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Introduction

Over the last decade, smart cities became a 
fashionable subject of urban development 
both in the international academic literature 
and public discourse. There are three main 
global urban issues wherein the smart city 
concept can provide solutions for urban de-
velopment. The first is urban crowd or con-
gestion: cities should handle their growing 
population and the challenges that this pro-
cess generates (Chuan Tao, Y. et al. 2015). The 
second issue is providing sustainable urban 
environment in cities for a higher quality 
of life for their citizens (Abella-Garcia, A. 
et al. 2015). The third issue is creating social 
inclusion and decreasing inequalities in ur-

ban life conditions (Batty, M. et al. 2012). Big 
ICT companies like IBM, Cisco or Telekom 
provide IT solutions for cities who put their 
investments in ‘smart city’ development pro-
jects in order to promote their ‘smart’, ‘sus-
tainable’ and ‘green’ nature. At the same time 
social researchers are more critical about these 
oversimplified computational solutions to so-
cial problems (Anttiroiko, A.V. 2013, 2014; 
Townsend, A.M. 2013; Kitchin, R. 2014). 

The main objective of this paper is to 
strengthen the idea of usefulness of big 
data in examining and developing the ur-
ban transportation system. In 2011, Google 
Maps made its real-time traffic congestion 
data available in Hungary, and today they 
also have available traffic forecasts on cer-
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tain roads where significant congestions can 
be measured. These data can provide lots of 
new insights for urban geographers espe-
cially in cities like Budapest, where vehicular 
traffic jams generate huge problems. 

For the sake of this pilot research the 3rd 
district of Budapest was chosen as case-study 
area due to several reasons. Firstly, this dis-
trict lies in a geographically transitional po-
sition between the ‘wealthier’ north-western 
part of the suburban zone and the downtown 
area of Budapest; thus, vehicular traffic gen-
erated both by commuters and inner-city 
car users can be analysed at the same time. 
For instance, in recent times, the volume of 
commuters from agglomeration settlements 
to Budapest has increased (Keserű, I. 2013), 
and this extra traffic can be observed on the 
roads of the case-study district. Moreover, 
this area has mixed residential land use pat-
tern, with the largest pre-fab housing estate 
in Budapest, garden suburbs, and high-den-
sity downtown-type urban housing. These 
differences can serve as explanatory factors 
for the road traffic patterns. Secondly, this 
area has a complex, but well analysable, road 
system that fits the organic historical neigh-
bourhood types of the district; thus, it is suit-
able for a pilot study. 

Research background

Smart transport and mobility as a smart city 
’domain’

Since cities are complex systems containing 
lots of physical, social and environmental 
layers, smart city research also addresses 
different aspects (or so-called ‘domains’) of 
smart cities. According to Mattoni, B. et al. 
(2015), there are hard and soft domains in 
smart city development. Hard domains are 
related to the physical infrastructures of the 
city, like energy grids, water management 
system, buildings, or transport. In the de-
velopment of these domains, the relevance 
of big data generated by sensors and their 
software is often emphasized (Neirotti, P.  

et al. 2014). Among them smart urban trans-
port is probably the most promising research 
field for geographers, because the optimiza-
tion of an urban transport system directly 
improves the life of local residents and the 
environment of the city. 

In the international literature, lots of stud-
ies emphasize the potential development 
possibilities of smart mobility or intelligent 
transport systems (Giffinger, R. et al. 2007; 
Attiroiko, A.V. et al. 2014; Steenbruggen, 
J. et al. 2015; Bálint, D. and Trócsányi, A. 
2016). During the development process of 
telecommunication in the 1990’s, a demand 
arose among developers to keep track of ur-
ban traffic flows even in real-time (Marvin, 
S.J. 1994), and today, through smart sensors 
and contracted GPS user transporters, these 
flows became analysable (these results can 
be seen in a simplest way on Google Maps). 
These data are increasingly feasible for un-
folding and detecting traffic jam zones within 
the city; furthermore, these real-time data 
provide opportunities for quick interven-
tion for urban planners and a great potential 
for urban researchers to detect the results 
of these interventions. Thus, cities became 
“urban laboratories”, where planners and re-
searchers can conduct experiments (Batty, 
M. et al. 2012). 

This study is strongly connected to the old 
dilemma of interchangeability of the travel-
ling and telecommunication (Graham, S. 
1997); the main point of this issue is how so-
ciety can decrease travel time, travel costs, 
and lower the level of pollution through 
cheaper telecommunication opportunities 
that connect people while eliminating the 
need to travel (e.g. home office days, Skype 
meetings). The importance of this issue was 
highlighted by a recent study based on the 
Hungarian time-budget survey (1986/1987–
2009/2010), which revealed the consistency of 
the average daily transport time-use per cap-
ita (60–65 minutes) in the last four decades, 
and showed that in this period the motorcy-
cle/car time-use ratio roughly doubled in the 
total transport time use among Hungarian 
commuters (Fleischer, T. and Tir, M. 2016).
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Environmental, economic and social effects of 
urban congestion

It is also important to note that urban trans-
port systems generate 40 per cent of carbon-
dioxide emissions in modern cities, but there 
are good examples where this pollution has 
been decreased through smart IT solutions 
and cross-city cooperation (Navarro, C. et 
al. 2015). In the last decades, a lot of stud-
ies have highlighted the increasing amount 
of air pollution caused by urban sprawl and 
road traffic congestion in different urban 
areas around the world (Chin, A. 1996; Ca-
magni, R. et al. 2002; Quingyu, L. et al. 2007). 
Although, different vehicle types generate 
different amounts of pollutants, the emission 
ratio is higher in traffic jams, thus, congestion 
hot spots became pollution hot spots, too. 

The economic and social effects of road traf-
fic congestion can be measured by the length 
of vehicles’ travel delay. On the one hand, 
researchers argue that measuring congestion 
with the help of travel delay times can show 
the amount of unproductive, wasted time for 
society (Cohen, H. and Southworth, F. 1999; 
Schrank, D. et al. 2010). On the other hand, it 
is not clear how the real value of time and an 
accurate benchmark of road congestion can 
be defined (Rouwendal, J. and Nijkamp, P. 
2004; Sweet, M. 2011). Although, the econom-
ic costs of congestion are more measurable 
(e. g. by the amount of wasted work time), 
several studies highlight that these kinds of 
travel delays not always generate significant 
losses in economic productivity (Stopher, 
P.R. 2004) because individuals change their 
travel behaviour through modal, temporal 
and spatial corrections (Downs, A. 1992). 

Big data applications for a better understanding 
of the city

Based on the international smart city litera-
ture, it is safe to claim that the use of big data 
is unavoidable, because such data enable re-
al-time analysis of city life and provide huge 
amounts of information for planners in order 

to make more sustainable and efficient cities 
(Kitchin, R. 2014). Kitchin, R. (2013, 2014) 
emphasizes that using big data for urban re-
search can complement well-known ‘small 
data’ research like censuses and other small-
sample based qualitative surveys. Because of 
the high accessing velocity (created at close 
to real time) and the high spatial and tempo-
ral resolution of this data type, it can provide 
static snapshots and overviews of the dynam-
ic unfolding of the daily life pattern of cities. 

Many researchers emphasize, furthermore, 
that data generated worldwide about society 
and business sectors are growing dynami-
cally; moreover, today, more data is being 
generated every two days than in all of his-
tory (Manyika, J. et al. 2011; Smolan, R. and 
Erwitt, J. 2012; Zikopoulos, P.C. et al. 2012; 
Rial, N. 2013). Although growth of available 
data can be seen impressive for ‘data hungry’ 
researchers, it is important to note that there 
are several difficulties when we try to use 
these data sets. For instance, in most cases, 
big data come from a huge unstructured 
file with different types of data (numbers, 
pictures, strings), therefore, making reliable 
connections among these data can be a slow 
and complex work (Al Nuaimi, E. et al. 2015). 

According to Kitchin, R. (2014), the sources 
of big data can be divided into three catego-
ries: directed, automated, and volunteered. 
Directed data comes from the traditional forms 
of surveillance conducted by states (e.g. pass-
port control, fingerprints, public surveillance 
cameras). Automated data are produced by 
automatized data capture systems like smart 
phones that record their usage history and 
cell phones’ call data. The third type of data 
source is volunteered data, which is generated 
by the conscious decisions of users who make 
observations, and create posts and uploads on 
social media sites, for example (Lengyel, B. 
and Jakobi, Á. 2016). While the first and third 
categories generate several concerns about de-
fending personal privacy (Niaros, V. 2016), 
the second source can provide aggregated 
data without ethical problems. Research re-
sults presented in this paper are clearly linked 
with the second big data source. 
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Methods and database

Transport sciences have a long history of 
measuring traffic flows with different meth-
ods and approaches (Wardrop, J.G. and 
Charlesworth, G. 1954; Leduc, G. 2008). 
Transportation engineers generate traffic 
data with the help of static and dynamic 
measurement methods. The typical way of 
measuring cross-sectional static traffic is by 
using loop detectors to calculate the number 
of vehicles passing through a given point of 
a road. For instance, the national cross-sec-
tional study in Hungary uses raw data from 
this type of instrument (Magyar Közút Non-
profit Zrt. 2017). Although the advantage of 
this method is its accuracy, its main limit is 
the spatially fixed nature of the measuring 
instruments, therefore, the length and geo-
graphical positon of measured road sections 
are consistent. Thus, these data can be used 
for transportation planning on a larger geo-
graphical scale, but the local spatial pattern 
of transport habits in urban society cannot 
be detected this way. The other method for 
unfolding traffic flow patterns is dynamic 
measurement. Formerly, this method used 
a car moving with traffic and registering its 
own traits of trajectory. In recent times, FCD 
(Floating Car Data) measurement has been 
emerging: where vehicles operated by fleet 
management systems send their GPS data 
while they are in traffic. This real-time data 
is supplemented by private car owners’ GPS 
positions, using navigation applications on 
their drivers’ smart phones. Google Maps 
traffic data is typically generated this way; 
hence, in comparison with the aforemen-
tioned cross-sectional survey, the advantage 
of these data is in their temporal and spatial 
resolution. Moreover, annual Hungarian 
cross-sectional surveys are limited to main 
roads, and they cannot detect the traffic pat-
terns in smaller urban roads within a day. 

This pilot study tried to test the usefulness 
of big data about traffic generated by Google 
Maps. In the first step, the measured roads 
of the whole district were subdivided into 
roughly one-km-long sections. These sec-

tions were adjusted according to the mor-
phology of the district’s urban road system, 
and I made sure to fit them to the real or-
ganic neighbourhoods. The total number 
of road sections is 45. Secondly, I defined a 
week when traffic estimation data were col-
lected. This time period was from 13 to 19 
November 2017. Choosing a complete week 
helped me to observe the road traffic patterns 
on weekend days as well as workdays. The 
selected time period is a normal week with-
out any national holiday; and in November 
the number of tourists is generally low. Thus, 
the estimated traffic data closely approaches 
the real average traffic in this time period. 

The third step was the process of data col-
lection with the help of Google Maps (www.
maps.google.hu). From this website, two 
data types where collected: the basic travel 
time (shorter) and the travel time with the es-
timated traffic volume (longer). The time in-
tervals of collected data within the days were 
20 minutes long, because the website allowed 
this temporal level. The first point of time 
was 06:00 in the morning and the last was 
22:00 at night on every measured day. After 
the raw data were collected, I built a database 
on further indicators, like average speed of 
traffic, total number of vehicles, and volume 
of time wasted per kilometre and car on cer-
tain road sections. To estimate the number of 
vehicles, the so-called Greenshields-formula 
was used (Greenshields, B.D. 1935), which 
assumes that there is a linear connection be-
tween the velocity and the density of road 
traffic. Even though this formula was devel-
oped for estimating highway traffic, which is 
simpler than urban road systems with their 
intersections and traffic lights, it is still ap-
plicable to the general estimation of urban 
traffic patterns as well (Erhart, Sz. 2007), and 
thus it is suitable for the main goal of this 
pilot research.

                                                     ,                   (1)

where V = velocity, Vmax = maximum velocity, 
K = actual traffic density, Kd = traffic density 
in the case of maximum traffic congestion;
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                           Q = V · K ,                            (2)

where Q = number of vehicles in a certain 
time period on the defined road.

Using these indicators, I was able to com-
pare the main temporal and spatial traffic 
patterns of the districts. Finally, the whole 
database was analysed with statistical meth-
ods and thematic maps were produced.

According to Google’s official statements, 
these data are calculated using different 
sources: government departments of trans-
portation, and private data providers (gadg-
ets.ndtv.com). The latter include individuals 
who use smart phones for navigation (e.g. 
Waze or Google Maps). Although Google 
has enough collected historical data even in 
Budapest to make rather accurate real-time 
and future traffic estimations, the accuracy 
of data always depends on the actual num-
ber of ‘data providers’ within the chosen 
area. However, the data on these numbers 
are not public. Even though Google Maps 
traffic estimations have been used for many 
years in different countries, little scientific 
analysis has been conducted about the ac-
curacy of their application; but there is some 
evidence about the fairly good accuracy of 
web-based traffic estimations like those done 
with Google Maps (Morgul, E. et al. 2014).

Results of the pilot research

The big picture: basic pattern of daily road traffic

According to the results, there are three dif-
ferent daily congestion flow types within a 
week, if we analyse the cumulated data in 
the whole district. The first type is the typi-
cal workday from Monday to Thursday. On 
these days we can differentiate three main 
congestion time periods (Figure 1). 

In the direction of the city centre roads be-
come congested in two waves. In the morn-
ing, this wave lasts from 6.00 to 11.20, with 
the peak between 7.40 and 8.00. Though the 
volume of traffic decreases around midday, 
it does not fade away. The second wave starts 

in the afternoon from 14.20 and ends at night 
20.20. This wave peaks at 17.40. Comparing 
the two traffic waves in the direction of the 
city centre, we can see that the morning 
one is larger in volume. But observing the 
second wave points to a frequently unrec-
ognized phenomenon which, in terms of 
urban development, is truly significant. The 
phenomenon is the second traffic wave it-
self, generated by people who are on their 
way home and who leave their home for the 
second time, travelling by car in the direc-
tion of the city centre to go shopping or do 
other leisure activities. The third congestion 
period is also in the afternoon between 15.00 
and 19.40, but in the direction of the outskirts 
(Figure 1). This congestion wave shows the 
normal vehicular traffic generated by people 
who leave their workplace to go home. 

The second somewhat transient day type, 
is Friday. On this day, the morning traffic 
towards the city centre is somewhat lower 
and shifts slightly later (by 20 minutes). 
However, the main feature that distinguish-
es it from other workdays is the earlier start 
of the afternoon congestion waves in both 
directions. This wave in the direction of the 
centre starts from 13.00 and also ends in the 
evening at 20.20. The main peak of this wave 
comes 20 minutes earlier than on other work-
days. Friday traffic to the outskirts shows a 

Fig. 1. Estimated average traffic speed on measured roads 
of District 3 in Budapest over a day. Time of estimation: 
13.11.2017–19.11.2017. Source: https://maps.google.com
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similar pattern; it starts also at 13.00 but ends 
earlier, at 19.40 in the evening, with an earlier 
peak between 16.40 and 17.20. Thus, we can 
say that afternoon traffic on Friday has the 
same volume but has a longer duration than 
on other workdays. This result indicates that 
working people probably leave their work-
places earlier on Fridays, and this largely 
affects the characteristic of urban traffic con-
gestion in our analysed district. 

The third separate traffic type is, of course, 
weekend days. The most important observa-
tion about these days is that the volume of traf-
fic over a day is much lower than on the other 
days of the week (Figure 1). Besides this, we can 
note that traffic flow patterns are quite similar 
in both directions. On the weekend days, there 
are two smaller traffic waves. The first is from 
10.20 to 13.40 (mainly to the outskirts), which 
can refer to the people who leave their home 
by car to have lunch somewhere. The second, 
slightly increasing traffic wave is in the after-
noon between 16.20 and 20.00 (mainly to the 
centre). It represents those car users who go 
to do some leisure activities in the afternoon. 

The volume of social time wasted

Although the costs of traffic jams for citizens 
are a hot topic among urban researchers, there 
is no consensus about the real volume of its 
negative economic impacts (Sweet, M. 2011, 
2013). Even so, the volume of wasted time 
through traffic jams in society can be calcu-
lated from collected raw data. If we know the 
ideal and real travel times and the estimated 
number of vehicles on particular road sections, 
the total wasted time in congestion can be de-
termined within the whole district (Table 1).

If we analyse the traffic differences among 
different days, we can recognize that, while 
congestion peaks in the direction of the city 
centre are on Wednesdays, the peak to the 
outskirts is on Fridays. Thus, the traffic gen-
erated by workers travelling by car peaks not 
on Monday, the first workday, as one would 
expect, but in the middle of the week. This is 
generally true for both directions, but on roads 
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which lead out of the city, this peak remains 
on Thursday and Friday as well; moreover, 
the volume of vehicles and wasted time grows 
slightly. In contrast to workdays, on weekend 
days, the volume of daily traffic and wasted 
time is roughly half of the average workday 
traffic. But there is a larger difference between 
the two measured directions at weekends. In 
the direction to the suburban areas, the vol-
ume of traffic is higher (by a third) than to-
wards the city centre. It can be related to week-
end, holiday and leisure traffic, which starts 
already on Friday. So, if we see the weekly 
amount of vehicular traffic, the total number 
of vehicles in congestion is roughly 200,000 
cars higher in the direction of the outskirts or 
the agglomeration. The origin of this phenom-
enon is the inclination of citizens to leave their 
home for leisure activities on weekends.

According to our findings, the magnitude 
of citizens’ wasted time in traffic conges-
tion is so large that it should be a relevant 
topic for urban planners in the investigated 
district. If we assume that all cars in con-
gestion have only one passenger (this is the 
minimum estimation), then, on an ordinary 
workday, car users waste the total of nearly 
300 days within this district alone (Figure 2). 

This amount of time is slightly more than 
a year’s worth of full-time work for a citi-
zen, which means that, on a rough estimate, 
every year, District 3 of Budapest wastes 
around 250 people’s yearly work time be-
cause of road traffic congestions. These data 
should inspire urban planners to explore the 
features and causes of congestion more in-
tensely, because Budapest in general, and the 
3rd district in particular, need to tackle this 
social and environmental problem.

Congestion hot spots on a deep spatial level

In the following, four aspects of road traffic 
patterns are investigated on a fine spatial res-
olution. The first two answer questions such 
as how the road size and geographical posi-
tion relate to the intensity of congestions, or 
where the traffic hot spots are, and why they 

are there. The third aspect shows the differ-
ences between the two measured directions 
on a deep spatial level. Finally, the last ques-
tion is whether we can define different road 
types according to their daily traffic flow. 

To unfold the relations between some pa-
rameters of road sections and the volume of 
traffic, Pearson’s correlation was calculated 
(Table 2). The main result of the analysis is that 
the size of certain roads impacts principally 
the volume of congestions and social time 
wasted, but these correlation coefficients are 
at best medium-strength. The results show 
that this interdependence is mainly true for 
workdays, and, in the case of the outskirts’ 
direction, also Fridays and weekend days be-
cause of weekend traffic, as mentioned above. 
There is a weak negative correlation between 
the distance of road sections from the city 
centre and the daily amount of congested 
time wasted. This means that the more cen-
trally located road sections have somewhat 
higher chance of congestion within a day, 
mainly on workdays (Table 2). 

The last explanatory variable was the geo-
graphical position of the road section. This 
variable was generated with the help of a 2 
km size grid, which was used to define the 
deeper geographical position of road sections 
(Figure 3). Although there is a weak positive 
correlation on workdays and mainly in the 

Fig. 2. Sum of daily wasted time in traffic congestion 
in Budapest’s District III, on all roads and in all direc-
tions (2017). Time of estimation: 13.11.2017–19.11.2017. 
Source: Own calculations based on Google Maps data
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direction of the city centre, the geographical 
position of these road sections is the weak-
est explanation for the congestion patterns of 
our measured district.

Thus, we can say that the congestion vol-
ume is primarily connected with the main 
roads of the district, and because these roads 
go through the whole area, the other geo-
graphical features of road sections are less 
relevant. It is obvious, that these main roads 
deserve more attention by urban planners 
and developers to detect the causes of vehic-
ular traffic jams and decrease them. Another 
relevant consequence also comes from this 
observation; namely, the factor of commut-
ing traffic from the agglomeration settlements 
to Budapest. The two main roads (Numbers 
10 and 11) collect all transit traffic from the 
neighbouring settlements of District 3 and 
channel it towards the other neighbouring 
districts of Budapest. Thus, research on the 
effects of commuter traffic from neighbour-
ing settlements deserve also special attention.

With the help of a database, the daily con-
gestion hot spots are detectable; in other 
words, we can reveal which road sections 
have the largest amount of daily congestion 

Table 2. Pearson’s correlation coefficients* of road parameters and volume of time wasted

Explanatory variables
Independent variables

workdays Friday Saturday Sunday

Daily amount of time wasting per km, to the centre, min

Size of road section,total length of lanes, m
Nearest distance from city centre of road section, m
Geographical position of the road section, 1 km grids
Geographical position of the road section, 2 km grids

0.466
– 0.232

0.153
0.167

0.276
– 0.206

0.151
0.160

– 0.203
– 0.031

0.043
0.035

– 0.242
– 0.019

0.057
0.051

Daily amount of time wasting per km, to the outskirts, min

Size of road section,total length of lanes, m
Nearest distance from city centre of road section, m
Geographical position of the road section, 2 km grids

0.540
– 0.105

0.031

0.478
– 0.006
– 0.055

0.361
– 0.011
– 0.020

0.316
– 0.077

0.055

Daily amount of time wasting per km, both directions, min

Size of road section,total length of lanes, m
Nearest distance from city centre of road section, m
Geographical position of the road section, 2 km grids

0.599
– 0.215

0.132

0.469
– 0.135

0.068

0.149
– 0.024

0.004

0.094
– 0.064

0.066
*Highest positive values in italics. Source: Own calculations. 

and delay time. To measure the inequalities 
between particular roads, the amount of daily 
wasted time was used (Figure 4). This indica-
tor shows the permeability of certain roads, 
and according to the results, there are some 
roads that are more traffic sensitive than oth-
ers. In the direction of the city centre three 
congestion hot spots can be defined. The first 
is in the southern part of the district, near the 
downtown area. The main road of a sub-dis-
trict called Újlak and its quay road integrate 
the total traffic to the city centre; thus, this 
is the main congestion hot spot within the 
district. Connected to this part of the district, 
there is another important road (Szépvölgyi 
and Kolostor streets) which channel the 
complete traffic from the southern highland 
neighbourhoods to the city centre (Figure 4). 

The second, smaller congestion hot spot is 
the periphery of the Pók Street housing estate, 
where traffic attempts to avoid the congestion 
of Main Road 11, however, this itself gener-
ates traffic congestion in both directions. The 
third congestion hot spot is in the northern 
part of the district, and is affected by the large 
pre-fab housing estate of Békásmegyer. It is 
important to see that, although the sum of 
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Fig. 3. The 2 km size grid used to define the geographical positions of road sections (edited by the author)

Fig. 4. The average amount of daily wasted time in traffic congestion on different road sections (between 
Monday and Thursday, towards the city centre). Time of estimation: 13.11.2017–16.11.2017. Source: Own 

calculations based on Google Maps data 
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time wasted is larger on main roads, in this 
area, the smaller roads are more sensitive to 
high traffic levels. In addition, the geographi-
cal position of the suburban railway can be 
an explanatory factor, because the railway 
line lies between Road 11 and congested 
smaller roads; thus, to reach the main road, 
drivers must go across the railway. Because 
of the heavy railway traffic at congestion 
times, these crossing points frequently slow 
down vehicular traffic with light barriers. Not 
counting a couple of smaller road sections, 
traffic in the direction of the outskirts shows 
similar patterns to traffic in the direction of 
the city centre (Figure 5). The three congestion 
hot spots (mentioned above) are the same 
within the analysed district. 

As the last part of the pilot research one 
question remained. Can we define road types 
based on their daily traffic flow? To answer 
this question, two statistical values were calcu-
lated from the daily velocity fluctuation data 

between 6:00 and 22:00 on all road sections. 
The first is their standard deviation and the 
second is their range. Standard deviation can 
show the volume of daily traffic speed fluctua-
tion on certain roads and range defines the dif-
ference between the minimum and maximum 
values of data series. From these indicators, I 
calculated a new indicator, which displays the 
ratio of the standard deviation to the range 
of the data sets. If this ratio is low, the traffic 
flow on a certain road is smooth; and if it is 
higher, the traffic fluctuation within a day is 
larger. According to this indicator, three road 
types were separated. For the first type, the 
indicator was 0. This means that on type 1 
roads the average measured traffic speed is the 
same within the days. For the second type, the 
value of the indicator is less than 25 per cent, 
which shows a medium size traffic fluctuation 
on a certain road. Type 3 roads have a large 
daily traffic fluctuation, where the values are 
between 25 and 50 per cent. 

Fig. 5. The average amount of daily wasted time in traffic congestion on different road sections (between 
Monday and Thursday, to the outskirts) Time of estimation: 13.11.2017–16.11.2017. Source: Own calculations 

based on Google Maps data 
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The analysis of daily flow types focused 
only on workdays from Monday to Thursday. 
In general, we can see that road sections that 
have no traffic fluctuation are the least fre-
quent in both directions. There can be sig-
nificant traffic on these roads, but their flow 
is predictable and they have no peaks. These 
road sections are in the middle of the district 
and a few of them are in congestion hot spots. 
In the second type, there are more road sec-
tions, and they all have one little congestion 
peak, which duration is short. In the direction 
of the centre, this is the morning traffic peak, 
whereas the formerly mentioned second 
wave in the afternoon is difficult to perceive. 
In the direction of the outskirts, road sections 
also have a small and short instance of con-
gestion, which shows that afternoon traffic, 
when citizens leave their workplaces, affects 
these roads very much. Their geographical 
positions are also interesting, because in this 
‘medium’ type, there are many main road 
sections and roads that are close to the dis-
trict or city boundaries. The most peak sensi-
tive type is the third category of roads, and 
it contains more than half of the investigated 
roads (Figure 6. and 7). 

On these roads, there are two congestion 
peaks in both directions, but, the morning 
peak is necessarily stronger in the direction 
of the city centre, and the afternoon peak 
is stronger in the direction of the outskirts. 
These peaks are generally longer and larger 
than in type 2. Geographically, in the di-
rection of the city centre most of them are 
smaller roads that are connected to main 
roads with high traffic, and because their 
traffic cannot avoid these roads, they have 
heavier congestion at peak periods (Figure 6). 
In the other direction, the situation is not the 
same. Whereas the aforementioned smaller 
road sections are also congested in the direc-
tion of the outskirts, the entire Main Road 
Number 10 has heavy congestion (Figure 7). 
The explanation behind these phenomena 
may be that the northern part of the district 
(with Road 11) has a larger population den-
sity than the western one; thus, while a huge 
part of traffic from Road 11 probably goes off 

to these dense neighbourhoods, the larger 
part of Road 10’s traffic goes directly to the 
settlements of Budapest’s agglomeration.

From these results, we can see that there are 
important differences between road sections 
by their daily traffic flow. These differences 
depend on the size and the geographical po-
sition of the road section, but the features 
and morphology of the road system are also 
important factors. However, equally impor-
tant finding is that the daily commuting and 
travelling habits of residents are at least as 
important factor for comprehending the main 
road congestion problems, their costs, and 
their solutions. Traffic peaks are originally 
generated by society through their driving 
habits, and these space usage patterns can be 
changed. This deep spatial analysis can help 
urban developers to handle urban congestion 
problems at their basic roots. 

Conclusions

From the analysis of Google Maps data, it can 
first be concluded that this source of ‘big data’ 
is a feasible way of conducting ‘smart’ scien-
tific research and making smarter development 
decisions on a city road system. The most rel-
evant advantage of this database is that it is 
continually generated on a deep spatial and 
temporal level. Moreover, plenty of cities are 
measured by Google in the same way; thus, 
these data are comparable on a wider (even 
international) level. In Hungary, the forms of 
‘traditional’ annual traffic surveys cannot ana-
lyse the patterns of daily traffic flows on a deep 
spatial level, and local municipalities have 
also limited capacity to make their own traf-
fic measurements. Hence, using Google Maps 
data we can extend our knowledge based on 
traditional census data regarding commuting 
(e. g. Pálóczi, G. 2016; Varga, L. et al. 2016).

The second conclusion of this pilot research 
is that spatial and temporal inequalities are 
evincible from this database, and heretofore 
unrecognized processes can be analysed in 
a deep way, which can help urban planners 
to smartly rethink their conceptions about 
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Fig. 6. Types of traffic fluctuation on road sections (between Monday and Thursday, towards the city centre). 
Time of estimation: 13.11.2017–16.11.2017. Source: Own calculations based on Google Maps data 

Fig. 7. Types of traffic fluctuation on road sections (between Monday and Thursday, to the outskirts). Time of 
estimation: 13.11.2017–16.11.2017. Source: Own calculations based on Google Maps data 
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the transport system. The research proved 
empirically that, on workdays, there is a 
second wave of peak traffic on many roads, 
and, within our case-study area, there are 
congestion hot spot times and places. This 
information can be very useful for residents 
in planning their travels, and aiming to avoid 
time-wasting traffic jams.

As the third conclusion, it is important to 
highlight that Google Maps data have their 
limits. Firstly, we have to be sensitive with 
choosing time periods and temporal resolu-
tion because some data loss is inevitable. For 
instance, in this research, the 20-minute peri-
ods are useful to estimate traffic and wasted 
time because the travel time delays cannot be 
more than 10–12 minutes on roughly one-km-
long road sections. But this is also the weak-
ness of the estimation, because between the 
two measured time points, some of the traf-
fic data go to waste. Therefore, this research 
method is highly sensitive in terms of the tem-
poral and spatial resolutions. If the road sec-
tions are too long, congested travel times also 
get higher, but there are limits to the minimum 
size of road sections and limits to the distance 
between temporal measured points as well, 
because the maximum amount of congested 
travel time on a certain road cannot be higher 
than the time between measured time points.

The pilot research presented in this paper 
opens a new perspective for methodology, 
because it is a useful example of using often-
contested ‘big data’. These methodological 
experiences could provide more input for 
further research where the database used 
could be assembled from different Google 
applications. In the future, it would be im-
portant to extend and refine this research in 
the remaining districts of Budapest or its ag-
glomeration, or even compare the result with 
the vehicular traffic patterns of other cities. 
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