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ABSTRACT 
Today cities are the main humankind settlement relying on 
intricate systems. The technological growth in the context 
of urban produces a vast amount of data. Analyzing and 
visualizing this data have provided insights into this 
complex environment. However, these mere approaches are 
inert and, due to technical constraints, hard to be integrated 
into urban planning. 
. Consequently, we adopt a research hypothesis in which 
the adaptability and complexity of urban systems can be 
replicated, or partially replicated, by the machine-learning 
algorithms. 
The current study aims to define a process for evaluating 
the capabilities for analyzing and predicting urban data with 
machine-learning (ML) algorithms. This process starts with 
constructing a data structure for inputting into the ML 
algorithm. Following this, different tests are applied to 
identify valid combinations of data and models that allow 
understanding of urban patterns. The bicycle-sharing 
system is used as a case study. The process ends discussing 
the options to replicate the experiment in different urban 
areas as well as to adapt it to different problems.  
Different datasets from different cities have been explored 
and considered for this experiment. Across many cities' 
open dataset platforms, the NYD platform offered the most 
reliable data. From the sub-systems of the city, the mobility 
network was selected as a case study for exploration. More 
specifically, data on shared-bicycle mobility and use were 
selected as a result of its exciting raise as travel choices 
reported by New York City’s department of transportation. 
The urban data analysis and prediction process of this 
research paper identifies the neighborhood as the unit of the 
model. Additionally, to illustrate and analyze the 
relationship between the selected mobility sub-system and 
other urban systems, contextual indicators such as land use 
indexes were added in the modeling process. 
Despite the prediction modeling machine for the bike-
sharing system coming out of this study, the main 
achievement is the introduction of a collection of analysis 
and prediction processes for urban data beyond mobility. 
For further advancement, implementing this approach in a 
different urban system and context is crucial. By this 
means, the replicability of the process could be evaluated 
and tested.  
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1 INTRODUCTION 
Advancements of Information and Communication 
technologies have changed the availability of data in an 
urban environment. Mobile networks, Internet of Things, 
and many other technologies are providing vast amounts of 
data surrounding the cities that could be analyzed besides 
their primary service, [1]. The accumulation of data reveals 
a novel perspective for the urban complexity through a new 
digital layer in addition to the physical one. One of the 
significant features of big data is the capacity to analyze the 
urban environment in a dynamic way through the accurate 
cartography of continuously changing flows [2]. However, 
despite these advancements, the processes of urban analysis 
and planning still follow the traditional model of 
approximate data and static cartographies [3].  

Planning has been applied in contexts of limited amounts of 
data while relying on the analysis of the current situation 
and a series of future assumptions. The limited data led to 
an understanding of the cities constrained to human brain 
capacity and speed. However, nowadays, the available data 
in urban areas are significantly large and out of human 
capability to be handled. For this reason, the necessity of 
building a set of tools to organize and understand such a 
vast amount of information is crucial [4]. New tools for 
analysis as well as prediction-based planning are needed to 
understand and define the interconnections more accurately 
within urban environments and cities. 

This research aims to discuss and evaluate the role of 
machine learning (ML) algorithms in the analysis and 
prediction of urban issues. In the context of massive 
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datasets available, this paper looks for an evaluation of ML 
capabilities oriented to urban planners that focuses on the 
opportunities of analysis as well as the technical advantages 
of the method. The contributions are a general methodology 
as well as a technical discussion of the analysis of mobility 
conditions in the city of New York. Although technological 
advancements of capturing and processing data can 
potentially capture more dimensions of the complex and 
dynamic nature of urban development. These advancements 
still lack accessibility and connections with real-case 
scenarios that validate the advances of recent years [5]. 
Urban scholars, along with other experts and professionals, 
just start to operate this new gear to get a better 
understanding and prediction capabilities for the urban 
environment. 

2 BACKGROUND 
In recent years the application of machine learning in the 
field of urban planning has increased exponentially [6]. 
Some of the urban issues that are being addressed by this 
method are mobility, air quality, food supplement, energy, 
and resources. The evolution of that research shows a 
promising outcome and a bright future for ML application 
in this scope [7]. The ML algorithms that are mainly 
applied in contemporary research are artificial neural 
networks (ANN), support vector machines, decision trees, 
neuro-fuzzy, and deep learning. These algorithms are 
usually applied for classification of information and the 
creation of predictive models [8]. The reviewed papers 
present applications of ML algorithms to understand issues 
commonly faced by cities and support for the discussion on 
the role of these algorithms in urban analysis.  

Papadopoulos, for instance, introduces a machine learning 
approach for both modeling and proposing new policies for 
energy consumption in the city. In this research, the k-
means algorithm was utilized to cluster the consumers 
based on EUI (energy use intensity). Additionally, a 
regression model has been applied to estimate the reduction 
of energy usage after implementing new policies. The 
author eventually redefines a new model for energy grading 
the buildings, which can be flexible and deployable for 
different contexts. This model is a clustering approach 
based on the gradient tree-boosting algorithm. [9]. 

In another study, Shafizadeh-Moghadam used a synthesis 
approach by building a LULC (land use and land cover) 
model with various algorithms to simulate urban growth. 
For this modeling SVG (support vector regression), ANN 
(Artificial neural network), RF (Random forest), CART 
(classification and regression trees),LR(Logistic 
regression), MARS (multivariate adaptive regression 
splines) was integrated. Eventually, by taking into 
consideration the neighborhood status, a bottom-up CA 
(Cellular automaton) algorithm is applied to filter the 
results of the previous mentioned six algorithms. [10].  

In the public health framework, Wang explores the 
resident's mental health by the perception of neighborhood 

safety through the street view image analysis. In this 
research, a set of images have been selected to train a 
convolutional neural network algorithm to classify the 
objects seen in the images. The participants from the 
neighborhood, then, score each image. Later, an RF model 
was used to classify a different set of images based on the 
detected objects and the residents' scores [11].  

Although energy and health are the fields that got most of 
the scholar's attention, the research on applications of these 
approaches in the field of mobility has increased in recent 
years. ities’ reports  focused on this subject also increased, 
mainly targeting urban traffic, network optimization, 
prediction model, and public transportation. Pan introduces 
a differential evolution back propagation neural network 
model for general traffic trend prediction [12]. Moreover, 
Badii, Nesi and Paoli built a prediction model for parking 
slots. They used Bayesian regularized ANN as well as 
SVR, ARIMA (Autoregressive integrated moving average), 
RNN (Recurrent neural network) algorithms in this study. 
The traffic prediction research is one of the prevailing 
norms in the scope of ML [13].  

Furthermore, the selection of mobility type is one of the 
vital components of the current research. The bike-sharing 
system, as one of these types, starts to appear in numerous 
research recently. The scholars of numerous emerging 
research argue that the bicycle could form a sustainable 
future for addressing current mobility issues. Additionally, 
the growth of these services in many cities around the world 
resulted in resource savings of the mobility network [14]. 
While it has been much investment to optimize this system 
through urban data analytics, machine learning plays an 
essential role in this analysis.  

One of the main problems, for instance, in the deck base 
system, is managing the demand of bikes to facilitate the 
service for residents. Gao and Lee tried to address this issue 
by developing a model to predict the future demands for 
each station. They combined an FCM (Fuzzy C-means) 
algorithm and a genetic algorithm with building an 
unsupervised classifier to pre-classify the data. This process 
is followed by an NN (neural network) to make the 
prediction model. In their model, variables of the seasons, 
day of the week and hour of the day were considered due to 
people’s different lifestyles depending on time [15].  

The other issue that raised the attention of the scholars is a 
comparison of this system with other available 
transportation means, in order to expand the service more 
efficiently. In a study, Zhou, Wang and Li compared the 
bike-sharing system and taxi in the context of Chicago. As 
a result, they developed a model for the estimation of travel 
choice tendency between the bike-sharing system and taxi. 
For building this model, they investigate various algorithms 
such as SGD (stochastic gradient descent), KNN (k-nearest 
neighbors), SVM (support vector machine), GNB (Gaussian 
naive Bayes), and DT (decision tree) [16].  
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Some research tries to analyse the system by considering 
the context and other interference variables. Gao and Lee 
studied the character of the land use of San Francisco with 
its sharing bike system. In this research, they have 
integrated a deep learning approach for zone clustering. 
They experimented with a range of two to ten hidden layers 
with different activation levels, to find the best fit for the 
data model. It is worth to mention that the traffic analysis 
zones applied for this study included the physical 
boundaries such as railway, roads, and rivers.  

To summarize, Machine learning applications have grown 
in recent years as a new paradigm for the new challenges in 
urban studies. The availability of the data and accessibility 
of the computational tools have enhanced this growth. The 
topic where scholars had most of their attention to was 
energy, health, and mobility. The studies of transportation 
have raised during the last years, mostly because of the 
increase of data available in this scope. The bike-sharing 
system, as one of the components of this framework, 
showed a promising future to the urban mobility system. 
Although this system could address the future issues of 
transportation, it presents certain limitations in relation to 
processing complex types of data. The use of machine-
learning algorithms not only showed promising results in 
understanding mobility issues but also framed mobility as a 
representative use case when it comes to urban analysis. 
Out of the extensive literature and based on the best of 
authors knowledge, this section only includes those with 
stronger links to urban design according to the scope of the 
paper. Moreover, state of the art research on urban issues 
grouped methods into clustering and prediction approaches. 
The general trend for ML algorithms in clustering studies 
are K-means, Ant colony, KNN, SVM  while for the 
prediction investigation are ANN, RNN, Random forest, 
GCNN. 

3 METHODOLOGY 
The current research initiates with a process of vast data 
collection. In this stage, choosing a valid and reliable 
source is crucial. The availability of data is a key aspect, 
which is why the open data platforms became the initial 
data source for this research.  

Open data platforms are the result of efforts to open up city 
data and make them accessible. In most of the cases, 
governments or municipalities support and maintain these 
platforms. For this reason, they are vigorous and concrete 
sources of clean and regularly updated data sets.  

Urban data can be additionally obtained through the API 
(Application programming interface) of specific mobile 
applications or social media. The data from these sources 
are not unified, and usually require to be preprocessed for 
cleaning and verification [17]. 

In this research, geospatial data was the main interest, 
which applied as a filter to narrow down the field to reach 
the required dataset. Due to its impact on urban systems, 

and as one of the spotted subjects for machine learning 
application [18], the transportation framework has been 
chosen for this case study. This type of data is fundamental 
in the urban study because they relate an attribute to the 
physicality of the city [19].  

By studying the available data, the questions, which can be 
addressed by this method has been reviewed. This step is 
crucial for defining the reset of the research since the 
objectives will formed around this query. 

After selecting the dataset, processing data is applied by 
exploring and validating the information through data 
visualization combined with statistical analysis. The next 
step after validation is merging transport and other urban 
data sets (i.e. land use, GDP) to feed a machine learning 
algorithm.  

The unit of study chosen for correlating the geospatial 
datasets together was the neighborhood boundary. Thereby, 
every geospatial data has to have the indicator of the 
neighborhood in its attribute table. In this way, the 
geolocation of each dataset intersects with the boundary of 
each neighborhood while in the geospatial data with 
dynamic attributes, the static part requires filtering out for 
unitizing. Furthermore, the static part can join back to the 
original dataset. An example of this is the data of the 
weather forecast sensor systems in the city. The attribute 
table of this dataset contains the location, reading time, 
temperature, humidity, and the level of the pollution. The 
static part of this dataset is the location of each sensor, 
while the rest data are continuously altering. 

The current research considers the geographic position for 
clustering since this helps to make a bridge for assigning 
the other geospatial data to the dataset. For this objective, 
two approaches have been explored (Fig 1). The first 
method is an unsupervised clustering with k-means, which 
works with the distance matrix of the positions. This 
approach has been opt because of extensive implications by 
other scholars in the same scope [20]. The other approach is 
based on using existing polygons such as traffic analysis 
zones, neighborhood and postal code zones to cluster the 
data.  

To make the data understandable for the algorithm, a set of 
preprocessing has been achieved. This process consists of 
functions that translate the data in different forms. The data 
types are usually text (string), real numbers (float), 
conditional (Boolean), and natural numbers (integer). In 
comparison to this, the neural network requires numbers 
between zero and one to perform efficiently. To prepare the 
data for the algorithm, the text data is transformed into a set 
of integers. For the float data that are not in the range of 
zero and one, by comparing the number with the minimum 
and maximum, they can be mapped between the required 
bounds. Integer data also need to be remapped to fit the 
criteria of the network. The same process that transforms 
the float data is applicable for this case as well. In the 
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current research. two approaches (i.e., a node per data and 
separated binary data for granular data) have been tested 
and compared despite the impact in computing 
performance[21]. 

 
Figure 1. The clustering methods 

The ANN variable and functions that have to be assigned 
for this research are the sampling ratio, network 
architecture, activation function of each layer, optimizer 
and epochs.  Since the efficiency of this algorithm is out of 
the scope of this research, for most of these variables a 
generic choice recommended by other scholars with similar 
data type has been obtained [13]. However, in the case of 
activation function and while experimenting with gradient 
and binary nodes, different functions were implemented 
[22].  

4 CASE STUDY 
To examine the described methodology, a case study has 
been designed considering not only available geospatial 
open data of various urban systems but also the contextual 
information needed to minimize the impact of not having 
primary data. New York City has been selected as the case 
study due to its increased urban (and mobility) complexity 
as well as due to the availability of reliable mobility data 
that could be obtained to feed the developed system. By 
studying the mobility network in this municipality and 
through the detailed analysis of transportation department's 
reports, we can observe that the Number of travels with 
sharing bikes has increased in the past five years [23].   

Although the bicycle is considered to be the future of urban 
transportation due to its small carbon footprint [25], the 
national household travel survey report in 2017, showcases 
that more than 80% of the trips in the United States were 
driven, and only 7% of them were provided by public 
transportation [26]. In the case of New York City, Faghih-
Imani et al. found out that the bike-sharing system is even 

faster than the taxi during the weekdays [27]. Despite this 
result, the public usage of bike-sharing systems is lower 
than any other mobility choices. In the first stage of this 
research, the dataset of the New York bike-sharing for 2019 
is downloaded from the open data provider web site [28]. 

As shown in the table 1, the provided dataset contains 
individual trips that can be divided into time, station, and 
user profile. Time data consists of duration, start time, and 
stop time. Station data contains id, name latitude, longitude 
for starting and ending station. On the user side, the id of 
the token bike, the user profile, birth year, and gender has 
been specified.  

In the next step, summary statistics for trip duration and 
starting time are calculated (i.e., mean, variance, and 
median). This analysis is repeated for the age of the users 
while in the next step, a set of visualizations are developed 
in order to further explore the stations’ data. In this stage, 
the stations' locations are added to the map, and the density 
of them is visualized. Through this visualization, the 
stations, which are not part of the service provider are 
removed. A heat map visualization depicts the trend of 
starting and ending stations (Fig 2). The Thousand most 
popular trips through the dataset are visualized and the 
result is overlapped with the current bike network roads 
(Fig 6). 

 
Figure 2. Density heat map of bike trips 

Moreover, an analysis on the specio-temporal visualization 
of journeys dataset with intersection with the landuse and 
other terms of transportation (i.e. bus station, metro station) 
has been done to indicate any posible relation. 

 

Table 1. The provided dataset by the bike sharing company 

 
tripduration 

starttime stoptime 
start 
station 
id 

start 
station 
name 

start 
station 
latitude 

start 
station 
longitude 

end 
station 
id 

end 
station 
name 

end 
station 
latitude 

end 
station 
longitude 

bikeid usertype birth 
year gender 

2287 02:45.3 40:52.9 334 W 20 St 
& 7 Ave 40.74239 -73.9973 3086 Graham 

Ave 40.71514 -73.9445 20310 Subscriber 1976 0 
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The next phase is dedicated to experimentation with the 
machine-learning algorithm. Since ML algorithm input has 
to be a number, the text data are transformed into numerical 
values. This process is followed by the application of time 
and boundary units to the dataset. Consequently, sets of 
secondary data, which had been calculated from the initial 
dataset, are added to the latter one. Secondary data include 
the number of the weekday (0-6), the hours of the day (0-
23), the duration boundary (0-2), the cluster ID of the 
starting station, and the cluster ID of the ending station . 
The start time of the trip, which includes the date that trip 
occurred, is used for extracting the weekday variables that 
are used in the dataset. The days are mapped from Monday 
to Saturday into 0 to 6 while the duration boundary is a 
transformation from quantitative to qualitative indicators. 
For this study the trip duration stacks in three groups of low 
(t > 15 minute), medium (30 minute > t > 15 minute), and 
high (t> 30 minute). Eventually, the values are mapped 
through the numerical values of 0 to 2.  

For clustering the starting stations based on their location, 
two approaches have been applied. The first method is K-
mean  clustering, which works with the distance between 
the stations. The second approach uses the neighborhood 
polygon as a geometrical definition for each cluster. Both 
instance, the k-means clustering cannot consider the 
approaches have their advantages and limitations. For 
physical barriers between stations such as the water body; 
however, it is a reliable unsupervised clustering method if 
the Number of the clusters is optimized. The clustering 
based on the polygon of the neighborhood does not include 
the barrier issue, but this is mostly related to the land and 
not the stations. It can be considered therefore an 
appropriate approach for the mediation and integration of 
other datasets. 

Conversion of numbers to the binary is a technique that is 
used for increasing the number of nodes of the network. 
The critical aspect that should be considered here, is that 
this transformation changes the gradient nodes to the 
boolean, and such alternation in the type of data, might 
affect the activation function required in the application. 

The next step includes the integration of a shallow neural 
network model in order to build a prediction model based 
on the provided data. As it has been discussed, there are 
numerous techniques available for building a prediction 
model. Nevertheless, this research is dedicated to the data 
modeling necessary for the prediction processes but not the 
prediction model itself. 

5 RESULTS 

The outcome of this study can be divided into three 
categories, including statistical analysis, visualization, and 
prediction modelling.  

The figure 3 illustrates the starting time of the trip during 
the summer and winter months. As expected, there are two 

obvious picks, which show the rushing hours at around 
seven in the morning, and five in the evening. The only 
difference between the seasons is the number of travels, 
which in summer are almost twice than wintertime. A sharp 
decline in the evening and over the night trips is observed 
in both seasons, although in summer this drop has smaller 
slop in comparison to the winter months.  

The figure 4 shows the trips number in the summer and 
winter month period. The value is fluctuating based on the 
day of the week and holidays, although this pattern is much 
more recognizable in the winter season, compared to 
summer. 

 

Figure 3. The number of the trips in each hour of the day in a 
summer and winter  

  

Figure 4. The number of trips in each day of month in a summer 
and winter 

 

Figure 5.  The age of the users and the number of the trips that 
they done in a summer and winter month 

 

The figure 5 demonstrates the number of trips performed by 
specific ages. As it appears, most of the riders  in 2019 were 
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in the group age of 20-30 years old. Furthermore, the 
frequent users belong to the group age of 20-30 and 30-40 
years old. 

The figure 1 illustrates the location of the station with two 
clustering systems, with the same amount of clusters, for 
comparison. We can observe the limitations of K-mean 
clustering in this context. Since this is an unsupervised and 
objective method, it cannot distinguish between urban 
spaces in which the bicycle trip can happen and areas in 
which such activity is not possible (e.g., rivers, parks or the 
ocean) 

To this aspect, the neighborhood boundary unit definition, 
although being a subjective approach, solves this limitation. 
The figure 6 depicts that most of the trips happened in 
Manhattan, even though most of its roads do not have a 
dedicated line for a bicycle. 

 

Figure 6. Visualization of first thousand most popular bike travels 

The table 2 summarizes the results for the prediction 
models developed during this research. The major focus of 
all these models is to find a certain parameter(s), which can 
give a forecast for user destination. In this aspect, some of 
the models are built to predict the usage time of the bike 
based on the starting time of the trip and the station that the 
trip started from. Moreover, few models are trained to 
predict whether bike travel will go outside its star cluster or 
will remain in the same one. It should mention that the 
training is performed on a random sample with the 80% 
size of the available data while the validation uses 20%. 

These models can be used to estimate the load of the 
network at a given point, which is helpful for managing the 
system. Furthermore, small modifications can help with 
estimations of the impact of, for instance, a new station into 
the overall network. 

6 CONCLUSION 
In this research, we evaluated the role of ML capabilities 
for analyzing and predicting urban issues. Through the 
exploration of prediction models for NY bike-sharing 
mobility sub-system, we found three main conclusions 
related to urban datasets, machine learning algorithms and 
future replication of the methodology. 

Cities and urban areas have not only generated enormous 
amounts of data but also, an increasing number of cities, 
have made this data available for citizens, urban designers 
and researchers. Having access to such datasets enables 
multiple analysis like the one presented. Additionally, this 
variety of analysis forces experts out of information 
technologies to get involved in advanced analysis 
techniques such as ML.  

This research approximates future applications of ML in 
which urban design can have a relevant role. In the process, 
researchers identified mobility, in particular bicycle sharing 
systems, as one of those interconnected systems in which 
machine learning can successfully improve urban design 
and urban planning activities 

The particular use case involved different combinations of 
ANN according to the types of data inputs. Among the 
results obtained and presented in Table 1, relevant 
prediction rates (above 90%) were obtained. Considered 
these rates as a performance indicator, the research points to 
a promising field of application for ML, out of the current 
developments of computer vision and closer to the needs of 
cities. 

The adopted methodology as well as the discussion after the 
implementation showed two main research directions. First, 
the replication of the experimental setup for a city with a 
similar dataset of a bicycle sharing system, which allows 
contrasting the differences with NYC. Latest work in 
progress has shown positive results in this direction 
recently. The same methodology has been successfully 
tested using the London bicycle trip dataset and confirmed 
the potential of improving the current development.  

Second, an adaptation of the process to a new field of 
analysis (e.g., land use, land price, air pollution, or others). 
Either direction would provide new relevant research 
questions.  

The results serve as an evidence for the advantages of 
interdisciplinary research. Especially the combination of the 
urban designer, serving as a frame for the selected urban 
issues, and the data analysts perspectives. When it comes to 
ML, this approach gains relevance due to the novelty and 
complexity  of  the  tasks   involved.   The  research  team  
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Time 
period Input tag Output prediction 

Training 
time Accuracy 

Neural 
Architecture 

Week Start station K-means Cluster, day of week, hours Duration estimation 4 min 51.65% 3,3,3 

Week Start station K-means Cluster In binary, day of week, hours, duration 
End station K-means Cluster in 
binary 5 min 53.67% 9,5,3,4 

Week Start station K-means Cluster In binary, day of week, hours, duration 
End station K-means Cluster in 
binary 5 min 66.20% 9,5,4 

Week Start station K-means Cluster In binary, day of week, hours 
End station K-means Cluster in 
binary 5 min 53.68% 6,5,4 

Week Start station boundary Cluster In binary ,day of week, hours, 
End station boundary Cluster in 
binary 8 min 61.50% 9,5,7 

Month in or out of boundary, Start station boundary Cluster In binary, day of week, hours, 
End station boundary Cluster in 
binary 12 min 55.43% 7,5,5 

Month Start station boundary Cluster In binary, day of week, hours, residential area, commercial area in or out bool 7 min 44.74% 9,5,2 

Month Start station boundary Cluster In binary, day of week, hours, residential area, commercial area 
End station boundary Cluster in 
binary 7 min 32.56% 9,7,5 

Month 
Start station boundary Cluster In binary, day of week in binary, hours in binary, residential area, 
commercial area in or out of boundary 12 min 60.28% 17,10,2 

Month Start station boundary Cluster In binary, day of week in binary, hours in binary in or out of boundary 12 min 60.47% 15,12,2 

Winter Start station boundary Cluster In binary, day of week in binary, hours in binary,staition_id in binary End station cluster  20 min 93.43% 23,12,8,5 

Summer Start station boundary Cluster In binary, day of week in binary, hours in binary,staition_id in binary End station cluster  20 min 92.66% 23,12,8,5 

Year Start station boundary Cluster In binary, day of week in binary, hours in binary,staition_id in binary End station cluster  45 min 90.21% 23,12,8,5 

Table 2. Predict models experimentation result. 

constantly exchanged ideas and concepts while testing the 
different models. 

Another contribution of this research is the preparation of 
geospatial data for machine learning applications. The 
clustering method has been applied in most of the scholars. 
Nevertheless, casting a binary node from the clustering 
output for the learning algorithm is a novel approach for 
expanding the network while reducing its complexity. 

 The future work coming out of this research lays on the 
clustering method of the bike station. For instance, the ant 
colony approach considering road network and trips from 
each station can correlate station’s mutual attractiveness 
instead of their generic distance. 
Additionally, developments might come from deep learning 
algorithms instead of ANN since this method can observe 
an overall prerogative picture of the entire system. 
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