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The Smart Cities concept is supported by the use of Information and Communication Technologies (ICT),

which enables the digitalisation of the city assets. Then, cities are nowadays driven by data, with a clear
dependency on the data collection approaches. Decisions and criteria for urban transformation therefore rely
on data and Key Performance Indicators. However, one question remains and refers the reliability and
credibility of data that guide the decision-making processes. Many efforts are made in the definition of the
data quality methodologies, but not in analysing the real situation about data collection is smart cities. This
paper applies a methodology to quantitatively analyse the real quality of the data-sets in the cities of Nantes,
Hamburg and Helsinki. This work is under the umbrella of mySMARTLife project (GA #731297). The main
conclusion or lessons learnt is the need for more appropriate methods to increase data quality, instead of
defining new methodologies. Data quality requires improvements to make better informed decisions and
obtain more credible Key Performance Indicators.

1 INTRODUCTION

Nowadays, cities are responsible for more than 60%
of greenhouse gas emissions (Eurostat-a, 2022). To
tackle this issue, the European Commission has
established ambitious plans to reduce the emissions in
55% in contrast to current practices by 2030 (2030
Climate & Energy Framework, 2022), reaching
climate neutrality by 2050.

For than end, cities need a transformation towards
Smart Cities and must integrate multiple perspective
and verticals such as energy, mobility, nature,
economy or water management, among others. All of
them supported by the integration of the Information
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and Communication Technologies (ICT) (Batty,
2012), approaching digital cities.

Digitalisation relies on data and new technologies
like IoT (Internet of Things) to be able to monitor the
city assets. Nevertheless, main challenges lie in the
quality of the data and, thus, the accuracy and
confidence when making decisions.

Efforts are put on the definition of urban
platforms, acting not only as repository of
information, but ingesting, transforming data, as well
as calculating indicators and exposing useful
information to make better informed decisions. The
mySMARTLife EU project (mySMARTLife, 2022),
with GA #731297, works in this direction. The
project, with more than 150 actions taking place in the
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cities of Nantes, Hamburg and Helsinki, aims at
reducing the energy demand of buildings, promoting
e-mobility and creating urban data platforms
following an open specifications framework
(Hernandez, 2020). Under the scope of the project, all
the actions must be monitored with real data to extract
conclusions and calculate impacts, making data
quality essential. In this context, this paper presents
quantitative results of real data quality in urban city
platforms (Nantes, Hamburg and Helsinki) through
the application of a methodology developed within
mySMARTLife project.

The paper is organised as follows. Section 2
provides a background about data quality and the
existing analysis techniques. Section 3 describes the
methodology applied in mySMARTLife for data
quality. Section 4 continues with a set of examples
about completeness and correctness of data in the
three cities of Nantes, Hamburg and Helsinki. Section
5 extracts a set of conclusions and future work.

2 BACKGROUND

As it has been already introduced, cities are currently
working on their transformation to become more
resilient and climate neutral. However, how could
anyone determine the level of smartness or carbon
neutrality? The answer to this question is the
application of evaluation frameworks that are driven
by KPIs (Quijano, 2022). The calculation of the
indicators relies on real data, which, due to occasional
gaps, out of range and other errors in the collection
and processing, does not provide useful insights
(Alanne, 2021).Data quality is then crucial, not only
in the assessment, but also in the creation of
intelligent data-driven services (Hassan, 2021).
Data quality indicators could be split into several
groups (Schmidt, 2021):
= Integrity, which refers to whether data comply
with structural and technical requirements or
not.
= Completeness, which focuses on the avoidance
of data gaps according to the frequency and
expected distribution of data.
= Correctness, represented by consistency and
accuracy, which refers to out of range
identification, in other words, error-free data.
= Timeliness, i.e., how up to data to data-sets are.
= Interpretability, which means the extent to
which data can explain the reality.
= Accessibility, which, in the case of smart cities,
is the data availability via open data portals or
APIs (Application Programming Interface).
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= Interoperability, which is described as the
ability to access and process data from
heterogeneous data sources.

Despite the efforts, data quality is still the main
challenge in the digitalisation of cities, but, the
reliability is questionable due to the data issues (e.g.
communication or infrastructure problems) (Sin
Yong Teng, 2021). Moreover, traceability of the
errors is not easy (Hossein Motlagh, 2020), mainly
taking the big amounts of data being collected into
account. Additionally, there is no consensus about
governance of data (Ender, 2021) and data-sets are
managed in silos, limiting the accessibility (Abraham,
2019).

Having all these aspects in mind, a methodology
to quantify the aforementioned quality indicators has
been defined in the framework of mySMARTLife and
applied in the cities of the project.

3 METHODOLOGY FOR DATA
QUALITY ASSESSMENT

mySMARTLife project has developed urban data
platforms in three lighthouse cities: Nantes, Hamburg
and Helsinki with an open specifications’ framework
and interoperability mechanisms and surveillance
modules. (Hernandez, 2020).

Within the methodology approached in the
project, a statistical definition has been followed to
determine the level of quality for data in the urban
platforms, which is qualified by completeness and
correctness indicators defined as follows:

=  Completeness is calculated as equation 1

Completeness = nc / ne * 100 (1)

where the number of collected samples (nc) is
the counter of total samples stored in the
databases and the number of samples to be
expected (ne) is calculated as equation 2.

ne= freq * iter * time 2

The term freq is the data collection frequency,
while iter is the number of iterations and time
corresponds with the data collection span. For
instance, considering a frequency of 1 minute
along 1 hour, the period factor would be 60
iterations, with a total of expected samples
equal to 60.

=  Correctness is determined by the values within
the range to be expected, as depicted in
equation 3.

Xmin S X < Xmax (3)
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Where Xmax = upper limit and and Xmin = lower
limit. Here, the meaning of the values to be
expected should be remarked. In contrast to the
sensor range, which also sets up maximum and
minimum values, the value to be expected is the
one that is a normal quantity, between
reasonable lower and upper limits (Xmin, Xmax
respectively). For example, an indoor
temperature sensor could measure -5°C, which
is inside the physical sensor measurement
range, but it is considered as abnormal value.
In the case of energy meters, usually, these
measure cumulative values, so that infinite is
the maximum value and cannot have negative
values.

As established in the project, data quality
reporting is executed every 6 months, obtaining an
overview of the quality indicators in each data quality
report which helps to identify how suitable are data
collected for the KPIs calculation. Within each report,
if a data-set is identified as non-compliant with the
completeness and correctness criteria, granularity of
data report is reduced (i.e. from the 6-months
aggregation to monthly values) to determine the
reasons of the deviations with respect to the quality
criteria.

According to the timeline of mySMARTLife, data
collection started in December 2019, when the
interventions in the three cities finished (although
some actions present delays in the implementation).
Six reports are expected to be delivered during
mySMARTTLife project duration.

= Istreport (Dec‘19-May‘20)
= 2nd report (June‘20-Nov‘20)
= 3rd report (Dec‘20-May’21)
= 4th report (Jun'21-Nov"21)

= 5Sthreport (Dec’21-May’22)
= 6th report (June’22-Sept’22)

Four of them are reported at the time of writing
this paper and while the first three reports have been
fully analysed, only initial insights of the fourth report
are included.

According to (Aratjo, 2017), it should be
indicated that data completeness can be below 100%,
being 80% a reasonable threshold to consider data as
compliant with quality requirements. mySMARTLife
has slightly resized this number and a traffic light
analysis has been performed where values of
completeness lower than 75% are considered non-
valid, values with more than 90% are very high-
quality data, whereas between 75% and 90% are
considered with enough quality for further KPI
calculation.

4 CASES OF NANTES,
HAMBURG AND HELSINKI

As introduced, around 150 actions have been
implemented in the three lighthouse cities in the
mySMARTLIife project: Nantes (France), Hamburg
(Germany) and Helsinki (Finland) under the pillars
energy, mobility and ICT. Table 1 summarises the
type of project interventions in which data quality
method is applied.

Table 1: Lighthouses interventions in energy and mobility
pillars.

Category Interventions
Buildings High-performance districts for
Retrofitted and New buildings
Energy Digital boilers, PV, Organic PV films,
systems Hybrid solar power, Batteries
City District heating with RES, Hydrogen
infrastructure injection in district heating, Solar
power plant, Wind farm with storage,
Waste heat, Smart heating islands,
Heat pumps, Smart lighting
e-Mobility Electrification of public fleet (XXL
eBus, Autonomous bus, e-cars, e-
bikes), Car sharing
Charging Solar road, Smart/fast/renewable
infrastructure charging stations
4.1 Nantes

The first batch of interventions selected comprises the
hybrid solar power system plus the retrofitting of
individual houses. This intervention consists of two
data-sets: renewable production by the panels in
electricity (i.e. elec_prod_ind houses) and domestic
hot water (i.e. therm prod ind houses). Figure 1
depicts the completeness along the four periods. It can
be observed as the two initial periods cover 100% of

Completeness of the data samples for the hybrid solar power
system
® Completeness report 1 ® Completeness report 2 ® Completeness rep... ® Completeness ...
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Figure 1: Analysis of data completeness during the 4 reports
for the intervention of hybrid solar power system in Nantes.
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samples, while third period reduces the electricity
production to 83% and fourth period is empty. This
picture highlights the requirements in terms of
surveillance systems to generate alarms for avoiding
data losses as it is the case.

In terms of correctness, energy monitoring
production relies on energy meters, which, as
explained before, are cumulative and it should be only
checked that they are not negative. In this perspective,
Figure 2 represents the maximum values for each of the
periods (except the fourth one that does not contain any
data sample). In dashed black, the maximum expected
production for electricity and, in dashed pink, the
maximum expected thermal production. It can be
extracted that electricity production is less than the
expected maximum value; therefore, working as
expected. Nevertheless, thermal production exceeds
the maximum expected value in report #3.

Maximum values for the hybrid solar power system
©® Max value report 1 ® Max value report 2 ® Max value report 3 ® Max value report 4

lue for elec_prod_ind_houses: 801.00

Energy (kWh)

oF

Data sample

Figure 2: Data range of the hybrid power system variables
in Nantes.

Another example is related to PV (Photovoltaics)
plants and displayed in Figure 3, which is very
common in smart cities data collection. The first
report is empty due to the delays in the intervention,
but progressively, data completeness increased,
reaching 100% in the fourth report. This is the typical
schema, where first years entail the commissioning of
the monitoring systems (SmartCities Marketplace,
2018).

Completeness of the data samples for the PV plant
© Completeness report 1 ® Completeness report 2 ® Completeness rep... ® Completeness ...
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Figure 3: Data completeness analysis during the 4 reports
for the intervention of PV plant in Nantes.
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4.2 Hamburg

Starting with the intervention related to the hydrogen-
based district heating, it can be observed that the
behaviour is similar to the PV plant in Nantes. As
already explained, according to the Smart Cities
Marketplace (SmartCities Marketplace, 2018), first
years are focused on the calibration of the sensors and
systems, which is perfectly observed in Figure 4. The
first report only contains 26% of the data samples, but
second and third reports increase up to 96% and 99%,
respectively. The fourth report is not documented;
therefore, no statistical analysis is available.
Completeness of the data samples for the hydrogen district
heating
© Completeness report 1 ® Completeness report 2 ® Completeness rep... ® Completeness ...
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Figure 4: Data completeness analysis of the data-set for the
hydrogen-based district heating in Hamburg.

Due to the nature of the meter for the hydrogen-
based district heating, i.e. cumulative values,
extracting the maximum values range is not valuable.
That is to say, cumulative meters provide appended
values, i.e. summing the new value over the previous
one and instantaneous energy values can be only
obtained by subtracting consecutive samples. Then,
these measurements can reach infinite values and that
is the reason why the analysis of correctness,
complementary to the completeness, of this specific
action is not included here. In this line, an interesting
case is the one of the PV on roofs. This intervention
comes from previous years and just integrated data
into the digital urban platform. That is the reason why
100% completeness is achieved along the four
reports. However, in terms of maximum values, as
depicted in Figure 5, all the reports exceed the
maximum value for the generated electrical energy of
the PV. The reason is a slight change in the
configuration parameters than those from the original
design, allowing the detection of this misalignments
or mismatching. In other words, without the
application of this quality assessment procedure, this
error probably would have never been detected.
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Maximum values for PV on roofs

© Max value report 1 ® Max value report 2 ® Max value report 3 ® Max value report 4
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Figure 5: Data range of the PV on roofs electricity
generation in Hamburg.

4.3 Helsinki

The first selected action to illustrate the data quality
in Helsinki is the Viikki environmental house. It
consists of five variables, as observed in Figure 6. It
is worth to mention this Viikki house stated its
monitoring prior to the project, while new energy
management strategies and geothermal pumps are
part of the mySMARTLIife context. Moreover, this
building is considered as one of the most energy
efficient office buildings in Helsinki. These are the
reasons why there are very high values since the
beginning of the data collection for the total
electricity and thermal consumption, as well as PV
production. However, it is a good example to
demonstrate that there are no error-free data
collection approaches. The new variables introduced
within the project refer to the inlet and outlet
temperatures of the geothermal system. As expected,
similar to previous examples, data completeness is
higher each report, but the last report reduces the
percentage of completeness due to communication
errors in data transmission.

Completeness of the data samples for the Viiki environmental

house
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Figure 6: Data completeness analysis of the data-set for the
Viiki environmental house in Helsinki.

Maximum values for Kalasatama
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Figure 7: Data range of the Kalasatama high-performance
district in Helsinki.

In terms of correctness, the Kalasatama high-
performance district intervention, illustrated in Figure
7, is selected and shows the case of out of range
values, but these cannot be considered low quality. As
it has been explained in the methodology, maximum
and minimum values are expected according to the
experience. In this specific case, the building demand
is known, but the effects of COVID-19 are
highlighted. Figure 7 depicts the exceed of the
building heating energy consumption during 3" and
4" periods, when the Nordic COVID-19 strategy
encouraged working at home when possible. This
implies the increase of energy use to achieve comfort
along the entire day, incrementing the required
thermal energy. It is then clear that these values
cannot be classified as low-quality values, but
abnormal, which is the main objective of the data
quality approach. That is to say, not only discarding
data-set, but finding evidences of non-expected
behaviours as the case of Kalasatama.

S DISCUSSION

Data quality is pivotal to make accurate decisions and
calculate KPIs when evaluating performance of city
interventions. Data quality methodologies are
developed with high interest in the research field.
However, real status of the data quality should be
investigated. This is the case of the analysis
performed in this paper in the three cities of Nantes,
Hamburg and Helsinki. In this line, the need to put
efforts in better data collection approaches should be
remarked.

According to the Smart Cities marketplace
monitoring guide (SmartCities Marketplace, 2018),
real data quality is not reached until one year and a
half have passed since the end of the interventions.
Figure 8 draws the stages that are set along the time.
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While year 0 is considered as the finalisation of the
interventions, year 1 is related to the commissioning,
when data collection is being polished and errors or
bugs are being corrected. From the beginning of the
year 2 to mid-year, the optimisation of the data
gathering process is conducted and, since second year
and a half, the optimal operation is expected.

,\/- | & N —

< D' ¢ ) )

) Year0 1 )
1

Interventions Commissioning Optimising Optimal operation

Figure 8: Smart Cities marketplace monitoring guide.

This is exactly the case of mySMARTLife project.
As illustrated in Figure 9, Figure 10 and Figure 11,
the increase of quality from first year to second year
is notable. In Nantes, it can be observed as the second
year (dark blue) for the interventions contributes
more than the 50% of the quality, while first year
quality is very limited. Hamburg shows something
similar, although, in this case, the increment has been
lower (i.e. better performance during first year). In
contrast, Helsinki offers similar numbers during both
years analised, mainly due to the reason that many
actions were monitored before mySMARTLife.

Comparison of completeness between 1st and 2nd year in Nantes
®Comp st year ® Cq 2nd year

A23 Twenty new 24-meter...
Londres

A12. Hybrid solar power s...
A7. Digital boiler

A21. Decentralised photo...
A24 10-15 charging point...

Intervention

A1. Inspiration "new const...
A8.PV plant of building p..
A14 Power management s...
A21. Decentralised photo...
A22 Battery storage syste...
A22 Battery storage syste..
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40% 60% 80%
% of completeness
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Figure 9: Comparison of the data completeness during years
1 and 2 for the interventions in the city of Nantes.

Comparison of completeness between 1st and 2nd year in Hamburg
©® Compl 1st year ®Cc

1ess 2nd year

A17 Large scale solar plan...
A16. Humble lamppost
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A15. Smart street lighting
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A30. Load management

A14, Smart heating island...
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Figure 10: Comparison of the data completeness during
years 1 and 2 for the interventions in the city of Hamburg.
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Comparison of completeness between 1st and 2nd year in Helsinki
oC 1ess 1st year @ C | 2nd year

A3. Viikki Environment Ho...
A14. Optimise the amoun...
A1. Merihaka and Vilhonv...

AT1. Demostrate integrati...

Intervention

A16. Integration of Renew...
A2. Kalasatama High-Perf...

A17. Solar power plant im...

Q
R

20% 40% 60% 80% 100%
% of completeness

Figure 11: Comparison of the data completeness during
years 1 and 2 for the interventions in the city of Helsinki.

Finally, as introduced in the methodology, a three-
range assessment is made for the data completeness
of the three cities. Table 2 collects the results for
Nantes actions (numbered) during the first year
(reports R1 and R2) and a half (third report R3),
which evidences the previous sentence about the
increase of data quality along first year. Not all the
actions are included, discarding those with delays
and; therefore, not reported.

Table 2: Analysis of the completeness according to the
established ranges in the methodology for the Nantes
actions during the three first reports (R1, R2 and R3).

Action Data sample
Al Ener dem DH
Al Elect prod ind houses
Therm prod ind houses
A[i;& Elect cons charg_ stat
A2la Elec _prod
Elect injection
A21b Elect cons build
Elect injection
Elec _prod
A22 & Elect bat
A27 Elect stored batt
Dist_ebus
Ener cons_ebus
A23a Nb_pass_ebus
Nb _trips_ebus
Charg_stat uptime ebus
A24 Ener deliv_ebus
Nb charg op ebus
DHW cons
A7 gqDHW
Elect cons build PL

In the case of Hamburg (Table 3), data
completeness observed demonstrates an increment in
specific actions. There are cases with 100% of
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completeness already due to monitoring starting
before the reporting. Anyway, many of the actions are
green or yellow lights during the third report (R3)
with some minor exceptions for data samples, which
also demostrates the incremental data quality in smart
cities.

Table 3: Analysis of the completeness according to the
established ranges in the methodology for the Hamburg
actions during the three first reports (R1, R2 and R3).

Action Data sample

AlS Elect cons pub light
Elect cons pub light
Al6 Elect cons pub light
Elect_cons_pub light
Ener deliv_fast
A25 Nb charg op fast
Nb_diff users
Ener deliv_charging

A28 point
ev-status
Elec com
A3 Ener heat use
A30a Ener deliv fleet
1.0G - R.129 -

Zuliifter - Leistung
PV Prod. (kWh)
Stromzéhler -
Propangas
Kaéltemaschine (2Q1)
- Leistung
Elec prod WTI
Elec prod WT2
Elec prod WT3
Elec prod WT4
Elec prod WT5
Elec _prod
Elec prod
A5 Elec prod
Elec prod
Elec_prod
electrical BHKW1
Al3 & electrical BHKW?2
Al8 gas BHKW1
gas BHKW2

Al9a-b

Al7T &
A20

Finally, Helsinki, which already was highly
digitalised, demonstrates that more mature cities in
monitoring strategies can reach very valuable values
in terms of data quality, hence, better-informed
decisions. Table 4 is almost green with the exception
for the new data samples introduced in the project,
which follow the same trend as explained before.

Table 4: Analysis of the completeness according to the
established ranges in the methodology for the Helsinki
actions during the three first reports (R1, R2 and R3).

Action Data sample
Elec _cons
Al Ener heat
Elec cons
A2 Ener heat
Elec _cons
Ener heat
A3 Inlet T cool
Outlet T cool
PV _production
DC_consumption
Al4 & DC _prod
AL6 DH _consumption
DH prod
DC prod HP
Al6 DH prod HP
AlT & PV J)roduct%onl
AlS PV_production2
PV _production3

To summarize, after having received four raw
quality reports, 39% of the actions reach at this early
stage more than 12 months of high-quality data and
47% of actions report lower values for completeness
and correctness. The remaining 14% of the actions
refer to those interventions with deviations and later
starting monitoring date. Therefore, it was not
possible to report them yet during the periods of this
preliminary analysis of data quality.

6 CONCLUSIONS

Smart Cities are not only the future but the present.
Therefore, transformation plans for more liveable
spaces and more efficient cities are required.
Decisions should be made on the basis of real and
reliable data. Nevertheless, data, when available,
usually lacks of enough quality to make rationale
decisions.

On the other hand, digitalisation of cities is slowly
progressing and quality checks are not periodically
carried out. This paper aimed at assessing the real
data quality in cities, focused on the three cities of
Nantes, Hamburg and Helsinki. Methodologies are
wide and diverse, but these are not being
implemented properly. In this sense, the major lesson
learnt is the necessity of establishing the grounds
since design. The mySMARTLife project already
considered data quality when defining the open
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specifications framework through the interoperability
mechanisms and surveillance modules.

Even though efforts have been made in the
project, this study shows that data quality procedures
should not simply be implemented, but follow-up
processes are required. Having this in mind,
mySMARTLife established 6-month periodic
analysis of data, extracting qualitative values of data
quality for two main indicators: correctness and
completeness. In terms of correctness, out of range
values allow identifying abnormal situations in the
performance of the energy systems, mobility facilities
or city infrastructures. Moreover, completeness
indicates the data gaps to provide credible and
reliable results.

The three cities demonstrate that maturity levels
in the digitalisation processes are critical. Helsinki,
more advanced in digitalisation, already reports very
high data quality indicators. Nantes and Hamburg
provided a reduced data quality in the analysis
performed, but with good values considering that the
first year of data collection usually requires
corrections and commissioning activities. After the
first year, data quality increases, leveraging data
platforms to gather raw data, obtaining information
and, thus, extracting knowledge. mySMARTLife
project is currently analysing the 4% report, although
some results have been shown along the paper.
Additionally, two additional reports are planned for
the next stages of the project. That is to say, the future
plan is to continue analysing data quality to extract
best practices in the assessment methods.
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