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Abstract  Transportation management is an essential 
aspect of sustainable city development, as transportation 
networks serve humans in their daily activities. Traffic 
demand is an important input for transportation planning 
considering the population growth and travel activities 
increase, which have produced more traffic congestion 
throughout the years. Normally, traffic congestions are not 
uniformly distributed across the city, but rather are 
concentrated in particular locations. These locations are 
known as hotspots. We developed a framework for 
studying urban spatiotemporal characteristics of human 
mobility behavior within Amman city, where a large 
amount of trajectory data were processed to extract their 
pick-up and drop-off points. The available data, which was 
recorded between May and September 2021, is sorted out 
in an accumulative way to represent the working days of 
the week. Travel demand was illustrated through a 
temporal data representation per day interval as the day 
was divided into three intervals to further understand 
mobility behavior throughout the day. Then, the Kernel 
Density Estimation algorithm (KDE) was applied to derive 
and categorize different significant hotspots that were 
visually represented using GIS Software as appropriate 
spatial clustering tools to produce heatmaps. Finally, the 
correlation between hotspots and their drop-off points was 
analyzed to understand the factors influencing the mobility 
pattern such as day intervals and community structure in 
terms of residential or commercial. The results enable us to 

build several strategies and recommendations for 
transportation planners as well as taxi operators. 

Keywords  Traffic Demand, Hotspot, Taxi, GPS, FCT, 
GIS, Visual Analysis, Kernel Density Estimation 
Algorithm 

1. Introduction
Transportation management is an essential aspect of 

sustainable city development as transportation networks 
serve humans in their daily activities. Modern 
transportation management strategies concentrate on 
managing traffic demand rather than traditional solutions 
of supply-side tactics to solve the congestion problem [1]. 
Traffic demand management refers to the process of 
understanding and analyzing the individual’s mobility as 
an essential component of the overall demand for 
metropolitan traffic to solve recurrent congestion instead of 
expanding the transportation facilities considering the 
population growth and travel activities increase which 
produce more traffic congestion throughout the years [2]. 

Normally, traffic congestions are not uniformly 
distributed across the city, but rather are concentrated in 
particular locations. These locations are known as urban 
hotspots which can be defined as areas with a high 
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frequency of human mobility, intense traffic flow, and 
thriving socio-economic activities [3]. These hotspots 
commonly cause a disturbance to the city network 
affecting overall efficiency. Add to that, road users of 
drivers as well as pedestrians are subjected to inhaling a 
higher level of polluted air produced from vehicle exhaust 
during the traffic congestion in these areas [4]. 

On daily basis, the traffic flow of millions of individuals 
is affected directly by hotspots. Consequently, these 
hotspots act as a traffic congestion center that receives or 
exports a massive amount of traffic which creates a 
significant impact on the surrounding areas. Thus, 
Analyzing traffic flows that intersect with hotspots can 
support the decision of traffic planners and decision 
makers to improve transport planning and asset commuters 
to schedule their trips efficiently [4]. 

Estimates of the total daily trips are the first step in the 
process of building efficient strategies that support traffic 
demand planning. This process should employ sets of 
indicators on a wide roadway network to measure traffic 
flow. Traditional surveys cannot provide enough data for 
traffic status. The data collected traditionally can only 
provide a limited view of actual demand for large cities due 
to time-consuming and high costs [5]. 

Recently and through modern survey techniques, 
collecting tremendous and highly accurate GPS trajectory 
data has become increasingly possible with the rising of 
location-based applications and technologies. 
GPS-equipped vehicles have become more prevalent in 
urban areas for tracking and dispatching purposes. 
Collected data from the cruising vehicle is more accurate, 
accessible, and cost-effective than traditional survey data 
[3]. 

Big trajectory datasets have numerous human positions 
to analyze the traffic demand. The researcher used these 
data to study different traffic situations in several aspects 
like travel behavior and travel patterns. Such data can 
reflect beyond the current situation to predict future trends 
of traffic demand accordingly [6]. 

The method of gathering trajectory data and road 
information from mobile vehicles is called floating car data 
where cars equipped with GPS units of mobile phones act 
as a sensor. The principle of this system is to receive the 
data from a fleet of floating cars touring on a road network 
and a central data system [7]. Floating Car Data (FCD) 
technology is a new and better technique to collect traffic 
information. In contrast to other data collecting sources, no 
additional equipment is needed to be embedded in the road 
network. This method is very efficient as it can 
demonstrate complete coverage of monitored areas in 
real-time at minimal cost and with high-quality data. 
Moreover, the accuracy of the vehicle's location is high 
especially in the case of urban traffic where fleets of taxis 
can generate large data sets utilizing onboard 
communication systems. The 24-hour uninterrupted taxi 
service with a wide range of movement inside the city 

without a fixed route, schedule, and departure or arrival 
stations can represent the spatiotemporal characteristic of 
travelers. Taxis’ pick-up and drop-off events are 
origin-destination (OD) pairs of taxis [8]. Such events 
reflect actual people's travel demands and passengers’ 
mobility patterns. Therefore, pick-up and drop-off event 
analysis has been widely applied to mining urban travel 
hotspots. 

Due to the large data volume produced from floating car 
data technology produced from taxi fleet vehicles and 
implicit spatiotemporal relationships, it's always 
challenging to analyze and process this data. In this study, 
we are using visual analytics techniques to explore this data 
to illustrate semantic patterns in the origin-destination 
locations for ride-hailing passengers. The visual analysis 
relies on the use of graphic facilities, in our study the maps 
and graphs, to represent information utilizing geometrical 
relationships in a form that can be directly perceived. The 
visual analysis involves human activity when examining 
the data. Usually, it’s more effective when you combine 
multiple views of data components into a unified view. As 
the human visual system is very efficient in recognizing 
patterns, data visualization is a powerful method in the 
knowledge extraction process [9]. 

For this purpose and for better means of gathering, 
storing, analyzing, and modeling the massive amount of 
data, Geographic Information Systems (GIS) are used as a 
tool for better visualization of existing data and previously 
conducted analyzes and research. GIS technology 
combines common data processes like inquiry and 
statistical analysis with the special visualization and 
geographic analysis benefits obtained by maps. 

With the existence of GIS applications, we are able to 
execute feasibility and consequences evaluations on 
various transportation solutions based on travel demand 
and the right forecasting models. It’s also used to support 
decision-makers through the evaluation of spatial and other 
traffic data, which necessarily support planning. GIS will 
be very helpful even if it is used as a single tool for 
visualizing processes in any real-time or previously 
conducted research and traffic analysis. It provides a richer 
view with a clearer and simpler view of the spatially 
relevant aggregated data than the classic descriptive or 
tabular presentation. 

Different methods for investigating spatial patterns and 
detecting hotspots are there. A new adapted chord diagram 
to visualize taxi origin-destination (OD) flows at different 
space-time scales is used in revealing population travel 
patterns. This approach differentiated the volume, 
direction, and properties of OD flows at multiple 
spatial-temporal scales using a circular visualization 
package in R (Circular). This experiment of visualization 
of the GPS trajectory data of Beijing taxis showed that the 
proposed technique of visualization was able to 
characterize the spatial-temporal patterns of the OD flows 
at multiple spatiotemporal scales. This method employed 
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the massive taxi trajectory data from complicated actual 
traffic situations to reflect the true spatial-temporal 
characteristics and patterns accurately [10]. 

A framework to study taxi demand based on taxi 
trajectory data using a grid-based method. At first, the area 
of study was divided into a set of grid cells and each cell 
represents a node. Pick-up and drop-off activities were 
recorded for each cell. Then, the taxi trips that start from 
one node to another were regarded as edges. Also, a day 
was divided into 12 intervals by two hours and construct 
networks in each period. Finally, the number of points of 
interest (POI) for each cell was detected with regression 
analysis to construct a relationship between travel intensity 
and the POI intensity [11]. 

A study was made in 2020 to use a novel improved 
Density-based spatial clustering of applications with noise 
algorithm(DBSCAN) to extract hotspots from taxi 
trajectory data in Shenzhen city in China. The basis of the 
proposed algorithm was by combining some of the 
geographic points of interest (POI) to adjust the original 
point’s coordination, which gave a further valid perception 
for trip purposes. The study was performed by measuring 
the cluster separation scores of two algorithms. The 
comparison result showed that the improved algorithm had 
a preferable performance to the original one [12]. 

From other perspectives, there are many applications for 
traffic demand hotspot detection. Using the FCD method to 
get taxi GPS data for improving the result of the taxi stands 
(TS) location problem (TSLP) in urban cities through a 
location strategy of three stages to analyze hotspot and 
location modeling. In the first stage, preprocessed taxi GPS 
data were used to extract the pick-up and drop-off location 
data sets. Then travel hotspots were determined as potential 
areas for taxi stands. Then a taxi stand location model 
(TSLM) was developed. By solving the TSLM model for a 
study conducted in China an optimal construction plan was 
produced that can efficiently support the site decision of TS 
[13]. 

In [14] authors have proposed and provided proof of 
validity for a recommendation system for taxi services. The 
system provided a predictor of future demands, a 
taxi-to-region matching component, and an optimizer for 
taxi routing. A large geographical area was divided into 
several regions to predict the demand based on the 
collected historical data. The result data was modeled by a 
bipartite weighted graph to calculate the total traveled 
distance. Then, by using Dijkstra’s algorithm, the shortest 
paths for each trajectory of the taxi were extracted. The 
proposed system makes important gains in terms of 
efficiency, time, and energy saving for both customers and 
taxis compared to the traditional cases. The proposed 
system offers an effective tool for regular taxi and 
ride-hailing services by utilizing vehicular social networks 
and data sharing. 

In [15] authors proposed a system that can be utilized in 
route prediction to avoid areas with high traffic. It can be 
also used as a recommendation system for empty taxis. 
Moreover, this system can identify empty taxis location for 
passengers. By applying two techniques, clustering, and 
sequential pattern mining, in addition to Google Maps 
program to categorize traffic districts, sequential pattern 
mining is used to detect taxi trip flow. The outcomes from 
the algorithm were visualized per hour and per weekday in 
Porto city. In general, this system can be combined with the 
current traffic programs for guidance applications for taxi 
drivers, passengers, and transportation authorities. 

2. Methodology
This study aims to visually analyze traffic demand and 

detect traffic hotspots in Amman city using taxi trajectory 
data. We propose a visual analysis framework for the 
investigation of the spatiotemporal patterns of taxi flows 
and visual mining of the high-demand location. More 
specifically, we will process large amounts of the trajectory 
data and extract their pick-up and drop-off points at the 
first stage. 

For a better understanding of mobility patterns during 
the day itself, we divided each day into three main intervals 
which are morning intervals from 7:00-1100, afternoon 
intervals 11:00-15:000, and evening intervals from 
15:00-19:00. Then, a temporal data representation using 
Microsoft excel software illustrates the pick-up pattern as 
well as peak hours per day 
Thereafter, we applied the Kernel Density Estimation 
algorithm (KDE) to derive and categorize different 
significant pick-up hotspots during three intervals. 

The kernel tool in ArcGIS software determines the 
density of features in a given neighborhood. In terms of 
concept, a layer with a smooth surface is shaped over each 
point. The surface weight at the exact position of the points 
is the highest and reduced while the distance from the point 
is increasing until it reaches zero at the search radius 
distance from the point. It’s applicable only for a circular 
neighborhood around the point [17]. The value of the 
Population field for each point is represented by the 
volume under the surface, or 1 if none is specified. Then 
the density is measured for each raster cell by adding the 
values of all the kernel surfaces where they overlay the 
raster cell center. 

The trips originating from the pick-up hotspots were 
analyzed as well using the same Kernel tool. In this process, 
the final destinations were obtained to produce a drop-off 
map for trip destinations. The results will be visually 
represented using ArcGis Software as an appropriate 
spatial clustering tool. 

Finally, we analyzed the correlation between the pick-up 
and drop-off hotspot points to understand the nature of the 
existing relationship considering the related day hours. 
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2.1. Study Area 

The study area is the city of Amman, the capital of 
Hashemite Kingdome of Jordan. Amman City locates in 
the central part of the Kingdome and divides into 22 
administrative districts with a population of 4536500 in 
2020. It lies between the latitudes 31◦4500000 and 
32◦0500000 N and longitudes 35◦4400000 and 
36◦1400000 E with a total area of 758.85 km2 [18]. Figure 
1 shows the administrative boundaries of the city of 
Amman [19]. 

2.2. Data Description 

The dataset contains 880,000 trip trajectory data that 
took place within the city of Amman from the period of 
May to September 2021. Each record consists of various 
intrinsic and contextual attributes such as Pickup and 
Drop-off location, latitude and longitude angle based on 
World Geodetic System WGS84 standard, date and time 
for trip start and end. Table 1 presents a sample of the data. 

Figure 1.  Administrative Boundaries of Amman City 

Table 1.  Data Description 

Pick up 
Latitude 

Pick up 
Longitude 

drop-off 
Latitude 

drop-off 
Longitude 

Start date of 
trip 

Start time of 
trip 

End date 
of trip 

End time of 
trip 

31.9977361 35.9378617 31.96086121 35.97127151 5/27/2021 1:29:43 PM 5/27/2021 2:03:35 PM 

31.9978179 35.9392453 31.9605156 35.9639208 5/4/2021 4:18:42 PM 5/4/2021 4:51:41 PM 

31.99795286 35.94016345 31.9691183 35.9507514 5/27/2021 10:39:35 AM 5/27/2021 10:56:35 AM 

31.99798731 35.94102458 32.0031815 35.9369401 5/20/2021 1:53:06 PM 5/20/2021 1:56:54 PM 

31.99801214 35.94102143 32.0009382 35.8848154 5/18/2021 4:02:55 PM 5/18/2021 4:16:11 PM 

31.99804833 35.94099417 32.0009382 35.8848154 5/17/2021 4:00:05 PM 5/17/2021 4:13:30 PM 

31.9980822 35.9392395 31.9910925 35.8682588 5/18/2021 4:55:43 PM 5/18/2021 5:24:23 PM 

31.99817365 35.94033777 31.9858603 35.8981873 5/27/2021 1:20:12 PM 5/27/2021 1:32:06 PM 

31.99818245 35.94098884 31.98682 35.9476353 5/2/2021 4:59:15 PM 5/2/2021 5:07:57 PM 

31.99821825 35.93956786 31.941179 35.8879606 5/24/2021 4:42:45 PM 5/24/2021 5:03:27 PM 
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3. Results
This part demonstrates the result of data analysis and 

provides visual representation with various types of charts 
and maps to discover and gain a deeper understanding of 
the dynamics of the demand distribution during weekdays, 
day hours, and major intervals of the day. In addition, to 
understanding the day's peak times in depth between May 
to September 2021. 

3.1. Temporal Distribution Results 

Passengers normally have different travel intents on 
different days or times of the day. Hence, taxi pick-up 
events are impacted by different day periods or weekdays. 
We study and compare the dynamic changes of urban 
mobility during different intervals of the day and during the 
same time on different days to further explore the time 
patterns of pick-up events. Three intervals are selected to 
represent the temporal distribution of passengers' mobility 
based on our methodology. Four hours were adopted as the 
unit time of interval morning interval from 7:00 to 11:00, 
afternoon interval from 11:00 to 15:00, and evening time 
from 15:00 to 19:00.In addition, one type of day, workdays, 
are applied to reflect the activity pattern. 

The demand fluctuated with time, however, the daily 
distribution follows a similar pattern consistent with the 
regularity of the passenger demand for each working day 
and day intervals. The afternoon interval is higher than the 

morning interval, and there is a significant increase during 
the evening interval hours. Within a week, the lowest and 
the highest accumulative demands were on Sunday and 
Thursday respectively. During weekdays, maximum trips 
can be observed on Thursday whereas, on other days, the 
number of trips was almost similar with no significant 
difference observed. One explanation for the decreased 
traffic during Thursdays could be the close proximity to the 
weekend. The graphical results for day intervals datasets 
compared to each other are provided in Figure 2 for a 
weekday morning, afternoon, and evening intervals. 

3.2. Hotspot Analysis Results 

In this section, the presence of hotspots in the spatial 
dimension was detected. It is important to understand 
which area in the city can attract more people and what the 
spatial distributions of these attractive locations are. Using 
ArcGIS software, a graphical representation of the data is 
presented, applying the Kernel model to display hotspot 
layers where the increase in pick-ups leads to stronger use 
of color. Shades of contrasting red, appear gradually fading 
to yellow, and blue colors are based on the default setting 
of nine classes of natural break classification. It should also 
provide evidence of what areas are highly congested, 
where there is a lack of taxi demand, and if there are any 
patterns throughout the day.  

Figure 2.  Intervals Pick-Up Distribution 
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The various locations identified were classified into two 
categories: residential, and commercial. For instance, 
restaurants, schools, and shopping Malls are classified as 
commercial. The structure of the area community and the 
purpose of travel can help to understand the spatial 
distribution of passenger travel activity. 

3.2.1. Pick-Up Analysis 
The volume of passenger demand fluctuates over time 

and the state of urban hotspots may change dynamically 
between convergence and dispersion. Therefore, it is 
convenient to monitor the dynamics of the urban hotspots 
with the help of spatiotemporal constraints. The 
segregation of data into day intervals will provide a better 
understanding of overall day mobility. Also, the hotspots 
on an interval basis across weekdays would be expected to 
be much similar as the majority of city citizens travel 
between home and work on working days whereas the 
hotspots during weekdays will mostly consist of working 
and residential places. 

Naturally, the trips are more concentrated in central 
urban areas than suburban or urban fringes. Among them, 
the areas of Tabarbour Neighborhood, Prince Hassan 
Suburb, and Al-Tila' Al-Shamali are the largest urban 
hotspots from 7:00 to 11:00. These three residential areas 
have been identified as urban hotspots of the morning 
interval as the accumulated data of the five days presented 
in the map of Figure 3. 

There is a certain spatiotemporal variation of urban 
hotspots over the three intervals along with the change in 
the number of the urban hotspots detected. The greatest 
number of hotspots were identified during afternoon 
intervals from 11:00–15:00 with five hotspots. 

In addition to the aforementioned residential urban 
hotspots, commercial hotspots like Al Abdali, Sweifieh, 
and Shmeisani areas have been formed. During this period 
the customers of main business districts and large shopping 
malls who go out for dining, shopping, and visiting banks 

started to leave, which makes it easier to generate urban 
hotspots within this area. The afternoon interval is 
observed in the middle of the three periods, which makes it 
tends to share the same characteristics of hotspot points 
with the morning and evening intervals. 

During 15:00–19:00 on weekdays, typical hotspots are 
mainly distributed in commercial districts. For example, Al 
Abdali district is a developed area consisting of hotels, 
apartments, offices, commercial outlets, and entertainment. 
Sweifieh area is known for its shopping culture, malls, and 
shopping centers. Therefore, urgent travel demand appears 
near these places. 

Tabarbour Neighborhood and Prince Hassan Suburb 
which appeared in the morning and afternoon intervals as 
pick-up hotspots disappeared later on in the evening 
interval. Note that, the regions in which these points were 
formed are considered residential areas to some extent, 
which explains their appearance in the morning when 
people travel to work. In opposite tendency, the hotspots 
arise in commercial regions, such as Abdali and Sweifieh, 
at evening intervals due to the increased traffic demand 
when the employees return to their homes. This shows that, 
during the same day, passenger travel activities are affected 
by the purpose of travel, showing the same behavioral 
pattern in the same community. This shift will be noticed 
also when we analyze related drop-off points. The morning 
departure points stand as same as arrival points later in the 
day, and the evening departure points stand as same as the 
morning arrival points. For example, during morning hours 
passengers travel mainly from home to office. However, 
during evening hours, passengers travel mainly from office 
to home. 

In summary, the characteristics of the passenger travel 
activity spatial distribution are affected by the purpose of 
travel and the structure of the community, passenger travel 
activities behave in the same way in the same community, 
and there is an interaction between different communities 
at the same time. 

(a) Morning Interval  (b) Afternoon Interval   (c) Evening Interval 

Figure 3.  Pickup Hotspots Map 
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The five detected hotspots produced 73,180 trips out of 
881,000 which was the input of the process. This 
represents 8% of the total records. Al-Tila' Al-Shamali 
District occupied the lead of 18,006 trips which represents 
25% of 73,180 trips, Prince Hassan Suburb and Al Abdali 
area produced 22% each with 16,334 and 16,148 
respectively, Tabarbour Neighborhood with 11,660 trips 
which represent 16%, and in the last point, Sweifieh 
represents 15% with 11,032 trips. 

Comparing the three intervals, Prince Hassan Suburb, 
Tabarbour, and Al-Tila' Al-Shamali have the higher trip 
demands compared to other regions in the morning 
intervals. During the afternoon intervals, there is no 
significant difference between the five regions which 
makes all of them a considerable hot spot. While Al-Tila' 
Al-Shamali, Al Abdali, and Sweifieh marked the higher 
numbers of trips. 
It is important to clarify that the hotspots were identified 
on a relative basis within the individual interval without 
specifying a certain threshold value. For instance, the 
demand in the Prince Hassan Suburb is almost constant 
during the three intervals. However, it was dropped from 
the hotspot list of the evening interval as it had a 
relatively fewer number compared to other locations 

At the same time, it can be seen in table 2 the number of 
trips originated from each area. Al-Tila' Al-Shamali 

District has the largest number of operating taxis all day. 
The comparison of temporal distributions of these hotspots 
shows that it’s the most popular location for taxi trips 
origins activities occur all over the day from early morning 
till late evening. 

3.2.2. Drop-Off Analysis 

The concentration of this section is to analyze the five 
hotspots detected at the earlier stage and identify the final 
destination of trips originating from these hotspots. The 
results reveal the correlation that exists between the 
pick-up and drop-off hotspots, through which an 
origin-destination matrix can be built. 

The distribution of drop-off events for trips started from 
Tabarbour Neighborhood is not uniform over time 
AlAbdali Area, which appeared previously as one of the 
main pick-up hotspots, appeared here again, however, as a 
drop-off hotspot but in the morning interval. Also, 
Tabarbour Neighborhood appeared in the morning interval 
as a destination area for the neighborhood itself since a 
considerable number of drop-off activities occurred within 
region boundaries. 

Figure 3, figure 4, and figure 5 show the spatial-temporal 
patterns of drop-off data at different intervals of the day. 

Table 2.  Hotspot Pick-ups Number per Interval 

Hotspot 7-11 Interval 11-15 Interval 15-19 Interval Total 

Tabarbour Neighborhood 4430 4028 3202 11660 

Prince Hassan Suburb 5552 5554 5228 16334 

Al-Tila' Al-Shamali District 4586 5910 7510 18006 

AlAbdali area 2000 5312 8836 16148 

Sweifieh 670 3666 6696 11032 

Total 17238 24470 31472 73180 
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(a) Tabarbour  (b) Prince Hassan      (c) Al-Tila' Al-Shamali      (d) Al Abdali  (e) Sweifieh 

Figure 4.  Drop-off Hotspots Map- Morning Interval 

(a) Tabarbour  (b) Prince Hassan     (c) Al-Tila' Al-Shamali     (d) Al Abdali    (e) Sweifieh 

Figure 5.  Drop-off Hotspots Map- Afternoon Interval
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(a) Tabarbour  (b) Prince Hassan      (c) Al-Tila' Al-Shamali    (d) Al Abdali     (e) Sweifieh 

Figure 6.  Drop-off Hotspots Map- Evening Interval 
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Several drop-off hotspots appeared in Prince Hassan 
Suburbmap, though, Al Abdali area is the most common 
one among others during the whole day. Also, it can be 
seen in the morning interval that Shmeisani (5th circle) 
formed as a new hotspot that did not appear earlier. Al-Tila' 
Al-Shamali District is considered one of the regions that 
produced drop-off hotspots with a total of six points. 
Moreover, two new points appeared for the first time at the 
evening interval. The first one is Sweileh toward Queen 
Rania Street in the Sweileh area. The second Umm 
Al-Summaq is near Mecca Mall and City Mall in Tla' 
Al-Ali area.In addition to the fact that Al Abdali Area was 
one of the most attractive locations that reappeared during 
taxi drop-off analysis, we also can figure that this region 
produced a traffic flow toward all other major hotspots 
forming different types of temporary urban hotspots due to 
the heavy travel demands toward various parts of the city. 

This fact prompts us to spot the light over this region and 
consider it as one of the most important hotspots that affect 
the transportation network and traffic demand 
management.For Sweifieh Area, the majority of drop-off 
events occurred within the boundaries of the area itself. 
This result put Sweifieh Area at the bottom of the regions 
list that impacts others. Again, one of the produced 
hotspots, Shmeisani (5th circle) in the Zahran area, 
appeared for the first time. 

The total number of trips flowed from these hotspots is 
73,180 as Table 3 shows. Around 42% of the final 
distention of these trips ended in one of the five hotspots 
Tabarbour Neighborhood, Prince Hassan Suburb, Al-Tila' 
Al-Shamali District, Abdali area, and Sweifieh whereas the 
largest share was held by Abdali area followed by Prince 
Hassan Suburb. Other points of Shmeisani, Sweileh, Umm 
Al-Summaq, and Rabieh were neglected and omitted from 
our calculations as they represented less than 7% 
accumulatively of the total. 

Table 3.  Number of Drop-Off Activities 

Hotspot Number of Drop-Off 

Tabarbour Neighborhood 5,735 

Prince Hassan Suburb 7,190 

Al-Tila' Al-Shamali District 5,070 

Al Abdali area 9,365 

Sweifieh 2,825 

Others 42,995 

Total 73,180 

3.3. Origin-Destination Matrices 

Origin-Destination (OD) matrices are the most common 
way to represent traffic demand. It is also an essential input 
to mobility studies for transportation planning and urban 
management purposes [20]. In Table 4, each origin and 
destination represents a node in the network individually. 

The origin is represented as a row and the destination is 
represented as a column. The demand between the 
origin-destination pair is set in the matrix cell. As a sample, 
we considered Thursday 16/9/2021 as an input to the 
origin-destination matrix to analyze the main five hotspots. 
During this day, the trip demand achieved the highest 
number with 9,362 trips overall Amman. The five hotspots 
alone produced 651 trips which represent around 7% of the 
total. The figures represented in the table reveal a strong 
correlation between Al Abdali Area and Prince Hassan 
Suburb. The trips in both directions were 27 trips which 
represent 28% of table trips.A plausible explanation is that 
these two areas are near to each other, so many people may 
prefer to take taxis to travel between them as the taxis fees 
are low. Otherwise, people live far they use their own 
vehicles or chose more economic alternatives. Also, this 
can indicate that Al Abdali area is not well served by public 
transportation, therefore the majority of people use taxis to 
reach or leave this area. 

Table 4.  Origin Destination Matrix 

Tabarbour Prince 
Hassan 

Tila' 
Shamali 

Al 
Abdali Sweifieh 

Tabarbour 3 1 8 1 

Prince 
Hassan 5 5 18 2 

Tila' 
Shamali 3 3 8 2 

Al Abdali 1 9 4 2 

Sweifieh 0 2 0 3 

3.4. Proposed Solutions 

The final deliverable of our study is a set of 
recommendations and insights which enables us to build 
several strategies for transportation planners as well as taxi 
operators as follows:  

The results can be employed to identify suitable 
locations for taxi stands in order to improve provided 
service. Taxi Stand is a transportation service 
infrastructure. Mining the taxi travel hotspots enhances the 
accuracy of identifying the optimal candidate location for 
taxi stands.A taxi stand can provide both taxi drivers as 
well as passengers with a higher level of secure and 
effective service mode, which has the characteristics of 
identifiable, orderly, efficient, and quick [20]. 

The origin-destination matrices can be used as a 
reference for the study of public transport routes between 
regions with high demand. The result can be considered as 
a base to propose a VIP taxi route between regions with 
high demand. This service targets commuters who prefer 
using private vehicles. The origin-destination matrices can 
also be used by taxi service operators or smart applications 
(Ride-hailing Services) to implement the principle of 
car-sharing between areas of high demand for people who 
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frequently commute between them. 
The presented sequential process of hotspot mining can 

be proposed as a general workflow for building a dynamic 
recommendation system for taxi drivers. Based on a 
real-time dataset, a platform can be built that helps taxi 
drivers and transport service providers to identify areas 
with high demand. 

4. Conclusions
We proposed a framework for visual analysis of the 

spatiotemporal patterns of taxi flows. We can conclude that 
floating car technology is a very useful data source to 
extract information about spatiotemporal patterns of traffic 
flows. The proposed framework produced maps that 
uncovered significant hotspot locations as well as the 
demand pattern between them, in addition, determined the 
factors influencing the mobility pattern during the day, 
such as day intervals, and the classification of areas in 
terms of residential or commercial.  

The revealed pattern of traffic demand enables us to 
build several strategies and recommendations for 
transportation planners as well as taxi operators. Applying 
these recommendations can significantly reduce the 
number of regular trips and therefore mitigate congestion. 
Subsequently reflects positively on delays, human stress, 
waste of energy, and air pollution. Eventually, the 
presented sequential process of hotspot mining can be 
proposed as a general workflow for building a dynamic 
recommendation system for taxi drivers. The 
recommendation for future work is to collect data from 
other taxi operators and public transport modes. This will 
give a wider coverage for transport users and provide a 
larger dataset in order to present a comprehensive and 
accurate idea of the traffic pattern. 
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