving [1].  

Coinciding with the advent of the ‘15-minute city’ idea, 
variations have emerged, such as the ‘15-minute walkable 
neighborhoods’, the ‘20-minute city’, or ‘20-minute 
neighborhoods’ [4, 16]. Although these ideas have a subtle 
distinction from each other, they all have the same intention, 

that of towards a more accessible city, an ideal sought by many 
countries recently. For instance, the current Mayor of Paris, 
Anne Hidalgo, advocated the concept of ‘15-minute city’ aiming 
to create a high-quality urban life for residents in her re-
election campaign in 2020 [17]. Within the United States, 
Portland’s Climate Action Plan [18] has highlighted the ‘20-
minute neighborhood’ as its long-term plan to build vibrant 
neighborhoods, where city dwellers can easily reach every 
basic daily essential via walking or bicycling. Similarly, 
Melbourne has included the notion of the ‘20-minute 
neighborhoods’ in its long-term plan [19] with the aim to 
develop Melbourne towards a more sustainable, productive, 
and livable city. Last but not the least, the Land Transport 
Authority of Singapore proposed the Master Plan 2040 [20] 
with the vision to grow ‘20-minute towns’ and a ‘45-minute 
city’ to strengthen the social cohesion of its society. 

The limitations of the existing urban structures, urban 
inequity and social inequality in different cities (i.e., the urban 
morphology) have been exposed during the current COVID-19 
pandemic which has had a tremendous impact on public health, 
the economy and urban vibrancy (e.g., [21-22]). These impacts 
have renewed calls for ideas of  ‘15-minute city’ and others 
alike to be considered in many countries’ with respect to post-
COVID urban recovery and future urban planning [3, 5]. An 
example is the newly released C40 Mayors’ agenda [23] for a 
green and just recovery, which is a worldwide coalition focused 
on climate change and sustainability. The agenda explicitly 
points out that one of its goals is creating ‘15-minute cities’ to 
guarantee liveable local communities.   

However, reaching this goal will be a challenge for cities 
around the world. Pozoukidou and Chatziyiannaki [3] discuss 
the key characteristics of a ‘15-minute city’ from the 
perspectives of physical planning (e.g., accessibility, 
walkability, density, land use mix, and design diversity), the 
critical design principles (e.g., creating urban environments 
based on functions of residence, work, leisure & circulation, 
and shaping urban forms), as well as the perception of 
inclusiveness and egalitarianism (e.g., even access to public 
services, facilities, and opportunities, social communication, 
sense of belonging). These features are closely linked and 
interact with each other, and none alone is sufficient. As such, 
adapting or fitting the idea of ‘15-minute city’ in different 
communities, cities and/or countries with distinct urban 
environments, transportation infrastructures or social-spatial 
segregation is challenging. Additionally, the definition of the 
idea itself yet has too much variation, depending on explicit 
travelling modes utilized [24]. With this being said, the 
motivation of this paper is to propose a methodology that can 
capture these variations by simulating human movement on 
existing street networks.  
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Figure 1: Map of the study area, Queens, New York. (Note: the left street map corresponds to the red rectangle shown on the 
google map on the bottom right).  

 
To address the motivation, we use agent-based modeling 
(ABM) as it allows us to capture the interactions among 
individuals and the built environment at the micro level. ABM 
has been broadly applied to diverse scientific fields ranging 
from public health, risk management, climate change, 
transportation to urban planning [25]. Its broad uptake relates 
to its ability to capture heterogeneous individuals (agents), and 
through simulation, its ability to discover and understand 
(dynamic) interactions of actors over space and time. 
Specifically, it allows agents to exist in a spatial environment, 
enabling researchers to hypothesize, explore or experiment 
with different rules or theories and see what might happen 
[25]. Additionally, the strength of ABM is further enhanced 
when being integrated with geographical information systems 
(GIS), which makes interpreting actual spatial patterns and 
processes across a wide range of social, natural, and human-
environment systems become feasible [25-28]. In this study, 
we develop an agent-based model coupled with GIS to address 
the motivation aforementioned. The model is named as ‘D-
FMCities’, which refers to ‘Delineating 15-Minute Cities’, and 
what follows is a detailed description of the model. 

3 METHODOLOGY 
Cities are comprised of individuals, it is through their daily 
interactions with each other and their environment which 
shape the city [25]. However, capturing individual movement 
patterns within cities is still a challenge. In the last two decades, 
uncovering human mobility and identifying the underlying 
patterns has drawn a lot of attention from researchers in 

different disciplines, especially with the advent of new 
emerging technologies such as GPS, location-based services 
(LBS) (e.g., [29-32]). Such technologies have shown that streets 
play an important role in shaping the form and comfort of 
urban communities [33] by providing networks that closely 
connect different kinds of dynamic human actions. As such, 
understanding how people go about their everyday activities 
on street networks is helpful for revealing urban morphologies, 
which is crucial for estimating the size of a ‘15-minute city’ 
aforementioned. Within this section, we begin by introducing 
the environment implemented in the (Section 3.2) and finally 
in Section 3.3 we show how the agents, and the environment 
can be combined to make the D-FMCities model. 

3.1  The Spatial Environment 
With the proliferation of emerging big data techniques, Web 2.0 
techniques as well as crowdsourcing [34-35], a wealth of 
spatial data is progressively becoming available to study cities 
[25]. These data resources provide the backbone for 
constructing a realistic spatial environment within agent-based 
models. In the D-FMCities model proposed here, the spatial 
environment is a simplified representation of a street network 
with associated point-of-interests (POIs). Specifically, a 4 by 4-
𝑘𝑚2  neighborhood in Queens, New York (see Figure 1). To 
build the spatial environment, we utilized the street networks 
from OpenStreetMap by using the OSMnx package [36]. The 
obtained street networks were further simplified by only 
keeping primary roads and road links, where paths, such as 
footways, steps, and other unclassified road networks are 
removed (see Table 1 & Figure 2. (a)).  
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Besides the road network, we also selected POIs to calculate 
diversity within the area while excluding other things such as 
environmental conditions (e.g., safety, appearance) for the sake 
of parsimony. We use the term diversity here as an indicator of 
the attractiveness of an area (which we will discuss more in 
Section 3.3). To integrate the diversity of POIs with the existing 
street networks, we first collected all POIs within the study 
area from OpenStreetMap, and further classified the gathered 
POIs into 9 categories (see Table 2). As the POIs were points, it 
is challenging to link each point to street lines. To address this 
issue, we created a 30m buffer around each point, which was 
chosen to roughly approximately to the average width of a New 
York street. The buffer links the point to the corresponding 
street segment that intersected with it (see Figure 2 (d)). Once 
each POI was connected to the corresponding street segment, a 
Shannon’s diversity index [37] as shown in equation (1), was 
applied to measure the diversity of POIs. 

 
                                           𝐻 =  − ∑ 𝑝𝑖𝑙𝑛𝑝𝑖

𝑆
𝑖=1  (1) 

 
where 𝑆  indicates to the number of species (i.e., the types of 
POIs in this case) and 𝑝𝑖 refers to the proportion of POIs that 
belong to type 𝑖. At the same time the diversity is normalized 
based on the Min-Max normalization. Figure 2 represents the 
street networks with the attribute of the normalized diversity 
of POIs, which is utilized as the base map in the subsequent 
model development.  
 
Table 1: Description of road networks. Information is 
collected from map features of OpenStreetMap [38].  
 

Highway Description 

Primary 
The next most important roads in a country’s 
system (often link larger towns). 

Primary link The link roads leading to/from a primary road 
from/to a primary road or lower-class highway. 

Second 
The next most important roads in a country’s 
system (often link towns). 

Second link The link roads leading to/from a secondary road 
from/to a secondary road or lower-class highway. 

Tertiary 
The next most important roads in a country’s 
system (often link smaller towns and villages). 

Tertiary link The link road leading to/from a tertiary road 
from/to a tertiary road or lower-class highway. 

Residential 
Roads which serve as an access to housing, without 
the function of connecting settlements. Often lined 
with housing. 

Service 
For access roads to, or within an industrial estate, 
camp site, business part, car park, alleys, etc. 

 
 
 

Table 2: Frequency of different categories of POIs.  
 

POI Count 

Education 7 
Financial 7 

Public Service 43 
Entertainment, Art & Culture 7 

General store 13 
Sustenance 60 

Facility 20 
Healthcare & Beauty 9 

Transportation 28 

 

 

Figure 2. Overview of the street networks. (a) The 
simplified street network; (b) The spatial distribution of 
POIs; (c) The spatial intersections between 30m buffers 
around each POIs and street network; (d) The street 
network with normalized diversity of POIs. 

3.2  Agents 
Within the model, agents represent individuals, each agent has 
its own cognitive map, which evolves over time. While the 
phrase ‘cognitive map’, first appeared in the late 1940s [39], it 
has been broadly applied in behavioral geography (e.g., [40-
42]) and has played an important role in understanding human 
(travel) behaviors. From the perspective of human reasoning 
within our agents, we define the ‘cognitive maps’ as the 
representation of space perceived by our agents while 
interacting with their spatial environments through various 
dynamic actions (i.e., walking). The agents, which are called 
‘persons’ in the model represent residents who live within the 
study area. In this version of the model, the agents only have 
three specific attributes, namely target, memory, and energy. 
While more complicated human movement behavior could be 
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implemented (e.g., [43]), in this model agents solely perform 
random walks which have been shown to be effective for 
exploring urban environments [44].  

The random walks involve an iterative sequence of steps 
from the starting node to any other nodes on the street 
network. More precisely, when an agent starts randomly 
walking on the street network, it needs to determine where 
(i.e., the target) to walk at each time step. The assumption is 
that a person is more likely to walk towards streets with a more 
diverse land-use mix (which is one of ways to define the 
attractiveness as mentioned in Section 3.1).  At every time step, 
the agent stores the visited streets into their memory (hence 
building a cognitive map), which is used in the decision-making 
step during the simulation (see Section 3.3.). The energy 
attribute indicates a person’s enthusiasm to keep randomly 
walking (default value is set to 50 units at the initialization of 
the model). The more energy a person has, the more 
enthusiastic the person is willing to keep walking. This is 
analogous to the notion that people are willing to walk shorter 
distances for certain activities (e.g., shopping) rather than 
longer ones which is in line with the idea of a ‘15-minute city’.  
Although a random walk could be considered as a simple 
mechanism of human mobility navigation, we argue that it 
effectively reveals the basic informed movements at the micro-
level especially in instances when individuals are first 
exploring a new area. Furthermore, this approach also sets the 
stage for the development of more in-depth cognitive maps for 
human behaviors and movement decisions (e.g., [42, 45]) in 
future research. 

3.3  The D-FMCities Model 
While the above sections have discussed the environment and 
agents in general, here we provide a description of how they 
are linked together to build the model.  The spatial 
environment (i.e., the simplified street networks with 
normalized diversity value of POIs) as described in Section 3.1 
is implemented in the model with a spatial resolution of 16- by 
16m, which is comparable to an average distance that a person 
can walk in 10s (assuming the walking speed of a person is 1.6 
m/s). The default number of agents is 100. In addition, there 
are two controllers (which record model outputs) in the model, 
one which we call ‘Flag’, which records the geographical start 
point of the random walks of all agents; and the other is called 
‘Circle’ which estimates and draws the local community circle 
(‘the circle’) during the walking time. Figure 3 gives an 
overview of the model structure. 

At model initialization, the controller - Flag - is placed at the 
geographical center of the study area. It is necessary to point 
out that although the default start point is set at the 
geographical center of the existing environment, however, it 
could be adjusted to any other place within the environment, 
such as community centers, schools, and so on, depending on 
the specific research focus. Once the start point is determined, 
the agents (i.e., persons) are then placed at that point. When the 

simulation begins, the agents start randomly walking along the 
streets. At each time step (i.e., 10s), each agent needs to 
determine where to go according to a decision tree designed in 
the model as shown in Figure 5. Generally speaking, an agent 
chooses to walk on streets with a high diversity of POIs (i.e., the 
target) in front of itself and walk to the target and stores the 
street to its memory; otherwise, the agent chooses a random 
direction and repeats the previous step until it finds a target 
that satisfies its wanting for high diversity. Every time the agent 
moves, it either gains or loses a certain amount of energy, 
depending on the diversity of the POIs of the street visited. If a 
visited street has no POIs, the agent loses a certain amount of 
energy. This is based on the assumption that a street with a low 
diversity of POIs may be less attractive to people. Conversely, if 
a visited street has a large number of POIs, the agent gains a 
certain amount of energy, where the amount varies with the 
diversity indicator (Section 3.2). So, the higher the diversity is, 
the more energy the agent gains. The hypothesis here is that a 
street with a high diversity of POIs is more likely to arouse 
people’s enthusiasm for walking as they can do more things 
there (e.g., shopping, recreation). Once an agent runs out of its 
energy, it dies (i.e., is removed from the environment), which 
indicates the agent has gotten bored or tired and intends to go 
back home. In such cases, a new agent is created and placed at 
the same start point and the model continues to run. It is 
important to note that the energy value itself is user-settable 
within the model. The larger the energy value, the longer an 
agent walks on the street or vice versa.  

 

 

Figure 3. Overview of the D-FMCities model structure.  

Simultaneously, the model computes the real-time walking 
distance as the radius of the local community circle. There are 
two embedded methods to measure the walking distance. The 
first approach estimates the walking distance as the average 
distance of all people on the streets (see Figure 4(a)). However, 
this approach may potentially inflate walking distances due to 
some agents walking more than others (i.e., outliers) (see 
Figure 4(b)). As such, we implement another method to 
circumvent the potential impact.  Specifically, the second 
method calculates the real-time radius based on the distance 
between the start point and the agent within the model with 
the highest population density around itself (which is set to 



GeoSim’21, November 2, 2021, Beijing, China                                                                                                                                        Chen and Crooks 

 

 
 

50m in this paper, but it could be changed if desired in future 
research) (see Figure 4(b)). In the results that follow we report 
both of these (see Section 4.1). The computed result is 
subsequently transferred to the controller - Circle - for drawing 
the local community circle. 

The model itself is written in Netlogo [46] and to make the 
model comparable, reproducible and expand upon what we 
have written here, all code and data are publicly available. The 
D-FMCities model itself can be found at: 
https://tinyurl.com/15minsCity while a demo of it is available 
at: https://tinyurl.com/Demo15minCity.  

 

 

Figure 4. Examples of two approaches for estimating the 
walking distance. (a) An example shows roughly evenly 
distributed agents. The walking distance is measured by 
averaging distance from the start point to all agents within 
the red circle; (b) An example shows some clustered agents 
and outliers. The walking distance is measured based on 
the distance from the start point to the agent with the 
highest population density around itself.   

 
Figure 5. The decision-making process of agents. 

4 RESULTS 
To understand model properties and verify the model logic, we 
demonstrate two different scenarios in this paper, focusing on 
how population and the spatial distribution of POIs impact the 
walking distance of people. In what follows we only report the 
mean results of several runs. It should be noted the deviation 

between model runs was relatively small (on average the 
standard deviation was 1.27m). 

4.1 Scenario 1 – Different Sizes of the 
Population 
The first scenario focuses on the impact of the population size 
on walking distance. Our rationale for focusing on this is that a 
greater population will cover larger area and represent a more 
diverse set of a city’s inhabitants. In order to explore this, we 
examine six different population sizes ranging from 100 to 
1000 agents. The results of which are presented in Figure 6. 
Specifically, Figure 6 (a) shows the average walking distance of 
agents. As we can see from the figure, the average distance 
increases sharply over time and approaches its maximum 
(~1.75km) at about 27 minutes. Then the average distance 
starts to decrease with a relatively slower rate and reaches a 
plateau (~1.25km) after approximately 45 minutes. The 
average distance is around 1.15km for 15-minutes walks. 
However, the detected distance based on six different 
population sizes is almost the same, which indicates the size of 
the population does not affect the average walking distance. 
One possible reason for this result is that the agents in the 
current model are homogeneous, and they all have the same 
goal - looking for streets with higher diversity of POIs. As such, 
we cannot detect the potential (more nuanced) differences in 
distance that may be caused by a more heterogeneous 
population. Figure 6 (b) represents the distance from the start 
point (as discussed in Section 3.3) to the densest agent – the 
agent with the highest population density around itself within 
50m. Similarly, the size of the population does not show too 
much influence on the distance either. The observed walking 
distance follows a comparable trend to that in Figure 6 (a), but 
with a relatively shorter distance for 15 minutes walks. This 
could give the credit to the exclusion of the ‘outliers’ in the 
distance measurement, which helps reduce the variation. 

4.2 Scenario 2 – Different Spatial Distribution 
of Diversity of POIs 
The second scenario looks at the impact of the spatial 
distribution of POIs on walking distance. This is akin to the 
notion of how the urban morphology impacts human behavior 
(as discussed in Section 2). To test this, we compare two 
different spatial distributions in this scenario. The first being 
the real spatial distribution of POIs (i.e., original situation) and 
the other is a randomly generated spatial distribution of POIs 
(i.e., random situation). Figure 7 (b) gives an overall sense of 
the distribution of normalized diversity of POIs. It is clear to 
observe that the original situation (red color) reveals a skewed 
distribution, where only a small number of streets own a 
relatively high value of diversity. On the other hand, the 
random situation (blue color) presents an equal distribution as 
all values which appeared in the original situation are equally 
distributed based on a uniform distribution.  
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The results of walking distance under two different 
situations are shown in Figure 7 (a). Specifically, what we can 
observe from this is that although the distance follows a similar 
trend over time under different situations, there seems to be a 
delay in the random situation. The observed distance has 
slightly slower increasing and decreasing rates in the random 
situation than that in the original situation before and after 
reaching its maximum. In addition, it takes a longer time for the 
distance to become stable (~ 60 minutes) in the random 
situation than that in the original situation (~ 45 minutes). One 
potential possibility for this could be the spatial distribution 
pattern of the POIs. More specifically, the distribution of POIs 
in the original situation is more dispersed, where streets with 

relatively high values of diversity are far away from the start 
points. As such, the agents keep moving towards streets with 
higher values of POIs. While in the random situation, the spatial 
distribution of POIs is relatively equal, so the agents intend to 
spend more time exploring streets from the start point and 
gradually walk towards streets that have not been visited. 

The major takeaway from these two scenarios is that the 
results do match the model logic as designed. Moreover, the 
expanding rate of distance could be a valuable reflection of the 
distribution of natural environmental conditions, and plateau 
time might potentially work as a threshold for defining a 
walkable community.

Figure 6. Distribution of walking distance over time by different population sizes. (a) The distance is measured based on 
the average distance of all the agents; (b) The distance is measured based on the agent with the densest population around 
itself. 

 
Figure 7. Comparison of walking distance under different situations. (a) The distribution of walking distance over time by 
different spatial distribution of diversity of POIs. (b) The distribution of normalized diversity of POIs; (c) The street 
networks with random diversity of POIs.  
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5 SUMMARY 
In this paper, we propose an ABM integrated with GIS to 
quantitatively estimate the size of a ‘15-minute city’. The 
presented framework utilizes crowdsourced data to instantiate 
a model that captures certain realistic street conditions (i.e., the 
diversity of POIs in this case and the connections between 
them), which assists our agents with simple decision-making 
rules to explore their environment. Although the model is 
simple in current study (as noted in Section 3), it still 
demonstrates the capability to monitor how people walk in 
their environment and has the potential to estimate the size of 
a walkable community based on the specific indicator (i.e., the 
diversity of POIs), which sets the stage for the development of 
more in-depth cognitive maps for human behaviors and 
movement decisions to precisely delineate a ‘15-minute city’ in 
future work (e.g., [42, 45]). 

As with all models, there are always other areas for further 
study.  For example, we know that walking behavior and the 
duration of walking trips are affected by various factors from 
along various dimensions or perspectives (e.g., the physical 
environment, heterogeneous population). Therefore, more 
complex rationalities need to be considered in future model 
development. For example, in the current model we only apply 
one indicator–the diversity of POIs, however, in future work 
more detailed knowledge about the built environment and 
transport infrastructure at a more granular scale could be used 
for constructing more reliable natural conditions. One such  
source for this could be street view imagery (e.g., Google Street 
View or Mapillary), as it provides high spatial resolution 
streetscapes [47-48]. It could also be interesting to explore how 
movement is impacted when people walk in groups, such as 
with friends and families [49] because in our current model, 
movement is based on the individual  while in the real situation 
this might be different. From this point of view, one of 
subsequent piece of work could focus on understanding social 
interactions amongst individuals by using new emerging big 
data techniques [50] and adding social networks to the model 
which might therefore impact peoples movement. Real world 
mobility data could also be beneficial for the model validation 
[25]. Furthermore, people’s walking behaviors could be more 
distinct from each other depending on the demographic 
characteristics, socio-economic status, heterogeneous 
motivations and expectations, etc. Enriching agents’ features in 
the model could be another direction for model improvement. 
For example, use the population synthesis techniques to 
disaggregate agents [51-52]. Another direction would be 
scaling the model to larger areas with more agents. [53]. As 
such, efficiency and computing power may be another critical 
point to keep in mind when extending the model presented 
here to different locations. 

Nonetheless, the D-FMCities model introduced in this paper 
provides a basis for quantifying the idea of a ‘15-minute city’. 
As Gehl [54] has emphasized the concept of human-centered 
cities and others like it envisions a high quality of life blueprint 

to build accessible, liveable, healthy, and sustainable 
communities at the human scale. We hope the D-FMCities 
model, when fully developed, could be helpful to take a small 
step towards this larger research agenda. 
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