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Abstract—Analyzing data in a smart city often requires
aggregating a large number of heterogeneous sources into a
single system. For the selection of sources, it is necessary to first
assess each source. This will provide informed data choices and
improve the quality of decision making. The paper proposes a
formalization of criteria for evaluating data and a method for
evaluating a source based on the use of the proposed criteria. The
performance of the method was evaluated by analyzing data on
road accidents in St. Petersburg, Russia. Based on the analysis
results, three data sources were selected, for which the analysis
was carried out and the results were visualized.

I. INTRODUCTION

Many tasks related to the development of a smart city require
analysis of spatial and temporal data to predict how the
decisions made will affect the current situation. [1], [2]. An
example of such an analysis would be the analysis of the
traffic of the road network [3] for the planning of a new or
reconstruction of the existing infrastructure; recommendation
of attractions for tourist routes [4], the use of spatial data for
the analysis of objects on record, including outside the
visibility of surveillance cameras [5], [6]; researching the
needs of residents based on their feedback and posts on social
networks [7]. For all the tasks mentioned, it is required to
analyze data concerning space and time from a variety of
sources to track the dynamics of the situation in city districts.

When analyzing data from different sources, their
aggregation may be required to expand the context, as well as to
increase the accuracy and relevance of data through cross-
validation. Automatic integration requires the development of
methods for assessing the quality of knowledge, which will
allow ranking sources of knowledge and choosing for
integration only those that are of sufficient quality according to
the criteria of the problem being solved. Thus, the development
of criteria and methods for assessing the quality of sources of
spatio-temporal knowledge is an urgent task to improve the
quality of integration of knowledge from various sources of
knowledge.

An ontology-based approach can be used to aggregate spatio-
temporal data and knowledge. In particular, for the
representation of geospatial data, there is a standard for
describing geospatial ontology - GeoSPARQL from the open
geospatial consortium (The Open Geospatial Consortium, OGC)
[8]. The Open Geospatial Consortium is an international
consortium of more than 500 enterprises, government agencies,

research organizations, and universities dedicated to making
geospatial (location-related) information and services easily
found, accessible, interoperable, and reusable. The OGC
GeoSPARQL standard supports the presentation and querying
of geospatial data on the Semantic Web. GeoSPARQL defines a
vocabulary for representing geospatial data in RDF and defines
an extension to the SPARQL query language for processing
geospatial data.

To represent the concepts of time in the ontology, a standard
for the OWL-DL language has been developed since 2016. To
date, the standard is still being discussed and supplemented with
new concepts and relationships that make it possible to reflect
the features of entities related to time and use it in knowledge
representation systems [9], [10]. Attempts have also been made
to combine spatial and temporal ontologies in a common task to
perform inference in a content management system [11].

Representation of data from sources in the form of ontology
allows using existing methods of ontology merging and
alignment for aggregating data from various sources [12]. As a
result of such alignment, a common ontology or a top-level
ontology is formed, with the help of which it is possible to
solve the problems of searching for space-time slices by objects
of interest from several sources at once. Since the standards for
constructing the corresponding ontologies based on OWL are
used to represent the concepts of space and time, both
automatic methods [13]-[15] using space-time metrics of
similarity [16], and experts can be used to merge private
ontologies [17], [18].

In this work, the main attention is paid to the development
of a method for analyzing the quality of data when they are
aggregated from heterogeneous sources. Aggregation is
considered based on the example of data analysis on road
accidents in St. Petersburg, Russia. The main sources of data in
the above study are open statistics from the traffic police
website, road data from the OpenStreetMap portal, historical
weather data from the Weather Underground portal, and
OpenWeatherMap.

The article is structured as follows. Section 2 provides an
overview of works related to the analysis of the quality of data
from open data sources. Section 3 provides a method for
forming an assessment of the source of knowledge, taking into
account the priority of the criteria and normalizing the
assessments into a single assessment. Section 4 contains an
example of using the method to estimate sources when
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analyzing road accidents data. Section 5 describes an example
of data integration and visualization for road accidents analysis
in St. Petersburg, Russia.

II. RELATED WORK

Data quality is a major issue when using heterogeneous data
sources. This is especially true for spatial and temporal data,
which is due to the complexity of their processing and
presentation. Such sources can contain geodata (various maps),
the history of changes to various physical objects or characters,
or a sequence of events. There are two main ways of forming
spatio-temporal data sources: professional processing for
solving a specific problem or volunteering [19].

Professional cartographers most often form very accurate
knowledge, but they are limited to a narrow subject area. Also,
such data sources are updated much less frequently. The ability
to edit such sources is extremely limited and requires high
qualifications and experience [20]. Examples of this type of
source are knowledge provided through state portals, for
example, the Russian Open Data Portal [21].

Unlike professionals, volunteers can provide much more
information in a shorter time frame. At the same time, the filling
of the data source will be more voluminous due to the broader
expertise due to the larger number of participants. Filling of
sources is carried out using publicly available tools (cheap
sensors from mobile devices, free software), which have lower
accuracy, however, thanks to averaging data over several
volunteers, the quality of information becomes acceptable for
use in various applications [22]. An example is the
OpenStreetMap portal, which provides an open world map with
additional information about geographic features. The detail of
the map and the amount of available information about objects
strongly depend on the population density, subject area, and
external factors [23].

A review of studies devoted to assessing the quality of
knowledge from open sources, using methods of systems
analysis, showed that the concepts of data quality and
knowledge quality are used interchangeably and most often
imply multiple measures of compliance with the criteria for
using data in a specific task [24]. In this regard, three main areas
of research in this area can be distinguished: 1) the definition of
criteria for the quality of data and knowledge, ii) the definition
of a combination of criteria that are relevant for a specific task,
and iii) the formation of a general assessment for quality of data
and knowledge [25], [26]. A detailed analysis of the measures
applied is presented in the work [24]. It should be noted here
that most of the presented criteria are subjective and require the
involvement of experts to form an assessment. Only some of the
criteria, for example, accuracy/inaccuracy,
completeness/incompleteness, inconsistency, timeliness, can be
objectively calculated algorithmically, which makes them
especially valuable in assessing the quality of knowledge
sources [26].

To assess open sources of knowledge, additional quality
assessment measures can be used that clarify existing metrics,
for example, time accuracy of an event/object, thematic
accuracy, usability, logical consistency [27]. This is due to the
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lack of a single standard for the formation of open sources of
knowledge, as a result of which the knowledge in them is rather
heterogeneous and cannot be assessed as in the sources created
by the professional community. Quality indicators may also
include indicators of data and knowledge (for example, point
density), demographic indicators (population density according
to the geographic area for which knowledge is available), socio-
economic indicators, characteristics of volunteers providing
information [27].

When assessing knowledge from open sources [28] cross-
validation can also be used or expert communities can be
involved [23], [29], [30]. In the first case, automatic tools for
assessing the quality of knowledge are being developed, the
task of which is to find violations of consistency (consistency)
in the response of the data source to the request, in the second,
the assessment and comparison of the quality of data from the
source is a separate complex scientific problem [30].

Separately, we can highlight the use of an expert opinion to
form an assessment of the data source. Methods using experts
are based on the formation of a questionnaire that eliminates
ambiguity (for example, using a matrix of experts' answers
[31]), combining assessments from several experts and
forming a ranked list of sources. Also, probabilistic
assessment methods are used, which are based on the
distribution of the probabilities of obtaining high-quality data
depending on their semantic consistency [32].

There are also works based on the use of fuzzy logic to
assess the quality of data. For example, paper [33] presents a
system that evaluates three parameters (type of source, quality
of data extraction, age of source) for data sources in electronic
patient health records (EHR) based on fuzzy rules.

III. KNOWLEDGE SOURCE ASSESSMENT METHOD

A.  Criteria for evaluation

As a result of the systematization of existing studies on
assessing the quality of data and knowledge, a list of the most
frequently used criteria was identified [23]-[27]. Each of the
criteria was additionally ranked according to the frequency of
use and the complexity of the calculation. The estimation of
the frequency of use is normalized by the number of mentions
in the reviewed works (in normalization, the value "I1"
corresponds to the mention to each work, when the rating
tends to 0, the purity of the mention decreases), and the
complexity of the calculation was estimated from the
possibility of automatic assessment of the quality criterion: the
involvement of experts is required (0), partial automation is
possible (0.5), fully automatic (1). The use priority of the score
was calculated as the median value of the frequency of use and
the complexity of the calculation (All estimates are rounded to
the nearest hundredths).

e Accuracy / Uncertainty - how much data and
knowledge correspond to real values . As a rule, this
parameter can be estimated either by comparison with
other sources or by expert judgment. It is one of the
most important and frequently used criteria due to its

objectivity.
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Relevance - how well the knowledge corresponds to the
user's task. This criterion is irrelevant for a simple
analysis of data sources, but has a high priority in the
case of selecting data sources for a specific task;

Time relevance - How old the knowledge is from the
time it was introduced to the knowledge source until it
was used. Also, due to objectivity, the priority of this
criterion is high.

Representativeness how understandable the
knowledge is to a non-specialist. The assessment of this
criterion is objective, but can only be carried out with
the involvement of a large number of volunteers. It is
the participation of volunteers that is important here
since for a specialist this criterion will rather express an
assessment of the correctness of the data structure.
Accessibility - whether there are restrictions on access
to knowledge, whether the data source is open.
Completeness - the degree of knowledge sufficiency to
solve the problem. For this criterion, knowledge is
considered relevant, and it is assessed to what extent it
is sufficient to solve the problem.

Correctness (no errors) - the presence or absence of
inconsistencies in the data from the source. This
parameter can be estimated both within one data source
and with the involvement of other sources;

Consistency - how well the knowledge formats match
when re-accessing the source;

Timeliness - The rate at which data ages over time.
Misuse - the presence of data that should not be used
(as a rule, service information: indexes, identifiers,
metadata).

Table 1 shows the evaluation of the criteria mentioned above
regarding to frequency, difficulty, and priority in reviewed
scientific works. Cases with two values, such as “0.33 / 0.44”,
should be interpreted as values for “source analysis / for a
specific task”. For each of the criteria, units of measurement are
determined, which makes it possible to assess knowledge in
accordance with the criterion. Units are described in the next
section.

TABLE I. VALUES OF THE CHARACTERISTICS

Criteria Frequency | Difficulty Priority
Accuracy / Uncertainty [23]-[27] 1 1 1
Relevance [24]-[27] 0.23/0.76 0.5 0.36/0.63
Time relevance [23]-[25], [27] 0.76 1 0.88
Representativeness [24]-[27] 0.84 0 0.42
Accessibility [23]-[25], [27] 0.46 0 0.23
Completeness [25], [26] 0.15/0.38 0.5 0.33/0.44
Correctness (no errors) [23]-[27] 1 1 1
Consistency [24], [25], [27] 0.23 1 0.62
Timeliness [23], [25] 0.23 1 0.62
Misuse [26] 0.15 1 0.57

B.  Method description

A review of existing studies also found that evaluating a
sufficiently large number of criteria requires work with experts.
To evaluate sources with experts, it is proposed to use the
questionnaire, followed by the calculation of the integral value
for the data quality criterion. To formalize possible answers, it
was decided to use the apparatus of fuzzy sets to formalize
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expert assessments. The rationale for this choice is the
possibility of obtaining a numerical estimate corresponding to a
peak from the sets of possible answers, and then using this
estimate to form an overall estimate of the data or knowledge
source. In other cases, the criteria are assessed by numerical
characteristics from the range [0,1].

To calculate the estimates, linguistic variables were formed,
which were evenly divided into disjoint sets from the range
[0,1]. The following are the values of the variables for those
criteria where expert judgment is required:

e Relevance. Expert judgment is required. For the

assessment, 5 linguistic variables are introduced
(“irrelevant”, “rather irrelevant”, “impossible to
assess”, “rather relevant”, “relevant”), which are

uniformly mapped to the range [0,1] using fuzzy sets.
Representativeness. Also expert judgment is required. 5
linguistic ~ variables  ("unrepresentative", "rather
unrepresentative", "impossible to evaluate", "rather
representative", "representative"), which are uniformly
mapped to the range [0,1] using fuzzy sets.

Availability. Expert judgment is required. Three values
are used, 0, 0.5, 1, which correspond to closed sources,
sources with licensed use restrictions, and open

sources.
e Completeness. For the assessment, 5 linguistic
variables are introduced ("incomplete", 'rather
incomplete", "impossible to evaluate", "rather

complete", "complete"), which are uniformly mapped
to the range [0,1] using fuzzy sets.
Timeliness. Expert judgment is required. Three
variables are introduced: "low", "medium", "high".
Misuse. Expert judgment is required. 5 linguistic
variables are introduced (“wrong”, “rather wrong”,
“impossible to evaluate”, “rather correct”, “correct”),
which are uniformly mapped to the range [0,1] using
fuzzy sets.

For the rest of the criteria, within the framework of the
proposed method, a calculation method based on an automatic
analysis of the source characteristics is determined:

e Accuracy / Uncertainty - can be considered as the ratio
of the number of objects in the data source to the
number of actually existing objects. The range of
values is [0,1].

Relevance. The older the information, the lower the
relevance. It can be estimated as the inverse
relationship to the difference between the date of
inclusion in the source and the date of use. Range is
[0.1]

Correctness. It can be automatically estimated as the
ratio of correct cases of data extraction and comparison
from various sources to the total number of requests.
Consistency. It can also be automatically estimated as
the ratio of correct cases of data retrieval from one
source to the total number of requests.

Thus, the entire method can be represented as the following
set of actions:
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1)
2)

Selection of criteria according to the priorities for the
source.

Determination of the possibilities of automatic
calculation of criteria. The ability is determined by
the availability of data required for automatic
calculation, such as the date of the last update, the
ability to estimate the real number of objects, the
presence of several versions of the dataset.

If a more complete analysis is required, then experts
should be involved to carry out the assessment
according to the relevant criteria.

All estimates are normalized for conversion to the
range [0,1].

Normalized estimates are multiplied by the value of
the priority of each criterion and summed up to obtain
an integral estimate of the source.

Sources are ranked according to the given ratings and
the sources with the highest ratings are selected.

3)

4)

5)

6)

IV. EXAMPLE OF ANALYSIS OF DATA SOURCES

The main data source is the traffic police statistics portal. On
it every month, data on accident cards are downloaded from the
internal traffic police systems filled in by employees at the
scene of incidents. To assess the quality of data in this source,
the following criteria will be considered: completeness,
accuracy, timeliness, correctness, relevance, misuse. Criteria
such as availability and representativeness are not considered in
this case, because the data sources used were selected in
advance in such a way that they always have free access, and
the data form in them has complete decoding and can be
automatically brought to any understandable representation.

One of the most important criteria for data quality is its
relevance. In this case, the relevance of the data is associated
with the city's road infrastructure, which is constantly changing,
and therefore the data on dangerous road sections can be
relevant for many years, if no adjustments are made to the
traffic regime in some sections, and may become outdated after
the road works. The relevance of such data can be assessed
automatically using the analysis of emergency-dangerous
locations. The method of calculating the relevance turns out to
be quite simple in this case, namely, it is necessary to select
emergency-dangerous places and, by them, find out the number
of accidents occurring by months. If the average number of
accidents in such a place has not changed for many years, then
the data is still relevant, and if the number of accidents has
dropped sharply, then adjustments have been made to the road
network and the old data have become less relevant. For greater
accuracy of cutting off data that are no longer relevant, an
interval of at least 2-3 last months should be taken. Thus, the
criterion of the timeliness of the data is also variable for
different places in the city and it is impossible to calculate its
total value, which would fit all the data. Since all of interval
consist data, the relevance if the source is estimated as 1 as well
as timeliness is also estimated as 1.

An equally important criterion for data quality is its
correctness. During manual analysis of the extracted data, a
frequent error in the data related to the address and coordinates
was revealed: the coordinates do not always correspond to the
address and the address does not always contain the correct
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value. These inaccuracies are associated with the human factor
and malfunctions in the equipment of the accident employees,
which determine the coordinates of the scene of the accident. In
total, erroneous coordinates have 14.9% of all data. Therefore,
the correctness can be estimated as 0.851.

However, it was found that most often one field from a pair
of coordinates - the address is correct and on its basis, it is
possible not only to check the correctness of the data but also to
restore it in automatic mode. To do this, you need to use another
data source. In this case, it was decided to choose the
Geocoding API, which allows to get coordinates by address and
vice versa. The reliability of this service in terms of providing
correct geographic data is an order of magnitude higher than on
the traffic police portal and using it you can improve the
correctness of the data and, as a result, their quality.

The next data quality criterion to be considered is
completeness. Although the accident cards contain quite a lot of
different information about both the location of the accident and
the participants, there are several gaps in them. One of them is
the weather at the scene of the accident. In the accident cards,
such information is presented rather scarcely, however, adding
an additional source of information can increase the
completeness of data on road accidents. In this case, the
OpenWeatherMap service was chosen as such a source. Using
it, full weather data can be acquired for the accident point by
coordinates and time of the incident. Estimation of the
completeness based on lacks in weather type (8.85%),
incomplete information about road conditions (0.5%), and road
types (0.01%) is 0.9109.

The criteria for data accuracy can also be checked
automatically in this case, but the data are always provided by
services in a standardized form and correspond to their fields,
and the amount of service information in them is minimal and is
also used within the system, so evaluation of accuracy is 1.
Misuse of the data is also not possible due to datasource
specific, so the evaluation is “correct” and the numeric value is
1. The result evaluation of the used data sources are presented in
the Table II.

TABLE II. ESTIMATION OF USED DATA SOURCES

Accidents Data
0.9109

OSM
1

Criteria
Completeness
Accuracy
Timeliness
Correctness
Relevance
Misuse
Overall

OpenWeatherMap
1

1 1
1 1
1 1
1 1
1 1
4,4518 6 6

4,64 4,64

V. INTEGRATION AND VISUALIZATION OF ACCIDENT DATA

In order to aggregate different data sources, it is necessary to
have an idea of the internal structure and what information is
contained in each element of sources. A solution is to present
the source metadata as an RDF graph. The road accident has an
event nature and represents a point in space and time. In this
way, the initial graph has two vertices: a location and a
timestamp. The graph is extended when new data sources have
new information about the road accident domain or remain
unchanged in case there is no to add. The merging process is




based on searching the closest hyponym vertices. In this work,
ontology is manually created for road accident cards (Fig. 1). In
the future, the process of creating and expanding an ontology
will be automated. And the expert's work will be to check the
system operation.
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Fig. 1. Ontology for road accidents description

Data scrapper and data provider for microservices in the
system are combined together into one web service. This service
is written in Java using the Spring framework and the following
libraries: Hibernate, Gson, Lombok. Data is stored in the
PostgreSQL database with the PostGIS plugin. All interactions
with the service are performed via REST API. As a starting
dataset, accident cards were received for the last 5 years for
Saint-Petersburg and Leningrad region. The number of received
cards is approximately 55 000.

In a software implementation, Plotly for points visualization
and PostgreSQL for data storage are used. The task was divided
into the development of four microservices: a microservice for
obtaining weather information, a microservice for obtaining
traffic incidents cards, a clustering microservice, and a
visualization microservice. The clustering algorithm is written
in Python using the K-means algorithm. The algorithm
minimizes the total squared deviation of cluster points from the
centers of these clusters. The algorithm stops when there is no
change in the intracluster distance on some iteration.

Fig. 2 shows the visualization of clustering results depending
on the number of vehicles. The visualization shows the
concentration of road accidents with the number of vehicles 1,
2, and 3, which may indicate safety problems in these areas. By
using data from OSM and comparing it with data from the crash
card, it is possible to identify the types of streets on which a
large number of accidents occur. Integration with the weather
service allows you to additionally categorize the accident areas
according to weather conditions. For example, you can filter out
accidents 1nvolv1ng heavy rain or snow, br1ght sun, or fog.

Fig. 2. Traffic incidents map based on involved vehicles
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Fig. 3 shows another example of data visualization. In this
example, the main criterion is the type of incident. The
correspondence between labels and types of incidents is
presented in Table I11.

.4

label

Fig. 3. Traffic incidents clustering map based on involved vehicles

TABLE IIL LABELS DESCRIPTION FOR FIGURE 3
Label Description
1 Collision
2 Hit a pedestrian
3 Hitting an obstacle
4 Passenger fall
5 Hitting a cyclist
6 Hit a stationary vehicle
7 Exit the road
8 Rollover
9 Another type of accident
10 Hit on an animal
11 Collision with a person who is not a road user performing the service
12 Collision with a person who is not a road user performing the work
13 Throwing an Object
14 Hit a sudden obstacle
15 Collision with a person who is not a road user who carries out any
other activity
16 Drop of cargo
17 Hitting a horse-drawn vehicle
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The simple display of points on the map makes it very
difficult to find places of concentration. In this regard, the
DBSCAN clustering algorithm was used, which performs
clustering based on the spatial proximity of points. Fig. 4 shows
an example of filtering clusters depending on the number of
accidents in it. As a result of clustering with distance parameters
of 2 meters and the number of points in the cluster at least 20,
more than 50 clusters were obtained, in which the dependence
of the number of accidents on road conditions is clearly traced.
Almost all the clusters obtained are concentrated at intersections
and these roads are among the most heavily loaded roads in
St. Petersburg.

VI. CONCLUSION

The criteria proposed in the work allow for a preliminary
analysis of data sources for their inclusion in the analysis
system. The source assessment method provides an objective
assessment of each source and the formation of an integrated
assessment, based on which a decision on the use of the data
source can be made.
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The method was tested on a system for analyzing data on the
causes of road accidents. When using the method, data sources
were assessed, among which were the accident statistics
website, the OpenStreetMap map service, and weather services
for obtaining historical weather data. As a result, services were
selected that provide the required level of data quality and were
aggregated in order to visualize the clusters of accidents and
their connection with the causes.

Further work will focus on connecting more data sources and
conducting a comprehensive analysis to identify dangerous road
sections and developing a driver warning module when
approaching an emergency dangerous section, in order to
increase the attentiveness and accuracy of driving.
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