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Abstract

The main purpose of the present study is to investigate individual driver’s behavior by us-
ing the data from a driving simulator, in order to distinguish the best drivers and identify
the problematic behavior of ‘underperforming’ drivers. To this end, 129 participants with
different age and gender were enrolled to take part in a particular simulator scenario (i.e.,
curve taking) and their speed, acceleration and lateral position, the three most important
driving performance indicators based on literature review, were monitored at various points
(before, during and after the curve) while driving a STISIM simulator. As a widely accept-
ed tool for performance monitoring, benchmarking and policy analysis, the concept of
composite indicators (Cls), i.e., combining single indicators into one index score, was em-
ployed, and the technique of data envelopment analysis — an optimization model for meas-
uring the relative performance of a set of decision making units, or drivers in this study —
was used for the index construction. Based on the results from the model, all drivers were
ranked, and valuable insight were gained by comparing the relative performance of each
driver. Finally, the sensitivity of the results was examined.

Keywords: Data Envelopment Analysis, Composite indicators, Drivers relative perfor-
mance, Driving simulator.

1 Introduction

Road safety continues to be one of the world's most serious public health issues. Although
road safety actions taken so far have been effective, the number of road fatalities and casu-
alties remain unacceptably high. Every year, the lives of almost 1.24 million people are cut
short as a result of road traffic crashes, and between 20 to 50 million more people suffer
non-fatal injuries, with many incurring a disability as a result of their injury [WHO, 2013].
Accordingly, the United Nations has declared the period 2011-2020 as the "Decade of Ac-
tion for Road Safety". The aim is to stabilize and then to reduce mortality caused by road
crashes worldwide (http://www.who.int/roadsafety/decade of_action/plan/en/).

To make progress on road safety, it is widely agreed that rather than only focusing on crash
data, more policy attention should be paid to the underlying risk factors influencing safety,
which can be classified as related to human, vehicle, road and environment. As mentioned
in a large number of in-depth accident investigation studies, inappropriate road user behav-
ior is the major contributory factor in over 90% and the sole cause in 57% of all crashes
[Treat et al., 1977, Rumer, 1982, Green and Senders, 2004]. Moreover, following from the
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modal split (and the majority of kilometers travelled by drivers), drivers represent a large
share in the number of road fatalities (See Table 1). As a result, better understanding the
behavior of different drivers is an essential component for future safety improvements on
the roadways of the world.

Table 1. Share of road fatalities by road user type and road category [European road statistic, 2012]

Road user type Rural Motorway Urban Total
Driver 69.10 % 61.07 % 50.47 % 61.31 %
Pedestrian 10.68 % 10.65 % 36.70 % 20.78 %
Passenger 20.16 % 28.22 % 12.81 % 17.87 %
Unkown 0.05 % 0.05 % 0.02 % 0.04 %

Over the last decades, although numerous studies have been carried out with the purpose of
investigating driver behavior on safety, there is limited research on individual driver risk in
the traffic and human factor engineering field. This is an important gap because identifying
and analyzing high-risk drivers will greatly benefit the development of proactive driver ed-
ucation programs and safety countermeasures. Therefore, the aim of this study is to evalu-
ate relative performance of (car) drivers at the individual level, using data from a fixed-
based driving simulator. The technique of data envelopment analysis (DEA) in general, and
the multiple layer DEA based composite index model in particular, are employed which to
our knowledge is the first time that DEA is used for the evaluation of drivers’ performance.
The results will lead to distinguish the best drivers and advise some improvements to the
underperforming drivers.

2 Methodology

Data Envelopment Analysis (DEA), originally developed by Charnes, Cooper, and Rhodes
(CCR) in 1978, is a non-parametric optimization technique that uses linear programming to
measure the relative efficiency of a set of decision making units (DMUSs), or drivers in this
study. It has become an alternative and a complement to traditional central-tendency anal-
yses and has a number of advantages. As Golany and Roll (1989) pointed out, DEA can be
applied to: rank the DMUs, evaluate the effectiveness of programs or policies, identify
sources of inefficiency, and create a quantitative basis for reallocating.

In recent years, there has been an increasing interest in the application of DEA for compo-
site indicator (Cl) construction, in which single indicators are aggregated into one index
score that provides comparisons of DMUs in complex and sometimes elusive policy issues.
Since the first DEA-based Cl model proposed by Melyn and Moesen (1991), various in-
dexes have been developed by using the DEA technique. The environmental performance
index [Fére et al., 2004], the human development index [Despotis, 2005], the macro-
economic performance index [Ramanathan, 2006], the sustainable energy index [Zhou et
al., 2007], the internal market index [Cherchye et al., 2007], the technology achievement
index [Cherchye et al., 2008], and the road safety performance index [Hermans, 2009], are
examples among others. Furthermore, as a valuable extension of the basic DEA-based Cl
model, Shen et al. (2011; 2012) proposed a generalized multiple layer DEA model
(MLDEA) and a MLDEA-based CI model, which took the layered hierarchy of indicators
into account.

More specifically, suppose that a set of n DMUSs is to be evaluated in terms of s indicators
(y) with a K layered hierarchy, the MLDEA-based CI model can be formulated as follows
[Shen et al., 2012]:
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where s® is the number of categories in the k™ layer (k=1, 2, ..., K). s®=s.
AEE) denotes the set of indicators of the f " category in the k™ layer.

W?:) denotes the internal weights associated with the indicators of the f ™ category in the k™"

layer, which sum up to one within a particular category. ® denotes the restrictions imposed
to the corresponding internal weights.

The main idea of this model is to first aggregate the values of the indicators within a particu-
lar category of a particular layer by the weighted sum approach in which the sum of the in-
ternal weights equals to one. With respect to the final layer, the weights for all the sub-
indexes are determined using the basic DEA-based CI approach. In general, the model (1)
reflects the layered hierarchy of the indicators by specifying the weights in each category of

each layer. Meanwhile, by restricting the flexibility of these weights, denoted as © con-
sistency with prior knowledge and the obtainment of acceptable layer-specific weights are
guaranteed, which cannot be realized in the one layer model. For the detailed deduction pro-
cess of the model, we refer to Shen et al. (2011; 2012).

3 Indicators of driving behavior and their definition

In general, driving behavior is the vehicle control in longitudinal and transverse direction.
According to the European “Safety Handbook in Secondary Roads” [Gatti et al., 2007], the
speed, acceleration, and lateral position are the three most common parameters to describe
and analyze the behavior of a driver. These parameters are physical and geometrical values
which can be measured or calculated.

3.1 Speed

The speed is the distance travelled divided by the time of travel. Basically, there are two
different speeds: the speed which is only influenced by the traffic facility and the environ-
ment and the speed which is additionally influenced by traffic. To investigate the impacts
of road geometry and environment a speed which is not influenced by traffic should be
considered. For this purpose, the spot speed can be used which is the speed in a defined
spot at a defined time.

3.2 Acceleration
The acceleration is defined as the speed change within a time interval. Regarding the direc-

tion of acceleration, there is a longitudinal and transverse acceleration. The longitudinal ac-
celeration is a value of speed change and can be used, as well as the centrifugal accelera-



tion, as comfort criterion which gives information about how fast a driver changes the
speed or which curve speed is accepted.

3.3 Lateral position

The lateral position is the position of the vehicle within a lane. It is a geometrical value
which is e.g., the distance between the center of the road and the vehicle’s longitudinal axis.
This indicator gives the possibility to analyze the driven track. Especially in curves the lat-
eral position of cars is a perfect indicator to investigate corner cutting.

4 Data collection and analysis

This study aims to investigate the driving behavior of different drivers in and nearby a
curve. Horizontal curves, particularly on two-lane rural roads, have been recognized as a
significant safety issue for many years: crash rates are 1.5 to 4 times higher on horizontal
curves than on straight road sections, and 25- 30% of all fatal accidents occur in curves
[SafetyNet, 2009a].

In doing so, 129 drivers - aged between 18 and 54 years old - were enrolled to drive, using
a fixed-based high-fidelity driving simulator (STISIM M400; Systems Technology Incor-
porated), in an existing stretch of two-lane rural road in Belgium with a left-oriented com-
pound curve, preceded by a long tangent and characterized by complex geometrical align-
ment. Data on the three aforementioned driving performance indicators, i.e., speed,
acceleration and lateral position, are collected from the simulator.

4.1 Data processing

Data analysis for these three indicators are based on values obtained at eight different
measurement points along the driving scenario, i.e., P1=500m, P2=166m and P3=50m be-
fore curve, P4=curve entry, P5=middle curve, P6=curve end, and P7=50m, P8=100m after
curve, for each driver. Before using the raw data in the model, the following process was
conducted for each point, separately.

4.1.1 Speed

Apart from the emergency services, nobody should drive faster than the legal speed limit.
As a result, based on their driven speed, i.e., below or equal to 70 km/h on the one hand and
above 70 km/h on the other. Next, by using hierarchical cluster analysis in SPSS, each
group is further divided into several sub-groups. Finally, all the sub-groups were assigned
ascending grades starting from 1, illustrating the degree of each driver’s performance, so
that the lower the grade, the better the performance. This process is carried out in each of
the eight points, respectively. Table 2. shows the results of clusters at point 1 (500m before
the curve).given the posted speed limit of the road in the simulated and real environment of
70 km/h, all the drivers are first divided into two groups.

Table 2. The threshold of speed clusters at point 1 (500m before the curve)

Drivers driving with a speed <70 Km/h Drivers driving with a speed > 70 Km/h

Speed range Nr. of drivers (%) Grade  Speed range Nr. of drivers (%) Grade
(68.54,70.00] 35 (27.13 %) Nr.1  (70.53,77.47) 43 (33.33 %) Nr. 4
(64.66 ,68.15) 19 (14.73%) Nr.2  (77.58, 86.07) 20 (15.50 %) Nr. 5

(59.03, 61.59) 8 (6.2%) Nr.3  (96.25,106.00) 4 (4.65 %) Nr. 6




4.1.2 Acceleration

Like speed, the hierarchical cluster analysis is applied on the acceleration data at different
points. As a result, each group is allocated a grade indicating its performance. Table 3.
shows an example of grading at point 4 (curve entry).

Table 3. The threshold of acceleration clusters at point 4 (curve entry)

Threshold for “Acceleration” in point 4

Acceleration range Nr. of drivers (%) Grades
(0.273,0.736) 43 (33.33 %) Nr. 1
(0.751 , 0.920) 36 (27.91 %) Nr. 2
(0.936 , 1.126) 24 (18.60 %) Nr. 3
(1.151, 2.439) 26 (20.16 %) Nr. 4

4.1.3 Lateral position

Since the road width in the simulator scenario is 2.8m, based on the average passenger car
dimension, drivers are assigned a grade according to Table 4. A score of 1 indicates best
performance because he/she drives in almost the middle of the lane, while a score of 3 is
given to the worst performers because they pass either the center-line or edge-line of the
road. Finally, drivers not belonging to these two groups are assigned a score of 2.

Table 4. The threshold of lateral position clusters

Threshold for “Lateral Position” Grades
13<LP<1.5 Nr. 1
095<LP<13 o0or 15<LP<1.85 Nr. 2
LP<0.95 or LP>1.85 Nr. 3

4.2 Model preparation

In this study, the MLDEA-based CI model is applied to evaluate the driving performance of
each of the 129 drivers by taking into account all the 24 hierarchically structured indicators
(see Fig. 1.). In doing so, the model (1) is restructured by minimizing the resulting index

scorel, subject to the condition that the set of weights obtained in this manner for each
driver must also be feasible for all the other drivers included in the calculation.

I Remember that the raw data have been transformed on an ordinal scale with 1 represent-
ing the best category.
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Fig. 1. Hierarchically structured driving behavior indicators

With respect to the weight restrictions, for the first layer, the driving performance during
the curve is considered to be more important than before or after the curve. Therefore, a
relative weight restriction is given ensuring that the indicators in and during the curve, i.e.,
at points P4, P5, and P8, receive a higher weight than the other points. Regarding the se-
cond layer, to guarantee that all the three indicators of driver behavior - speed, acceleration
and lateral position - will be used to some extent by the model, the share of each of these
three factors in the final index score is restricted to be equal with 30% variability, which
thereby lies between 0.233 (= 1/3 x 0.7) and 0.433 (=1/3 x 1.3), respectively, as lower and
upper bound, yet is rather broad to allow a high level of flexibility.

5 Results
5.1 Index scores and drivers ranking

By the application of the MLDEA-based CI model, 24 driver performance indicators are
now combined into a composite index score for each driver by selecting the best possible
indicator weights under the imposed restrictions. As a result, the index score of each driver
is calculated in relation to all the other drivers. In case the lowest possible index value is
equal to 1, a best performer is identified. Underperforming drivers will obtain an index val-
ue larger than 1. Apart from identifying the best-performing and underperforming drivers, it
is possible to rank them based on their calculated index scores (see Table 5.).

Table 5. Drivers™ ranking

Driver’s Nr. | 48 49 47 106 .. | 95 21 74 84 28 63
Index Score 1 1 1 1.01 | ... | 198 | 1.99 | 200 | 2.01 | 2.03 2.08

Moreover, Table 6 shows the categorization of the drivers into five groups based on their
index scores. Drivers with index score larger than 1.25, typically should receive additional
training or performance review by supervisors. Furthermore, it is possible to help each
driver to improve his/her performance by means of training in the aspect of the most prob-
lematic parameter.

Table 6. Drivers categories

Performance Index score Nr. of drivers in each group  Percentage of drivers

High 1 2 155 %
Relatively high (1, 1.25] 45 34.88 %




Medium (1.25, 1.5] 45 34.88 %
Relatively low (1.5,1.75] 19 14.74 %
low >1.75 18 13.95 %

5.2 Comparison of drivers in terms of driving performance indicators

In order to make comparison between best-performing and underperforming drivers, their
performance in each aspect is depicted in the following sections.

5.2.1 Speed

Speed is at the core of the road safety problem. Very strong relationships have been estab-
lished between speed and crash risk and severity. In fact, speed is involved in all accidents:
no speed, no accident. In around 30% of the fatal accidents, speed is an essential contribu-
tory factor [SafetyNet, 2009b]. At a higher speed, it is more difficult to react in time and
prevent an accident. Fig. 2 shows the speed of best-performer versus two worst-performers.
The two underperforming drivers are distinguished as worst-performer either because of
their high speed or evasive changes during curve. The best-performer, on the contrary,
drives smoothly bellow posted speed limit.

Fig. 2. The speed of the best-performer versus two worst-performing drivers
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5.2.2 Acceleration

The total acceleration can be decomposed into longitudinal acceleration and lateral acceler-
ation. The longitudinal acceleration, indicating how fast a driver changes her/his speed, is
shown in the left-hand side of Fig. 3. According to Lamm and Chouriri (1987), the ob-
served deceleration rates when approaching horizontal curves should not be significantly
different from -0.85 m/s®. Even though others proposed higher acceptable values up to -
1.34 m/s? and -1.8 m/s? [Hu and Donnel, 2010]. It can be seen that the worst-performer ex-
ceeded dramatically the maximum threshold when approaching and leaving the curve. On
the other hand, the lateral acceleration - indicative of how fast a driver changes her/his di-



rection, shown in the right-hand side of Fig. 3. - confirms inappropriate driving behavior of
the worst performer.

Fig. 3. The acceleration of the best-performer versus the worst-performer
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5.2.3 Lateral position

When driving, it is commonly accepted that the higher the variability in the lateral position
of a vehicle, the less safe of a driver [COST, 1999]. By comparing the performance of the
best-performer and the worst-performer with respect to their lateral positions in this exper-
iment shown in Fig. 4., it is easy to see that the worst performer was involved in more dan-
gerous situation. However, according to the threshold of lateral position indicated in Table
4., it should be noted that although the best-performer in this experiment was doing obvi-
ously better than the worst one, he was still not doing perfect, especially when he was en-
tering and leaving the curve.

Fig. 4. The lateral position of the best-performer versus the worst-performer
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6 Sensitivity analysis

It is important to rigorously investigate the robustness of the indexes or the stability in the
output (i.e., drivers’ ranking) given small changes in the indicator set. Hence, we consid-
ered following 8 scenarios: in scenario 1, the point 1 (500 m before curve) is excluded; in



scenario 2, the point 2 (166 m before curve) is excluded, and so on. In each scenario, the
index score of each driver was recalculated. The results for the 10-first and 10-last drivers
in the ranking are presented in Fig. 5., which provide insight into the sensitivity of each
driver’s scores with respect to each scenario and indicate driver nr. 48 as a robust, overall
best performing driver who obtains an index score of one in all the scenarios.

Fig. 5. Boxplot of drivers when eliminating indicators at one point at a time (10-first and 10-last
drivers in the ranking)
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7 Conclusion and future research

In order to measure the multi-dimensional concept of driving performance which cannot be
captured by a single indicator at one point in time, we investigated in this study the con-
struction of a composite driving performance index for drivers evaluation. In doing so, a
multiple layer DEA-based composite index model was applied on a hierarchy of driving
performance indicators. Based on this model, the most optimal driving performance index
score for each of the 129 drivers was determined by combining all the 24 hierarchical indi-
cators. Apart from identifying the best-performing and underperforming drivers, all drivers
were ranked based on their calculated index scores, and their relative performance with re-
spect to speed, acceleration, and lateral position was compared. In addition, robustness of
the results was checked by means of sensitivity analysis. Based on the results, it would be
useful to train particular drivers in different tasks in the simulator, according to each driv-
er’s weakness.

Future research on the composite driving performance index can be done concerning the
data, i.e. adjusting the model in order to allow the use of raw data instead of assigned
grades to different indicator clusters. In addition, other road types or other sections of road
(e.g., intersections) as well as roads with different speed limits may be considered.
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