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Abstract. A potential source for producing reliable statistical informa-
tion is the huge amount of data files created by the activity of electronic
sensing devices. In particular, datasets collecting data on traffic sensors
can be downloaded from the open data portal offered by the local govern-
ment of Madrid City. The traffic sensors are a rich source of information,
providing data not only on the vehicle count but also on, e.g., its speed.
However, processing the data at the granularity level required involves
complex workloads that exceed the capabilities of traditional data an-
alytical processing technologies and require big data specific tools. The
first part of the paper is devoted to the steps in producing short-term
indicators of the evolution of the traffic flow variable in Madrid using
the Spark big data platform. Taking advantage of the information on
the sensors’ geographical location, the indicators are then analyzed to
assess the impact of some recent local government measures addressed
to reduce pollution and traffic congestion.

Keywords: Big Data · Short-term Indicators · Spark Platform · Traffic
measures.

1 Introduction

The local government of Madrid City offers an open data portal designed for
the users to explore and download their publicly accessible data. The datasets
available include data from traffic sensors located at strategic points in the roads
and streets of Madrid City. These traffic sensors are a rich source of information,
providing data not only on the vehicle count, but also, e.g., on its speed and
geographical location. There have been a number of studies on traffic sensors[6,5]
reporting that they provide, in general, accurate traffic measures.

The volume of the downloaded information cannot be processed using con-
ventional statistical software and requires procedures specifically developed for
this purpose. Apache Spark [13], an open source analytics engine for Big Data
processing has been used on a single node for the first steps of collecting and
pre-processing data. The volume of the downloaded information cannot be pro-
cessed using conventional statistical software and requires procedures specifically
developed for this purpose. Apache Spark [13], an open source analytics engine
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for Big Data processing has been used on a single node for the first steps of col-
lecting and pre-processing data. The first aim of the paper is to study the traffic
in the city from 2016, constructing daily indicators of its evolution. Monitoring
the real evolution is a task more difficult than it appears at first glance. In order
to obtain good enough indicators and before the final calculations to compute
the indexes, it requires various steps to detect and correct logical inconsistencies
in the data, impute missing information, and summarize at different granularity
levels.

Once the indicators are available, the traffic evolution can be analyzed to
learn significant patterns of behavior. The information on the sensors geographi-
cal location may help at this stage to discover similarities and differences between
zones in Madrid City. On the other hand, combining all these data will allow to
evaluate the results of the recent traffic measures taken by the local government
addressed to improve the levels of air pollution within the city and surrounding
areas.

The remainder of this paper is organized as follows: the next section presents
a summary of the steps taken to construct the indicators; section 3 analyses the
high-frequency series obtained; section 4 performs the assessment of the traffic
measures; and, finally, a number of remarks and conclusions are shown in section
5.

2 Construction of the daily indicators

The raw data to be used as source for computing the time series consist on the
datasets made available in the portal after the end of each month, including the
figures of the previous month, for each one of the more than 4000 sensors, of a
number of variables measured in 15-minutes intervals. This makes around 150
million of data points for each year and each variable. Besides the previously
cited Apache Spark, the Python software [10]has been used for all calculations
and analysis once the indicators have been obtained.

Although the datasets provide information on more variables, this paper only
studies a single variable, the intensity measured by the number of vehicles by time
unit, as an example of the analysis that could be performed. A daily intensity
indicator will be computed for the whole city, and also split into the urban area
and the M30 ring road. For this purpose, the calculations are performed in some
stages. Given that the names and/or categories of the intensity and sensor type
variables have changed in the datasets through the times, the first step of pre-
processing is done, treating the data to make them homogeneous. After this, as
the daily level of time granularity has been chosen, the total number of vehicles
per sensor and day is calculated.

As next stage, data editing must be performed to ensure completeness and
validity because the transmission of information from some sensor nodes may
sometimes fail. To detect these failures, data with more than a certain proportion
of missing information in the readings are not validated. These data together
with missing data are imputed by a procedure described later.
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Since the intensity of the traffic in a road is defined by the number of vehicles
passing the road in a period of time, the natural way to measure the intensity in
an area would be by the average number of vehicles in all the roads and streets
located in the area. As there are not sensors in all the roads and streets, it could
be approximated by the average number of vehicles in all the sensors located in
the area during the period. But the transmission of information from some nodes
may sometimes fail due to environmental interference, physical damage or lack
of power. Therefore, changes in the averages could be motivated by changes in
the sensors location and/or activity and not necessarily by changes in the traffic
intensity in the area.

Being flow data, a simple aggregative index [9] could be used to compute the
evolution of the intensity. Instead, to solve the previous problem in measuring
the evolution, the indicators are computed as change estimators or chain-linked
index

It = It−1.

∑
k xkt∑

k xkt−1
(1)

where the sum is extended to the k sensors having data validated for both periods
t and t − 1. The indexes I0 for the first period, the first of January 2016, are
calculated as the average by sensors in the area of the total number of vehicles
this day. Once the indexes of a day are computed and before calculating the
indexes of the following day, the sensors having missing data on this day are
imputed as

x̂it = xit−1.

∑
k xkt∑

k xkt−1
(2)

where the sum is also extended to all k sensors having data validated for both
periods t and t− 1. Then the imputed values are validated and the indexes are
re-calculated, obtaining the same previous values. In this way, the imputed data
are available for the calculation of the following day indexes. It can be shown
that using this simple method of imputation, the indexes are always computed
using all the information available, and they are not deteriorated by a repeated
lack of information on some sensors.

After the imputations are computed in this way, there is a remaining problem:
there are days for which there are no data for any sensor and indexes cannot be
calculated. The daily changes series are then considered to complete the missing
days using time series predictions. The first attempt for forecasting was made
using LSTM (Long Short-Term Memory) Deep Neural Networks [8], a class
of artificial neural networks that allows exhibiting temporal dynamic behavior.
These networks have proven to be able to outperform state-of-the-art univariate
time series forecasting methods. However, in our case, having less than 4 years of
data, forecasts from ARIMA models, following the Box-Jenkins methodology [1],
have obtained better results in terms of minimum mean square error of forecast.
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As a final stage, once microdata have been imputed and missing daily changes
have been predicted, intensity indicators are computed for the whole city, the
M30 ring road and the urban area.

3 High-frequency series analysis

Fig. 1 and Fig. 2 show the three daily indicators obtained following the de-
scribed steps for the period between January 2016 and August 2019. This section
presents some features of their behavior from the time series analysis perspec-
tive. It can be seen that, for all series, the day-to-day movement has a lot of
noise, with a large number of rises and falls, and there is also a clear common
pattern of seasonal decreasing in August. Although having a similar evolution,
the intensity level is much higher (around 8 times) in the M30 ring road than in
the urban area.

In order to extract some meaning from the indicators through the seasonal
patterns, their periodogram spectrum estimates using Welch’s method [12] are
shown in Fig. 3. The peaks in the spectrum indicate the frequencies of cyclical
movements. Being daily indicators, they might potentially have up to 4 peri-
odic components: a weekly cycle (7 days), a monthly cycle (average length of
30.4369 days), a quarterly cycle (average length of 91.3106 days) and an annual
cycle (average length of 365.2425 days). Vertical lines have been added at the
frequencies corresponding to annual, monthly and weekly periods (frequencies
= 1/number of days per cycle and its harmonics).

Similar behavior can be seen for the three indicators: the highest frequencies
correspond to weekly periods, there are small frequencies for annual periods, and
the frequencies are only just different from zero for monthly periods. It could be
interpreted that the most important cyclical oscillations correspond to weekly
periods although these oscillations can hardly be seen in Fig. 1 and Fig. 2 due to
the big number of data. Annual oscillations must be taken with caution because
there are less than four years of data and they may also be hidden by the 7-day
periodic component.

Fig. 1. Global intensity indicator
Fig. 2. Indicators at M30 and Urban
areas
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Fig. 3. Periodogram spectrum estimates

Even though the temporal granularity chosen is of 1-day intervals, another
aspect to consider is the distribution of the vehicles flows within the day. The
traffic intensity for the combination day-of-the-week and hour may show inter-
esting patterns. For this purpose, it has been calculated for each sensor the
average of the traffic intensity per day of the week and hour, and later these av-

Fig. 4. Example of the weekly profile for a particular sensor
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Fig. 5. Cluster centers of the traffic intensity weekly profiles

erages have been divided by the maximum found traffic intensity at this sensor
in an hour. The method provides an approximate idea of the average level of
occupancy during the week of the road or street on which the sensor is located.

Fig. 4 shows an example of the profile for a particular sensor (tick marks
indicate noon for each day) where it can be seen the decay on weekend and a
peak around 9 a. m. each weekday. These profiles form 168-dimensional points.
Clusters of these points using the K -means algorithm and the Euclidean distance
[4] have been built to explore and summarize the results. Fig. 5 shows the centers
of the clusters for k = 10 clusters.

Although the elbow method [11] to determine the optimal number of clusters
is not totally conclusive, this number has not a big impact on the results: similar
graphs and conclusions could be obtained with another number of clusters. As
general patterns for all roads or streets, besides a decay on weekends, it is found
that the traffic intensity decreases during night hours (from 1 to 5 a. m.), espe-
cially on weekdays, and that there are generally decaying around noon and 3 p.
m. Besides these general features, there are big differences between the levels of
occupancy, extending from light in clusters 2 and 5 to heavy in clusters 4 and
6. It can also be seen that sensors in clusters 3 and 10 have maximum traffic
on weekdays at morning commuting hours, while sensors in 4, 8 and 9 have the
top at afternoon hours. Therefore, there are two aspects that may characterize
the sensors weekly behavior and may be of interest to explore and describe: the
global level of occupancy, and the time of the day at which the intensity on
weekdays is the highest.

Instead of visually studying the graphs to assign a level of occupancy for
each sensor, they are automatically classified into three levels, depending on the
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Fig. 6. Average levels of occupancy

computed area under the normalized by the maximum weekly profile curve. Fig.
6 shows the average level of occupancy obtained from the sensors in Madrid City

Fig. 7. Weekday profiles of usage
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boroughs. It can be seen that most of the areas with Light traffic intensity are
outside the central part of the city.

Similarly, the sensors can be automatically classified into three groups de-
pending on the time of the day at which the intensity on weekdays is the highest
(a sensor belongs to Morning commuting/Afternoon group when its average for
weekdays exceed by more than 20% the Afternoon/Morning commuting average,
respectively, being Morning commuting between 7 and 9 a.m. and Afternoon be-
tween 2 and 9 p.m.; otherwise belongs to All day group). Fig. 7 provides an idea
of the typical weekday profile of usage of the roads and streets.

4 Assessment of the impact of the traffic measures

The local government of Madrid City has taken in the last years, some measures
addressed to reduce pollution. Although the current understanding of the air
pollution impacts from traffic congestion on roads is limited [14] , it seems that
vehicle emissions and traffic-related pollution are typically one of the largest
contributors to air pollution in cities. This paper studies just one variable, the
traffic intensity, and, consequently, the evaluation refers exclusively to the effects
on traffic reduction, and not directly to the effects on air pollution. The most
important traffic measures taken may be summarized in Table 1.

As the measures have been gradually taken, a first assessment of the impact
on the whole city can be done from the annual average rates in Table 2. The
global indicator reflects the behavior of the whole Madrid City area and the
other indicators (M30 and Urban) extend also over all area. For this reason, it
is not likely to find any effect of the traffic measures because they refer to only
some zones and there may also exist opposed effects in other parts.

To check the hypothesis of a possible effect on any of the indicators, ARIMA
models with intervention analysis [2,3] have been used. Thus, a basic multiplica-
tive ARIMA model with weekly seasonality has been fitted to each series using
the Scikit-learn software library [7] . There have also been included as regressors
some additive outliers and a specific variable to measure the effect of Easter,

Table 1. Traffic measures taken in the last years

Date Traffic measure

December 2016 Sporadic restrictions to private vehicles in some
parts of the city center

December 1, 2017 to January 8 Restrictions to private vehicles in Gran Via and,
sporadically, in other central areas

April 2018 to November 2018 Works for the reduction of the number of lanes in
some of the main tracks

November 30, 2018 Starting of Madrid Central, a new big restricted
area with cameras monitoring license plates of ve-
hicles entering (without penalties)

March 16, 2019 Starting of Madrid Central (with penalties)
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Table 2. Average annual increase rates

Year Global M30 Urban

2017 4.2 4.0 -0.4
2018 1.8 -1.9 10.1
Jan-Aug 2019/ Jan-Aug 2018 -3.6 -3.2 -3.8

a relevant moving holiday for daily data. Then, different intervention variables,
trying to gather the effects of the traffic measures (with different structures and
different dates) have been tested. But the value of the corresponding parameter
estimates has never been significantly different from zero.

In any case, the assessment must be better referred to zones that can be
affected by the measures. The information about the geographical location of
the sensors, provided also in the open data portal of Madrid City, can be used.
Two zones probably affected have been considered: Madrid Central, the area with
borders defined by the local government and which some of the traffic measures
refer to, and another area defined as a crown of 300 meters surrounding Madrid
Central, which will be named Crown. The delimitation of the zones appears in
Fig. 8.

What can be done now is to compute new indicators, following the rules in
section 2, for the two zones, including in each one the data of the sensors within
the corresponding area. Thus, intensity indicators for Madrid Central and Crown
zones appear in Fig. 9 and Fig. 10.

For a first assessment, Table 3 shows the annual average rates where now
possible effects appear. There is a gradual reduction in Madrid Central, probably

Fig. 8. Madrid Central area (red) and Crown (green)
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Fig. 9. Madrid Central intensity indi-
cator Fig. 10. Crown intensity indicator

reflecting the cumulative effect of the different measures. The Crown area, on its
side, shows a clear increase in 2018, result of a plausible substitution or border
effect. Nevertheless, this may revert as a result of the last traffic measures in
2019.

Fig. 11 and Fig. 12 present the corresponding monthly average and monthly
average annual rates, respectively, of the traffic intensity at Madrid Central and
Crown zones.

With the aim to provide more detailed explanations, both series have been
treated in a similar way to the previous for finding possible effects of the traffic
measures. That is, basic multiplicative ARIMA models [2,3] with weekly season-
ality, Easter variable, and additive outliers have been fitted, and later different
intervention variables have been tested using the Scikit-learn [7] software library.
Although at first glance, from Fig. 12, one of the most important measures, the
starting of Madrid Central in March 2019, seems to be having some effects (both
indicators show annual decreases from April 2019), no significant effects have
been found. Nor have any other significant interventions related to the traffic
measures been found, probably because of their gradual implementation that
may be described by the ARIMA model.

Another interesting analysis to perform is to see whether there has been any
effect on the weekly patterns of behavior for the roads and streets located in
both areas. To simplify the study, the period since the complete implementation
of all measures, (starting in March 16, 2019) is compared to an equivalent period

Table 3. Average annual increase rates

Year Madrid Central Crown

2017 -1.6 -1.3
2018 -4.4 13.1
Jan-Aug 2019/ Jan-Aug 2018 -11.5 -2.3
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Fig. 11. Monthly average
Fig. 12. Monthly average annual rates

in 2017 (March 16, 2017, to August 30, 2017), when hardly any traffic measure
had begun to work.

As a summary result, Fig. 13 classifies the sensors on whether they have
experienced an improvement or a worsening on the level of occupancy, computed
as described in section 3, in these 2-years.

In general terms, after March 15, 2019 the level of occupancy has improved
in the area of Madrid Central, with some exceptions. The border effect is con-
centrated in specific zones of the Crown area, while there are also in this area
other parts that have experienced improvements in the level of traffic intensity.

Finally, in Fig. 14 are shown exclusively the sensors changing their profile
of usage, calculated and defined as in section 3, between the same periods in
2017 and 2019. It must be noted that the sensors within Madrid Central have
not changed to “All day” profile of usage, supporting that now the zone is not

Fig. 13. Changes in the occupancy levels after traffic measures



A Preliminary Assessment of the Traffic Measures in Madrid City 63

Fig. 14. Weekday profiles of usage: (a) Before (b) After traffic measures

occupied through all hours. On the contrary, some sensors in the Crown area
have worsened its level of occupancy and, at the same time, have now an “All
day” profile of usage.

5 Final remarks

This paper uses data about traffic sensors from the Madrid City open data portal
to evaluate the impact of the traffic measures taken in the last years in Madrid.
Being the first aim to study the behavior of the traffic intensity over time, it must
be stressed the difficulties and complexities in measuring its evolution, requiring
specific procedures.

The results obtained are very preliminary, first because only one of the vari-
ables available has been considered, and second because more periods would be
needed to accurately measure the possible impacts.

Although the main objective of the traffic measures taken is to reduce air pol-
lution, what has been assessed here is the impact on the traffic volume, because
it is considered one of the largest contributors to air pollution in cities. What
has been found is that the actions implemented from 2017 seem to have reduced
traffic congestion in Madrid Central and other areas especially from 2019. At the
same time, in 2018 a first collateral border effect of increasing traffic intensity
in the surrounding zones may exist, although this effect may revert in the next
months as a consequence of the last actions undertaken.

Taking advantage of the spatial aspects of the information available, the
methods proposed can be used to assess the effects of other traffic actions at
the same or at more detailed geographical level, when data from more periods
are available. The scope of the analysis can be widened when data from more
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periods are available and also by extending the procedures to other variables
existing at the open data portal.
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