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Περίληψη 
Η ανάλυση της ασφάλειας εξυπηρέτησης -ειδικά σε εκτεταμένα συστήματα τα οποία αφορούν σε μεγάλο 
πλήθος χρηστών και διαχειριστών- αποτελεί αντικείμενο δικαιολογημένα διαρκούς μέριμνας και ως εκ 
τούτου διαρκούς έρευνας. Επικεντρώνοντας στις αστικές περιοχές, όπου οι αλληλεπιδράσεις μεταξύ 
χρηστών και οδικής υποδομής έχουν μεγαλύτερη συγκέντρωση και είναι περισσότερο δυναμικές, η 
πολυπλοκότητα και η σημασία της έγκυρης ανάλυσης μεγεθύνεται. Στην παρούσα εργασία προτείνεται 
η χρήση πολυμεταβλητών εξειδικευμένων υποδειγμάτων χωρικής ανάλυσης και συγκεκριμένα του 
Προτύπου Χωρικών Σφαλμάτων (Spatial Error Model-ESM) για την εκτίμηση του κινδύνου οδικού 
ατυχήματος. Ωστόσο, τέτοιου είδους υποδείγματα, προκειμένου να είναι αξιόπιστα, τυπικά έχουν 
απαιτήσεις από μεγάλο πλήθος και ποικιλία δεδομένων. Η χρήση της συγκεκριμένης μεθόδου χωρικής 
ανάλυσης συνδυάζεται με την αξιοποίηση ‘ανοικτών’ (δημόσιων) δεδομένων, ενώ παρουσιάζονται 
αποτελέσματα από την εφαρμογή τους σε ρεαλιστικό και μεγάλου μεγέθους οδικού δικτύου (Ριάντ, 
Σαουδική Αραβία) που μέχρι την παρούσα ‘έκρηξη’ της διάθεσης χωρικών δεδομένων δεν θα ήταν 
δυνατή η εξαγωγή τους, χαρακτηριστικά που αποτελούν και την κύρια συμβολή της παρούσας εργασίας. 
 
Λέξεις κλειδιά: Χωρική Ανάλυση Αστικών Περιοχών, Πρότυπα Χωρικών Σφαλμάτων, Πληθυσμικά 
Δεδομένα, Οδική Ασφάλεια/Οδικός Κίνδυνος.  
 

Abstract 
Safety analysis in service systems –especially in extensive systems involving large populations of users 
and operators- corresponds to an issue requiring special attention and research. Road service systems 
stand for a distinguished paradigm of such cases, that users’ safety determines the provided level-of-
service and are related to decisions made at their design and operational phase. Focusing in the urban 
conglomerate, where the interrelationships among the users and the infrastructure are more dense and 
dynamic, the complexity but also the importance of relevant and accurate analysis is increased. The 
particularities emerging in the urban road systems, like recurrence and accident’s risk concentration, 
combined with spatial development and the correlations among alternative infrastructure features and 
users behavior, suggest the use of specialized multivariate models of spatial analysis. Here, the Spatial 
Error Model-ESM is proposed as a suitable method for analyzing crash data and estimating accidents’ 
risk. The use of such methods requires an extensive database, in quality, quantity and variety. Here, the 
crash dataset is enriched/supported by ‘crowed-sourced’, publicly available data, while the demonstrative 
application correspond to a large-scale urban space (Riyadh, KSA), presenting analytical results that 
before the current explosion of public data could not be estimated, providing a useful example of 
leveraging the currently available rich datasets. 
 
Keywords: Spatial Analysis of Urban Space, Spatial Error Model, Crowed-Sourced Data, Road Safety 
and Road Risk. 
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1. Introduction  

 
Road safety is a global epidemic, claiming 1.3 million lives annually. During the past 
decades, a lot of research and policy initiatives have been targeted at the limitation of 
this health problem. By identifying the road network as a service system, the efforts for 
improving its operational safety engages all participants, namely, users and operators 
(management authorities, police, etc.). In order to identify the role, the particularities 
and importance of each participant, various rigorous frameworks, practices and 
methods have been tested. These efforts are still developing, aiming to come up with 
suitable, adequate and effective amelioration measures for improving system’s 
operational safety. 

Data collection is the first step in trying to improve road safety, for example through 
the development of analysis models. While, however, in many European and North-
American countries, there are a lot of data available for such purposes, in many 
countries it is still not easy to obtain accurate, complete road safety data. Even when 
road safety data are available, however, it is often difficult to find other, related types 
of data, which can be valuable for modeling and correlation purposes. Examples of data 
that can be useful for road safety modeling and analysis include road network and urban 
structure data, weather data and traffic data.  

In this paper, we demonstrate how widely available, opportunistic, open-sourced data 
can be used to extract road network and urban structure data that can be used for road 
safety analysis. In this case, we leverage data from openstreetmaps.org, a free platform 
that provides user-generated and curated road network data. The steps to extract and 
process the spatial information are first presented. Then, the resulting processed data 
are used as explanatory variables in spatial econometric models that capture the spatial 
correlations in the traffic accident occurrence patterns. The main contribution of the 
paper comes from the fact that accidents data are enriched with open-sourced data and 
processed within a robust methodological framework such as to provide meaningful 
and important results concerning road safety. The importance of the open-sourced data 
is highlighted, giving more value to the initiatives that support the development of such 
crowed-sourced databases, but also promote safety research taking into account the rich 
information now widely available.  

The remainder of this paper is structured as follows. The next section offers a brief 
background review on data-driven safety research, focusing in the regions that suffers 
more from increased road accidents risk. Then, the methodological framework that is 
used both for descriptive as well as for explanatory analysis is presented in detail, where 
the data needs for using such models is highlighted. Then, the selected demonstrative 
test-bed is offered, while application results are discussed. Finally, the last section 
concludes. 

2. Background  

 
Road accidents risk estimation and prediction, for many years, is an active research 
area. Exhaustive review on this area is outside of the scope of this research, but, broadly, 
these efforts are distinguished in many categories based on the objective of each case, 
and can be organized in those relating accidents risk in a specific location/area (e.g. 
intersection, road stretch, region), on those aiming on the direct prediction of the 
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expected number of accidents over a period, or those estimating accidents’ occurrence 
frequency. The analytical frameworks that the alternative models and approaches have 
used, showed that accidents occurrence is related to large number of determinants, like 
users’ characteristics, traffic conditions, road/site configuration, design characteristics 
and environmental instances (Abdel-Aty and Pande 2005, Son et al., 2011, Karim et 
al., 2014, Theofilatos and Yannis, 2014). Most of these approaches are utilizing or 
taking advantage of large datasets.  
In the lack of such large and detailed datasets, a feasible alternative is to use publicly 
available information obtained from various channels and use a suitable analysis 
method that can treat the possible errors or data accuracy problems in a meaningful 
manner. It is also noted that when dealing with problems like safety analysis in large-
scale, spatially distributed systems (e.g. wide metropolitan areas), even detailed data 
collection processes are subject to data inaccuracies. In the current paper, the 
methodological framework used for analysis is based on econometric modeling of 
spatial systems, in the standards form of explaining dependencies by a set of 
independent variables, but identifying error correlations between adjacent regions. The 
details of this method is provided in the following section. 
 

3. Methodology  

 
Spatial econometric models are defined as the collection of techniques that deal with 
peculiarities caused by space in the statistical analysis of regional science models 
(Anselin, 2010). The location of the points determines the correlation and covariance 
of the variables. These models are used to address the problem of spatial autocorrelation 
and heterogeneity. A n×n matrix of the neighbor data points is required. The matrix is 
based on distance, contiguity or nearest neighbors. Distance-based matrices are 
structured by data points located in a specific threshold of Euclidean distance around 
each observation. In the second case, the points located within the same polygons with 
the observation are used. In the last case, which is the one used in this research, a 
number of k-nearest neighbor points is used to structure the weight matrix. 

The Spatial Error Model (SEM) assumes that there is a spatial dependence of the 
neighbor points in the error term. It is formulated as follows: 
 
                                                     Y Xβ λW u ε                                          (1) 
 
Where ε is the error term, W is the matrix and λ is the autoregression coefficient, which 
is applied to the spatial error term u. 
 
Other types of spatial econometric models are the Spatial Autoregressive model (SAR) 
which applies the spatial autoregressive term in the response variable; the Spatial 
Durbin Model (SDM) which applies it both in the dependent and independent variables; 
the Spatial Autocorrelation Model (SAC) requires two weight matrices one on the error 
term and another on the response variable. Finally, the Geographically Weighted 
Regression (GWR) is a “local” approach of linear regression, which provides spatially 
aware distributions of estimations as opposed to the “global” linear regression that 
results in single estimations. 
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The estimation of spatial econometric models is based on maximum likelihood or the 
general method of moments (GMM) (Kelejian and Prucha, 1999). When dealing with 
complicated data, the instrumental variables method is preferred in order to facilitate 
the estimation procedure.  

The increase in the availability of geographically referenced (spatial) data has enforced 
the debate for more accurate measurements and predictions of the spatially dependent 
attributes. The development of research tools equivalent for spatial econometric 
analysis – such as R (R Development Core Team, 2015) and GeoDa (Anselin et al., 
2006) – has contributed to the increase of the number of applications in different 
research fields.  

Spatial econometric models are valid only for the time when the data were collected. 
Elhorst (2003) and Kapoor et al. (2007) suggested the spatial panel models that include 
space and time lags for both dependent and independent variables. A number of tests 
to check the presence of spatial non-stationarity detected by the GWR, have been 
developed. The spatial variability of the independent variables is checked by the Leung 
tests (Leung et al., 2000). GWR is advantageous in terms of solving the issue of spatial 
non-stationarity; however, the estimation and calibration of this technique is complex, 
which usually discourages researchers from using it. The results of GWR are usually 
compared with OLS using the ANOVA tests but also Moran’s I measure (Fotheringham 
et al., 1998).  

Two tests are generally applied to measure the existence of spatial autocorrelation from 
the residuals of spatial econometric model specification: Moran’s I (Anselin, 1995), 
and the more recently developed, APLE (Li et al., 2007).  

4. Data collection and case study setup 

4.1. Traffic accident information 

The application of the proposed methodology is done for the conglomeration of the city 
of Riyadh, Saudi Arabia, where reliable data were processed (Dimitriou and Hassan, 
2013 and Hassan et al. 2013). The data used concerns only time and location of almost 
5,500 severe accidents for the period 2007-2011, that were obtained by an unbiased 
mechanism of location estimation based on real-time processed data from cellular 
phones. In particular, in the case that an accident occurred and reported by a phone call, 
a mechanism determines in real time the time and location of the accident and stores it 
in a dedicated database. The location is updated when enforcement or emergency units 
reaches accidents site. This mechanism can be regarded as a state-of-the-practice, tested 
and reliable operation that offers valuable information for accident analysis, able to 
cover the wide areas in a very detailed manner (Figure 1). 
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Figure 1: Accident location, depicted in a geoinformed thematic map.  

 
A post-processing of accidents location is provided in Figure 2, where the spatial 
distribution of the accidents is depicted and colored according to a magnitude-based 
clustering. 
 

Figure 2: Accident spatial distribution, clustered by number of accidents  

 

4.2. Road network and urban structure data 

As discussed above, part of the contribution of this research is in identifying, obtaining, 
processing and analyzing spatial road network and urban structure data. In this case, 
the openstreetmap.org repository was used as the source of the data. A spatial database 
was exported from the platform and imported into QGIS, an open-source Geographic 
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Information System (GIS). The database is composed by points, lines and polygons 
shapefiles. Different types of information can be extracted from the various shapefiles. 
In this case, the nodes of the network were extracted from the linear shapefile, which 
also provided the information about the streets and other linear elements. Additional 
information that was available for the road elements was exploited to infer the 
classification of the streets (e.g. distinguish motorways, or residential streets).  

Information about Points-of-Interest (POIs) was obtained from an analysis of the points 
shapefile. (The polygon shapefile was not used in this research). After the initial 
analysis was completed, a 500x500px grid was created, as shown in Figure 3. Then, 
various explanatory variables were created, including the number of 
nodes/intersections within each grid cell, the length of the road network within each 
grid cell, and the number of POIs within each grid cell. Information on the 
characteristics of the road network elements was also exploited to create combined 
variables, such as the ratio of motorways over the total network length within each grid 
cell, as well as the ratio between the residential streets over the total network length 
within each grid cell.  

 

Figure 3: Study area with grid superimposed  

In the following section, the demonstrative results of the above described 
methodological framework are provided and discussed.  

5. Model estimation results  

 
A spatial error model (SEM) was estimated using the data presented in the previous 
section. The model estimation was performed using the R software for statistical 
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computing (R Development Core Team, 2015) and the model estimation results are 
summarized in Table 1. The dependent variable is the log of the number of accidents 
per grid cell. The total number of observations was 27,060 (i.e. equal to the number of 
cells, in which the study area was divided). The explanatory variables are also entered 
into their model through their logarithm. All parameters are statistically significant 
different from zero for all commonly used confidence levels, and therefore the model 
can be considered powerful. The summary statistics also support the acceptance of the 
model. The λ (lambda) coefficient suggests that there is indeed strong spatial 
correlation across the cells, which is captured by the model error structure. The weight 
matrix W was constructed using twenty neighbor points (i.e. k=20). 
 
The positive coefficient of the log of the number of points of interest suggests that in 
areas with more POIs the traffic accident propensity is increased. Considering that no 
traffic exposure data are available for this analysis, this is a reasonable finding, and it 
can be hypothesized that this variable acts as a proxy to exposure. The positive 
coefficient of the number of intersections is also very reasonable, as it is well known 
that accidents tend to concentrate around intersections (see e.g. Yannis et al., 2010). 
The remaining two explanatory variables quantify the mix of roads within each grid 
cell. The log of the length of motorways over the total street network in each cell has a 
positive coefficient, which is again intuitive and possibly accounts for the higher speeds 
and higher exposure (traffic volume). The log of the length of the residential streets 
over the total street network length in the cell has a negative coefficient, most likely 
linked with the lower speed and traffic volume associated with local, residential streets.  
 

Table 1: Spatial Error Model Estimation Variable name Estimate t-test 
Intercept 0.0598 7.98*** 

Number of points of interest (log) 0.0367 6.32*** 

Number of intersections (log) 0.0363 14.52*** 

Length of motorways/total street network (log) 1.214 26.09*** 

Length of residential streets/total street network (log) -0.0797 -5.48*** 

Lambda (λ) 0.788 105.64*** 

R square 0.38  
AIC 3408  
Moran’s I -0.022  

 
 

6. Conclusions and Outlook  

 
Road safety is a key concern globally. Dealing with it requires quantifying not only the 
general trends, but also the underlying factors that determine them. However, the 
required data are often not available. In this research, it is demonstrated how sufficient 
data for an analysis using state-of-the-art spatial econometric models can be obtained 
from freely available databases. The advantages of such approaches are many. First of 
all, one does not depend on local agencies or authorities to provide the data. 
Furthermore, the data are constantly being updated through crowd-sourcing. Finally, 
the methodologies that rely on such data are directly applicable to any location in the 
world, as the openstreetmap platform is available globally.  
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Naturally, the degree of accuracy and completeness of the data is not the same 
everywhere. However, the case study presented in this research is not a limiting case 
biased towards full data. If anything, it may be considered a marginal case, in which 
the data may not be as complete as elsewhere, such as in Europe or North America.  
 
Future research directions include the application of further spatial econometric 
models, the clustering of the study area based on other principles (beside the naïve grid 
that we used in this research), and the incorporation of additional data sources, such as 
weather or traffic information.  
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