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Abstract: Road transport is the principal means of transporting freight and passengers in most
developing countries, but several factors, both alone and in conjunction, contribute to increased
inefficiency, risk and instability in the sector. The main factors are related to the high number
of accidents, structural precariousness, fleet obsolescence, low-skilled drivers and high rates of
greenhouse gas emissions. This paper evaluates the influence of implementing a training and feedback
procedure associated with event data recorder (EDR) systems for the promotion of better behavior
among professional drivers based on safety, operation and economy criteria. The analyses are based
on interventions that were carried out during four monitoring phases using data generated by
vehicles collected over 13 months of research. The data were converted into indicators and evaluated
individually against the criteria and through data envelopment analysis (DEA). The analyses led to
the conclusions that the use of EDR systems had positive impacts on all three of the criteria under
analysis, and that safety levels can be increased without having to reduce productivity or increase
fuel consumption. However, the safety criterion was more sensitive to the association between
the technology and training process applied, leading to significant reductions in the indicators
analyzed. The study contributes to the association between the methods of analysis and the adoption
of specific indicators derived from time variables, leading to the conclusion that the use of EDR
systems associated with management training and monitoring procedures can improve economic and
operational results in road freight transport (RFT). Furthermore, using the trip data as a structural
basis for the training and feedback proved to be very promising for the reduction of unsafe behavior
to avoid road accidents.

Keywords: road safety; event data recorder; drive behavior; training procedure; feedback;
consumption reduction; operation behavior; data envelopment analysis

1. Introduction

In Brazil, road transport represents 61% of transport volume. This creates an imbalance due to the
excess supply of road transport, which favors unfair competition with other modes of transport and
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limits the emergence of a scale that would justify investments in transport segments with higher fixed
costs [1]. According to [2], this fact generates a vicious circle in which the prices paid by shippers barely
remunerate the costs of carriers, causing narrow profit margins that contribute to lower maintenance
rates and slower fleet renewals [3]. Data from the National Registry of Road Transport of Goods
(RNTRC) and [4] show that in the current road transport of cargo, 85.6% of vehicles have an average
age of 13.5 years, meaning there is a high rate of obsolescence [4–6]. The association of this factor
with the precariousness of preventive and corrective maintenance means that there is a higher risk of
accidents and a lower energy efficiency in road transport, which can lead to reduced productivity.

Additionally, road freight transport (RFT) operates with precarious infrastructure, considering
that only 13.6% of the 1,563,447 km of roads in the country are paved [7]. This increases greenhouse gas
(GHG) emissions [8] and reduces energy efficiency [9]. The most serious problem is related to accidents
on Brazilian roads. According to data from the Seguradora Líder statistical bulletin, 37,492 deaths,
263,923 cases of permanent disability and 53,823 cases of reimbursement of medical expenses [10]
were recorded as a result of traffic accidents between January and November 2017. Data published
in [11] indicate that the total cost of traffic accidents on Brazilian roads has been about USD 7.89 billion,
which adjusted by the Hamonised Index of Consumer Price (HICP) to values of December 2017 reaches
USD 12.69 billion. This amount corresponds to 0.63% of Brazilian GDP in 2017, and was higher than the
government investment in road infrastructure and measures to mitigate factors generating accidents.

The problems identified above, combined with the importance of RFT for the economic
development of the country, gives rise to discussions on how to increase the level of safety, reduce the
cost of transport and improve the functioning of the trucking industry. Based on a study published
in [12] that compared the influence of event data recorder (EDR) systems on driving patterns after the
introduction of two short-term training sessions, it was perceived that the training process enhanced
the results obtained. Thus, this paper evaluates the results of applying a specific training procedure,
developed by us, based on the data collected by the EDR systems, and evaluates the efficiency indices
calculated from those data through data envelopment analysis (DEA) with respect to safety, operational
and economic criteria during different monitoring phases.

In this context, we respond to the following questions: (1) Can the data collected by EDR systems
be used as a basis for structuring training and feedback procedures aimed at reducing undesirable
behavior? (2) Do driver training procedures and feedback from managers influence results? (3) On
the basis of the variables collected, can indicators be defined that characterize the various criteria?
(4) Which of the criteria evaluated are most sensitive to the training and feedback procedures?

Thus, the objective of this work is to analyze the evolution of driving behavior through efficiency
indices calculated using DEA, incorporating criteria for the economy, operation and safety in road
freight transport fleets and taking into account the applications of specific training and feedback
procedures elaborated from the data obtained by the EDR systems in different monitoring phases.

2. Background

The economies of most developing countries are strongly dependent on the road transport of
goods and passengers. Despite this dependence, RFT has many factors that increase inefficiency.
To understand the causes of this inefficiency in Brazil, data presented by several authors were analyzed,
including [13–28]. Based on these sources, it was possible to prepare an Ishikawa diagram (a cause and
effect diagram) in which the problem (effect) was inefficiency in the Brazilian RFT, and the causes were
the following factors: vehicular, human, economic, environmental, safety and infrastructure (Figure 1).

Among these factors, the most serious consequences are related to safety. According to [29,30],
the human factor is the main reason for the occurrence of accidents, and is present in 93% of cases.
A previous study [31,32] found that a lack of training processes, drug use and a low remuneration
of drivers contributed to the adoption of unsafe actions that consequently reduced safety levels.
Furthermore, Ref. [33] found relationships among vehicular, human and structural factors in the
occurrence of accidents.
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Figure 1. Diagram of factors related to road freight transport (RFT) inefficiency in Brazil. 
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The safety level and economic factors are also affected by the infrastructure factor. In Brazil,
according to the [34], 58.2% of the 211,468 km of paved roads are considered regular, bad or very bad,
depending on their paving, signaling and/or geometry.

According to [16], operating on roads with better paving conditions allows a reduction of up to
7.8% in fuel consumption and 2.8% in travel time. Also in relation to roads, in the world competitiveness
ranking, comprehensive and efficient infrastructure ensure the proper functioning of a country’s
economy [35]. One of the main aspects cited by the study was quality of roads, and in this sense,
Brazil was ranked 111th out of the 138 countries evaluated.

Regarding energy efficiency, the main problems arise as a result of the use of obsolete vehicles,
with the average age of the fleet being 13.6 years [5]. These vehicles operate with less efficiency
and more pollution being emitted from their engines. In this respect, the Brazilian fleet on average
operates with engines at stage P2 of the Program to Control Air Pollution by Automotive Vehicles
(Proconve), which is equivalent to Euro 0, while current engines in Europe operate at P7 (Euro 5) or
higher. This an 87% increase in CO2 emissions, an 81% increase in HC emissions and an 86% increase
in NOx emissions [36].

In relation to risk reduction, some actions and tools such as safety devices and integrated
technologies have a good capacity to mitigate both the probability and severity of accidents in vehicles.
The study in [37] identifies five pillars that can increase safety, with the third being the need to
promote the development of safe vehicles through the implementation of technologies that are active,
passive or that combine the two. In this context, passive technologies aim to reduce the severity of
injuries (e.g., airbags, seat belts, bumpers), while active technologies have the function of preventing
accidents (e.g., EDR, electronic stability control, intelligent speed adapters) [38]. The relationship
between reducing the number of accidents and increasing the number of safety systems, combined with
associated and integrated technologies, is described in [39]. It is highlighted in [40] that human errors
are the main cause of road accidents, and that advanced driver assistance systems (ADAS) can reduce
exposure to risk, since their main function is to support drivers through alerts, and in some cases take
control in situations of eminent accident. A large number of integrated technologies that have enabled
the collection of relevant data on both safety and driving behavior are discussed in [41,42]. Four active
safety technologies (forward collision warning, lane departure warning, side view assist and adaptive
headlights) are evaluated in [43], which states that the combined use of these technologies could
prevent or mitigate 1,866,000 collisions per year, including 149,000 serious and moderate accidents and
10,238 deaths on US roads. Twenty-one safety technologies applied to road vehicles were assessed for
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their cost–benefit ratio (CBR) [44]. The report analyzed the impact of these technologies on reducing
the number of occurrences and the degree of severity of accidents, and event data recorder (EDR)
systems were ranked as the most promising technology by which to mitigate and minimize the factors
associated with primary accident risks, justifying the investment required for their implementation.

EDR systems normally comprise an electronic control unit (ECU) that incorporates an
Electrically-Erasable Programmable Read-Only Memory (EEPROM), with the objective of continuously
recording parameters measured and recorded by the sensors and systems of the vehicle [45].
These technologies are commonly known as “black boxes”, whose function is to capture all the
electronic signals and electrical impulses generated by the various modules of the system, transforming
these data into statistics via a proprietary platform [46,47].

According to [48], EDR has a preventive character, with the capacity to reduce accidents by
20%, deaths by 5.5% and serious injuries by 3.5%. On the other hand, Ref. [29] describes several
functionalities of these systems that can be exploited in the driver training process to promote safety
awareness and reduce accident rates—with significant benefits to companies, drivers and society.
In addition to the safety aspects, these systems can allow companies to improve their efficiency and
reduce fuel consumption.

The importance of EDR systems in reducing travel time and fuel consumption and improving
environmental quality is also highlighted in [49]. Feedback systems based on the Ecodriving concept,
which evaluates variations in consumption and emissions that are generated during idling, is discussed
in [50].

The benefits of EDR systems in three areas (accident research, driver performance and vehicle
maintenance) are evaluated in [51], which posits that fuel consumption profiles are clearly related to
the driving profiles, and that technology allows correcting errors and undesirable behavior in order to
reduce consumption. Concerning vehicle maintenance, that study corroborated the capacity of these
systems to provide continuous control and consequently identify defects and faults in fleets, generating
relevant data for maintenance personnel that allow preventive interventions instead of corrective
maintenance that could be more costly. The study also found that monitoring these variables over
time has the potential to provide fleet performance indicators that can reduce costs, mitigate problems,
prevent accidents and promote the improvement of environmental aspects.

According to [12], the introduction of a standardized training that combines existing common
and standardized training methods (based, for example, on the concepts of efficient driving,
vehicle maintenance and transport planning, among others described in EC59/2003 and EU
645/2018 [52,53]), can have a positive effect on safety, economic and operational criteria. However,
it is necessary to analyze the degree of efficiency of these criteria when analyzing drivers’ behavioral
patterns when involved in specific training processes where procedures and courses are structured
based on individual characteristics. For this reason, we developed a procedure based on the individual
data of drivers, allowing training procedures to be tailored to each driver’s unique driving profile.
The final aim of the study is to check whether there is a positive change in driving behavior when
using this procedure than when using a normal training program, and to check whether or not the
isolated use of this system guarantees that behavioral changes are maintained over time.

3. Data Envelopment Analysis (DEA)

Data envelopment analysis (DEA) is a nonparametric method that was originally developed
in [54] to compare the performances of homogeneous production units (HPUs) using multiple inputs
in the production of one or more outputs [55,56].

A decision-making unit (DMU) can represent any type of productive unit that has autonomy in a
decision-making process, including schools, industries, banks, private companies, military bases and
governments, among others [54,57].

The results presented by the DEA model permit the formation of a standard efficiency frontier that
is based on standard efficiency indices considering the optimal ratios of outputs to inputs. One of the
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advantages of the DEA method is the possibility of using several inputs and outputs whose units may
differ from one another without the results being modified [17]. Another advantage is the possibility
of considering outliers as a reference (benchmark) to be studied according to the other DMUs [58]. It is
mentioned in [59] that one of the greatest advantages of the DEA method is the flexibility of using
weighting parameters, since this allows the identification of inefficient DMUs.

Among the disadvantages of DEA are the sensitivity of the results to the inclusion or exclusion of
certain variables (inputs and/or outputs), as well as the inability to consider the differences between
the external environments of the DMUs, which can result in a false result affecting the management
capacity of the decision-makers [58,60].

To evaluate the performances of DMUs, the DEA method utilizes two types of models: classic and
advanced. The classic model is composed of a constant return to scale (CRS) model and a variable
return to scale (VRS) model [61].

The Charnes, Cooper and Rhodes (CCR) model, based on the CRS model type, considers that the
amount of resources (inputs) used is proportional to the amount of outputs produced [54]. Graphically
presented, the area of this model includes the values of the DMU variables that present the optimal
relationships between outputs and inputs, as shown by Equations (1)–(4) [62].

maxz =
m∑

k=1

ukykj (1)

Subject to
m∑

k=1

ukykj −

m∑
k=1

vkxkj ≤ 0 (2)

m∑
k=1

vkxko = 1 (3)

uk, vk > 0
k = 1, . . . , m

(4)

where xkj and ykj represent input and output data, respectively, for DMUk; and uk and vk represent the
weights associated with the inputs and outputs, respectively.

The Banker, Charnes and Cooper (BCC) model, based on the VRS model type, was developed
from the CCR model, in which the axiom of proportionality is replaced by the axiom of convexity (u∗),
as shown in Equations (5)–(8) (primal) and Equations (9)–(12) (dual) [63,64].

minho (5)

Subject to

hoxio

m∑
k=1

xikλk ≥ 0, ∀i (6)

− y jo +
m∑

k=1

y jkλk ≥ 0, ∀ j (7)

m∑
k=1

λk = 1

λk ≥ 0, ∀k
(8)

minE f fo =
s∑

j=1

u jy jo + u∗ (9)
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Subject to
r∑

i=1

vixio = 0 (10)

−

r∑
i=1

vixik +
s∑

j=1

u jy jk + u∗ ≤ 0, ∀k (11)

vi, u j ≥ 0, u∗ ∈ < (12)

Both models (CCR and BCC) have envelope and multiplier versions. The results presented by the
multipliers are the weights assigned by the DEA model and the efficiency indices, which allow the
formation of the efficiency frontier in the graph. The envelope determines the objectives, gaps and
benchmarks of the inefficient management mechanisms, which determine to what extent the inefficient
management mechanisms should increase (if they are production-oriented) or decrease (if the orientation
is an input) the values of the problem’s variables [63].

Classical DEA models can be input- or output-oriented. Output orientation occurs when the
maximum number of outputs is desired without changing the amount of inputs used. The objective of
this orientation is to identify the production potential of the DMUs. On the other hand, input orientation
occurs when resources (inputs) need to be minimized without changing the outputs. In this orientation,
the DEA model allows the free capacity of the DMUs to be identified [58].

The DEA method is benevolent in its evaluation of the DMUs, considering the variables that most
favor the calculation of efficiency and assigning greater weights to these variables and lower ones to
unfavorable variables [65].

As a result of this benevolence, it is possible for a high number of DMUs to be considered efficient,
which can affect the analysis. To overcome this drawback, the evaluation of the inverted frontier allows
increased discrimination of efficient DMUs, since they should be in the standard efficiency frontier,
which is located as far as possible from the inverted border. DMUs that integrate the two frontiers
(standard and inverted) are falsely efficient, as they are just as efficient as they are inefficient. Figure 2
shows the standard and inverted limits of the BCC in the DEA model [63].Sustainability 2020, 12, x FOR PEER REVIEW 7 of 24 

 
Figure 2. Standard and inverted frontiers of the data envelopment analysis (DEA) Banker, Charnes 
and Cooper (BCC) model. 

The composite efficiency index (𝐸 ) used to increase the discrimination of efficient 
DMUs is calculated using Equation (13) [66–68]. 𝐸 =  𝐸 + 1 − 𝐸2  (13) 

where 𝐸  is the standard efficiency of the 𝑘𝑡ℎ DMU and 𝐸  is the inverted efficiency 
of the 𝑘𝑡ℎ DMU. 

The 𝐸  results range from 0 to 1. The normalized composite efficiency index 
(𝐸 ∗) is a way of prioritizing 𝐸 , the ratio of each 𝐸  value to the highest 𝐸  of all DMUs (𝑀𝑎𝑥 𝐸 ), as shown in Equation (14) [66]. 𝐸 ∗  =  𝐸Max 𝐸   (14) 

4. Materials and Methods 

The procedure presented used a sample of 22 heavy trucks from a transport company. The 
trucks were monitored using EDR systems over a period of 13 months, with each driver 
permanently assigned to a truck, so that the observations regarding the behavior of vehicles 
pertained to the respective drivers. The system used was equipped with the following modules: a 
global positioning system (GPS), a driver identification card, a general packet radio service (GPRS) 
and a telemetry system. These modules allowed a set of variables linked to the driving habits of the 
drivers to be obtained, which were then converted into indicators based on economic, operational 
and safety criteria and submitted to DEA in four different scenarios, as shown in Figure 3. 

Figure 2. Standard and inverted frontiers of the data envelopment analysis (DEA) Banker, Charnes
and Cooper (BCC) model.

The composite efficiency index (EComposite
k ) used to increase the discrimination of efficient DMUs is

calculated using Equation (13) [66–68].

EComposite
k =

EStandard
k +

(
1− EInverted

k

)
2

(13)
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where EStandard
k is the standard efficiency of the kth DMU and EInverted

k is the inverted efficiency of the
kth DMU.

The EComposite
k results range from 0 to 1. The normalized composite efficiency index (EComposite∗

k ) is

a way of prioritizing EComposite
k , the ratio of each EComposite

k value to the highest EComposite
k of all DMUs

(Max
[
EComposite

k

]
), as shown in Equation (14) [66].

EComposite∗
k =

EComposite
k

Max
[
EComposite

k

] (14)

4. Materials and Methods

The procedure presented used a sample of 22 heavy trucks from a transport company. The trucks
were monitored using EDR systems over a period of 13 months, with each driver permanently assigned
to a truck, so that the observations regarding the behavior of vehicles pertained to the respective
drivers. The system used was equipped with the following modules: a global positioning system
(GPS), a driver identification card, a general packet radio service (GPRS) and a telemetry system.
These modules allowed a set of variables linked to the driving habits of the drivers to be obtained,
which were then converted into indicators based on economic, operational and safety criteria and
submitted to DEA in four different scenarios, as shown in Figure 3.Sustainability 2020, 12, x FOR PEER REVIEW 8 of 24 
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Step I—Implementation of the event data recording (EDR) system
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This step corresponded to the preparation and implementation of the EDR systems, including the
definition of the study objective and the variables used as parameters for the analysis (Table 1).

Table 1. Variables collected by the event data recorder (EDR) system.

Variables Description

Number of speeding periods Number of times the vehicle exceeds the speed limit

Number of severe decelerations Number of times deceleration of more than 11 km/h per
second occurs

Number of periods of excess engine revolutions
per minute (RPM) Number of times the engine is revved above the set limit

Initial odometer reading Initial mileage of each trip

Final odometer reading Final mileage of each trip

Excessive speed on dry road Maximum speed reached except in rainy conditions

Excessive speed on wet road Maximum speed reached in rainy conditions.

Idle time Total idling time (engine on at a speed of zero)

Time in movement Total time operated at a speed other than zero

Time speeding Total time of vehicle exceeding the speed limit

(%) of driving in the engine economy range Percentage of driving time in the economy range
(optimal consumption)

Step II—Definition of the monitoring and data collection stages

For the development of this stage, the structuring and implementation of monitoring phases
was proposed based on the model applied in [69], following parameters to allow the evaluation of
natural driving habits and their evolution based on the variables collected and in accordance with the
interventions proposed in the monitoring phases.

Hidden Monitoring (Hidden)—The objective of this phase was to evaluate the driving pattern of
each driver without any type of intervention by researchers, managers or technology (e.g., over-revving
alert). Thus, drivers did not accompany the process of installing the systems, and all sound signals
and alerts were muted so that the system did not interact with them.

Conscious Monitoring 1 (C1)—In this phase, the EDR systems continued to monitor the driving
pattern of the vehicles. However, all signals and alerts provided by the system were enabled and the
technology began to interact with the drivers. In addition, drivers received specific training developed
for this study related to knowledge of the use of the technology, safety aspects, operating efficiency
and fuel savings that were based on the aspects contained in ISO 39001 and CSEAA [70,71]. In this
specific phase, the managers began to analyze the data and disseminate regular information to drivers
on their behavior. The objective of this phase was mainly to evaluate the impact on the variation of the
data after enabling the alerts emitted by the EDR, and evaluate the results of the training procedure
carried out by the managers [72].

Conscious Monitoring 2 (C2)—In this phase, the data collection continued and the alerts were kept
active, but there was no training or feedback offered by the managers. The objective of this step was to
evaluate if the criteria related to economy, safety and operation would maintain the trend observed in
C1, or if they would return to the levels observed in the Hidden Monitoring phase. During this phase,
the intent was to evaluate the impacts related to the isolated use of the technology and compare them
with the applications with associated training and feedback.

Conscious Monitoring 3 (C3)—Based on the analysis of the data obtained in the previous phases,
the alerts issued by the system were maintained and the procedure involving continuous training and
periodic feedback was incorporated into the fleet management process as a way of maintaining the
improvement process.
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Step III—Development and implementation of the training procedure

For this stage, a training procedure for drivers and managers was developed and applied that
was aimed at improving skills and attitudes in relation to economic, safety and operational criteria,
based on the studies of [73–77]. Thus, the training procedure focused on aspects related to four
areas: operational safety, knowledge of the use of technologies, practical application of skills and
perception of aspects of fatigue and stress. All the drivers went through all the 30-h training sessions.
Associated with the training procedure during C1 and C3, the drivers began to receive feedback from
the fleet managers at the end of each trip with the aim of increasing operational efficiency, mainly in
relation to economy and safety [78,79].

According to [80], investment in systematic developments for road safety such as training and
control can improve profitability. Thus, the basis for the training process was structured in accordance
with the requirements established by ISO 39001 [70,74] and CSEAA [71], oriented mainly towards the
evaluation of aspects related to safety.

Step IV—Application of data envelopment analysis (DEA)

For the analysis of data using the DEA method, we chose to use the BCC model because it
considers the production scales in the efficiency calculation, which allows the technical efficiency of
the vehicles (DMUs) to be identified. This is important, since the objective is to analyze the driving
habits in consideration of the interventions made in the monitoring phases. In this way, the orientation
to results became more adequate, since the objective was to maximize the results obtained based on
the indicators related to safety and operational criteria (outputs).

The behavior of the DMUs was analyzed based on standard, inverted, composite and standardized
composite efficiency indices in order to increase the discrimination of the DMUs located in the efficiency
frontier. However, the results presented here are based on the composite values, since their calculation
considers the standard and inverted efficiencies. The graphical analysis of Composite allowed us
to observe the behavior of the average efficiency rates of the best and worst management practices
(standard and inverted efficiency) of each vehicle.

Step V—Development of scenarios, analysis and results

To assess the effect of the interventions, the analysis focused on statistical variations in driving
behavior based on the indicators described in Table 2.

Table 2. Distribution of indicators according to criteria.

Criteria Indicators Relevance

Safety

Number of speeding
events/1000 km

Evaluates the number of times the speed limit was exceeded
Analyzes risk acceptance

(%) of speeding time
Evaluates the percentage of time above the speed limit as a

function of total driving time and analyzes the exposure
to risk

Economy Consumption (l) Assesses consumption according to the distance traveled

Operation (%) of operation in the
economy range (Eco Zone)

Evaluates performance according to the optimal use of the
truck within the best performance zone

For the safety criterion, the indicators considered were the number of speeding events and the
percentage of speeding time. The first of these was the number of times the maximum speed set was
exceeded for more than 3 s. This indicator shows the driver’s acceptance of the speed limits imposed
by legislation and/or by the company. The second indicator referred to the percentage of driving time
above the speed limit, and was represented by the total driving time above the speed limits divided by
the time the vehicle was moving. This indicator represents the exposure to the risk of driving too fast.
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For the evaluation of the economic criterion, an analysis of the variation of fuel consumption was
considered with the weight, route and driver characteristics maintained.

For the operational criterion, the indicator of percentage time in the economy range was considered
in relation to the total time that the engine remained in operation. The economy range is determined by
the manufacturer and aims to inform the driver about the most efficient mode of operation. Operation in
this zone allows power and torque optimization, and hence fuel consumption optimization.

A second analysis was also proposed based on the results obtained from the data processing
through the DEA method and the scenarios involving these criteria. The analysis was subdivided
into individualized analyses, which included the behavior of each vehicle and a global analysis,
which included the response of the fleet according to the criteria of safety, operation and economy.
From the analysis of the indicators, it was possible to understand their influence, as well as to define
their relevance when performing an analysis that integrated all the criteria.

The analysis focused on the structuring of four scenarios based on the composite values calculated
with the DEA tool. The comparative scenarios included all the criteria under investigation (economic,
operational and safety), as presented in Table 3.

Table 3. Scenarios considered.

Scenario Orientation Variables Criteria

1

Input Fuel consumption (l) Economic

Output (%) of operation in the economy range (Eco Zone) Operational

(%) of speeding time Safety
Number of speeding events

2
Input Fuel consumption (l) Economic

Output (%) of speeding time Safety
Number of speeding events

3

Input Unitary Unitary

Output (%) of operation in the economy range (Eco Zone) Operational

(%) of speeding time Safety
Number of speeding events

4
Input Fuel consumption (l) Economic

Output (%) of operation in the economy range (Eco Zone) Operational

The development and analysis of the four scenarios made it possible to verify the variations in the
relative efficiency indices of the DMUs based on a global analysis of the criteria (Scenario 1) and a
paired analysis (Scenarios 2–4). Based on the analyses of all scenarios, we decided to use Scenario 1,
since it covered all three criteria, making it possible to establish an overall view of the indicators and
their correlation.

5. Results

The analyses proposed in this paper focus on verifying the variations in behavior of the indicators
according to the interventions applied throughout the monitoring phases. It is important to note that
the hidden monitoring phase was determined as a comparative reference, since there was no external
intervention in this phase, allowing us to infer that the data collected by the EDR system represented
the natural driving behavior. At the end of this monitoring period, three conscious monitoring phases
(C1–3) were initiated in which all audio and visual signals emitted by the system were enabled. In C1
and C3, all drivers underwent the training procedure, and began receiving feedback from managers at
the end of each trip based on an analysis of data collected by the system. These actions ensured that
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all participants were aligned with the objectives of the training procedure and the implementation of
the technology.

The only difference in the phases of conscious monitoring was that in C2 there was an interruption
in the training procedure to assess whether there was any variation in behavior due to the isolated
use of the technology. This revealed whether the training procedure and feedback had improved
the results.

5.1. Analysis of Indicators Based on Individual and Aggregated Driving Behavior Patterns

The analysis of the indicators made it possible to evaluate the behavior of the drivers according to
the criteria of safety, operation and economy throughout the monitoring phases. However, it was also
possible to make a general analysis of the fleet.

Regarding the safety criterion, Figure 4 shows the variation in the behavior of the vehicles in
relation to the monitoring phases. It can be seen that only three vehicles performed worse than during
the hidden monitoring; that is, 86.4% of the vehicles observed showed improvement in this indicator.
In particular, the number of speeding events in the fleet went from 2243 events per 1000 km traveled
during the hidden monitoring to 126 events per 1000 km traveled during C3, which is a significant
reduction in the level of risk acceptance. Figure 5 presents the global percentage variation of this
indicator in the conscious monitoring phases in relation to the hidden monitoring phase.
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Another important conclusion about this indicator concerns the comparison between the conscious
monitoring phases, where 95.5% of the vehicles performed worse during C2 than during C1 or C3.
This supports the hypothesis that this training procedure and feedback on driver behavior are effective.

Furthermore, in relation to the safety criterion, the indicator concerning the percentage of speeding
time as a function of total driving time was analyzed.

Figure 6 shows the individual behaviors of the vehicles, and it is possible to perceive a reduction
in risk exposure by reducing the driving time above the speed limit during the monitoring phases,
representing an increase in safety and a significant reduction in the risk of accidents. During the hidden
monitoring, the vehicles remained above the speed limit on average 3.6% of the total driving time.
Based on the average speed and distance traveled, this means vehicles traveled above the speed limit
for 5838 s on average per month. The interventions applied reduced the speeding time to 0.05% of the
total driving time, which is equivalent to driving above the limit for 83 s on average per month.
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Figure 7 shows a comparison of the reduction percentages obtained during the conscious
monitoring phases in relation to the data obtained in the hidden monitoring phase.

Through more extensive analysis of the criterion, we sought to relate driving behavior based on
the dispersion of the points obtained in the two indicators, and it was possible to evaluate the evolution
of driver behavior in relation to safety, as shown in Figures 8 and 9. These figures ratify the trend of a
reduction of the indicators and consequent standardization of behavior as a function of the monitoring
phases based on the reduction of variance, dispersion and averages. These figures show that driving
behavior was safer in the conscious monitoring phases than in the hidden monitoring phase, since both
speed-related indicators declined. The best performance occurred during C1 andC3, where the training
and feedback procedure was applied, and this reinforces the hypothesis that associated training,
feedback and technologies produces better results than the isolated use of EDR systems.



Sustainability 2020, 12, 8139 13 of 22

Sustainability 2020, 12, x FOR PEER REVIEW 13 of 24 

 
Figure 6. Speeding time (%) as a function of total driving time. 

Figure 7 shows a comparison of the reduction percentages obtained during the conscious 
monitoring phases in relation to the data obtained in the hidden monitoring phase. 

 
Figure 7. Reduction (%) of speeding time. Base: hidden monitoring. 

Through more extensive analysis of the criterion, we sought to relate driving behavior based on 
the dispersion of the points obtained in the two indicators, and it was possible to evaluate the 
evolution of driver behavior in relation to safety, as shown in Figures 8 and 9. These figures ratify 
the trend of a reduction of the indicators and consequent standardization of behavior as a function of 
the monitoring phases based on the reduction of variance, dispersion and averages. These figures 
show that driving behavior was safer in the conscious monitoring phases than in the hidden 
monitoring phase, since both speed-related indicators declined. The best performance occurred 
during C1 andC3, where the training and feedback procedure was applied, and this reinforces the 
hypothesis that associated training, feedback and technologies produces better results than the 
isolated use of EDR systems. 

Figure 7. Reduction (%) of speeding time. Base: hidden monitoring.Sustainability 2020, 12, x FOR PEER REVIEW 14 of 24 

 
 

Figure 8. Dispersion of vehicles according to safety indicators. 

 
Figure 9. Behavior of variance and average as a function of safety indicators. 

In relation to the operation criterion, the indicator of percentage of time in the economy zone 
was used, assuming that the higher the percentage of driving in this zone, the better the operational 
performance of the vehicle will be. Figure 10 presents the behavior of the vehicles throughout the 
monitoring phases, showing that this indicator was more sensitive to the monitoring phases in 
which there were complementary training and monitoring actions. Ten vehicles showed better 
performances, six remained the same and six showed worse results than those observed during the 
hidden monitoring. 

Figure 8. Dispersion of vehicles according to safety indicators.

Sustainability 2020, 12, x FOR PEER REVIEW 14 of 24 

 
 

Figure 8. Dispersion of vehicles according to safety indicators. 

 
Figure 9. Behavior of variance and average as a function of safety indicators. 

In relation to the operation criterion, the indicator of percentage of time in the economy zone 
was used, assuming that the higher the percentage of driving in this zone, the better the operational 
performance of the vehicle will be. Figure 10 presents the behavior of the vehicles throughout the 
monitoring phases, showing that this indicator was more sensitive to the monitoring phases in 
which there were complementary training and monitoring actions. Ten vehicles showed better 
performances, six remained the same and six showed worse results than those observed during the 
hidden monitoring. 

Figure 9. Behavior of variance and average as a function of safety indicators.



Sustainability 2020, 12, 8139 14 of 22

In relation to the operation criterion, the indicator of percentage of time in the economy zone
was used, assuming that the higher the percentage of driving in this zone, the better the operational
performance of the vehicle will be. Figure 10 presents the behavior of the vehicles throughout the
monitoring phases, showing that this indicator was more sensitive to the monitoring phases in which
there were complementary training and monitoring actions. Ten vehicles showed better performances,
six remained the same and six showed worse results than those observed during the hidden monitoring.Sustainability 2020, 12, x FOR PEER REVIEW 15 of 24 
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These results indicate improvements of 5.06% and 3.4% in the driving patterns of the vehicles in C1
and C3, respectively, compared to the hidden monitoring. Furthermore, during C2, there was a 0.32%
worse result compared to the hidden monitoring, which can be explained by the absence of the training
procedure and the provision of feedback, since the EDR system did not perform any real-time interaction
with the driver such as audio warnings or visual alerts. It is important to highlight the relevance of the
analysis of this indicator, since during C1 and C3, the vehicles were driven for 61.06% and 60.09% of
the total moving time, respectively, in the most efficient engine operating zone. This means that in
addition to a reduction in fuel consumption, a decrease in greenhouse gas emissions was also achieved,
along with an increase in the maintenance of moving parts (e.g., the engine, transmission and tires).

With regard to the economic criterion, only the fuel consumption indicator was analyzed,
since variables such as weight carried, route and driver, among others, remained unchanged throughout
the interventions, reducing the level of external factors linked to the variability of this indicator.

Regarding consumption behavior, throughout the monitoring phases, 59.1% of the vehicles
showed a positive evolution and 22.7% remained practically stable, while 18.2% showed worse results.
However, these latter vehicles were among those that presented higher consumption during the
hidden monitoring.

Regarding an overall analysis of fuel consumption (Figure 11), behavior was similar to that
observed for the indicator of percentage of time spent driving in the economy zone. Furthermore,
although the reduction percentage seems small, when converted into cost and consumption based on
the results of the hidden monitoring, a monthly reduction of 345 L of fuel among the fleet (or 15.7 L
per vehicle) was achieved for C1, while 811 L was saved among the fleet (or 36.9 L per vehicle) in
the case of C3. The payback calculation reveals that the savings achieved during C3 could lead to an
amortization of the investment in technology within approximately 36 months.
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5.2. Data Envelopment Analysis (DEA) Applied to Safety, Operational and Economic Criteria

After analyzing the indicators, we performed a more in-depth analysis with the help of data
envelopment analysis (DEA) tools, based on the variations of the indicators. It was possible to calculate
the EComposite∗

k for each vehicle in each monitoring phase, and thus possible to calculate the probability
function, considering its distribution curves with a confidence interval of two standard deviations.
To verify the effectiveness of the interventions carried out in each of the monitoring phases, we assumed
the null hypothesis (H0) that all the means were the same and that there would be no difference in the
observed means. We also assumed as an alternative hypothesis (H1) that there was a difference between
the means and that these differences would be greater during the phases in which the interventions
related to training and feedback occurred.

The distribution of the data in Figure 12 shows that a change in driving behavior occurred in
relation to the hidden monitoring phase, with a reduction in the dispersion and increase of the mean
and frequency. Based on the statistical analyses, Table 4 shows a statistical summary in relation to the
monitoring phases, and Table 5 shows the analysis of variance, in which it can be seen that the p-value
was less than 0.05, indicating the existence of a statistically significant difference between the average
values in the monitoring phases.
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Table 4. Statistical summary of data from all monitoring phases.

Monitoring
Phases Mean Standard

Deviation
Coefficient
of Variation Minimum Maximum Range

Hidden 0.917836 0.060258 6.565% 0.7859 1.0 0.2141
C1 0.994414 0.005603 0.563% 0.9819 1.0 0.0181
C2 0.982509 0.014139 1.439% 0.9491 1.0 0.0509
C3 0.995541 0.002748 0.276% 0.9869 1.0 0.0131

Total 0.972575 0.044393 4.565% 0.7859 1.0 0.2141

Table 5. Analysis of variance.

Source Sum of Squares Df Squared Average F-Ratio p-Value

Between groups 0.090186 3 0.030062 31.07 0.0000
Within groups 0.081268 84 0.000967

Total (Corr) 0.171454 87

Figure 13 presents the results of a Fisher’s statistical significance test, showing that the average of
the data obtained in the hidden monitoring was different from the others monitoring phases, since there
is no overlap between the two.
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These observations are reinforced by the analysis in Figure 14, which shows the behavior of the
medians associated with a Mood’s statistical test, with a p-value of 7.40725 e−10 found for a chi-square
test of 45.4545. Thus, we can affirm that the medians presented pairwise statistical differences.
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The statistical tests applied to composite normalized data obtained by the DEA indicate a change
in driver behavior from the moment the technology was enabled and the training and feedback
procedure applied. In other words, there was a positive evolution in the criteria resulting from the
application of conscious monitoring.

Based on this result, it is important to verify whether the initial hypothesis that the association of
technology with the training and feedback procedures would produce better results in relation to the
isolated use of EDR systems is valid.

To this end, we performed an analysis using only data from the conscious monitoring phases.
It can be seen in Tables 6 and 7 that the p-value was lower than 0.05, indicating a statistically significant
difference between the average values in the conscious monitoring phases.

Table 6. Statistical summary of data from conscious monitoring phases.

Monitoring
Phases Mean Standard

Deviation
Coefficient
of Variation Minimum Maximum Range

C1 0.99441 0.00560 0.5634% 0.9819 1.0 0.0181
C2 0.98251 0.01414 1.4390% 0.9491 1.0 0.0509
C3 0.99554 0.00275 0.2761% 0.9869 1.0 0.0131

Total 0.99082 0.01060 1.0703% 0.9491 1.0 0.0509

Table 7. Analysis of variance of conscious monitoring phases.

Source Sum of Squares Df Squared Average F-Ratio p-Value

Between groups 0.00230 2 0.00115 14.41 0.0000
Within groups 0.00502 63 0.00008

Total (Corr) 0.00731 65

Analyzing the behavior of the data distribution in relation to proportionality, as presented in
Figure 15, similarity can be observed in the behavior of the data referring to C1 and C3, where more than
80% of the vehicles obtained results above the population average. In relation to conscious monitoring,
only 26% of the vehicles remained above this level, which shows that there was standardization of
behavior with a tendency toward better results and an improvement of the observed criteria.
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However, to define whether there was a statistically significant difference between the means,
we applied a Fisher’s test again, which determined that only C1 and C3 were part of homogeneous
groups, as can be seen in Figure 16, where there is no overlap between the results of C2 and the others.
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6. Conclusions

The analyses allowed an integrated assessment of the effects of introducing EDR systems into the
behavior of truck drivers based on objective criteria related to the improvement of safety levels and
operational standards and associated with a reduction of fuel consumption. Based on the results, it is
possible to conclude that the use of EDR systems enables an improvement of safety levels without
affecting operational efficiency or the cost of road transport.

The results show that the application of the technology had the capacity to improve indicators.
The experiment also demonstrated that associating the use of the technology with the application
of a structured training procedure based on continuous feedback substantially improved the results.
The data also show that after restarting the training and feedback procedure (C3), the results were
even higher than those obtained during C1, suggesting that the establishment of a training process and
long-term monitoring can improve the safety and efficiency of trucking operations.

The EDR technology is a tool that can actively improve both the safety and efficiency of road
transport. Furthermore, associating technology with training procedures and the provision of feedback
can enhance the positive results of the isolated technology (C2). In this study, the most immediate and
significant impact occurred to safety-related behavior, since the number of speeding events observed
throughout the phases of conscious monitoring was reduced by more than 46.35% (Figure 5), and the
time spent driving time above the speed limit was reduced by 81.17% (Figure 7). In addition, Figures 8
and 9 show that standardization of safety-related behavior led to a significant reduction in unwanted
behaviors, and comparison of this criterion with the other criteria revealed more significant short-term
reductions. Another issue raised by the study is the potential relationship between the monitored
variables and the proposed indicators when characterizing the investigated criteria. To this end,
we gathered 21 variables and converted them into four indicators; however, some EDR systems allow
the collection of up to 400 variables regarding the performance of a vehicle and its driver. Therefore,
while the variables used in this paper characterized the current criteria, it is necessary to expand
the collection of information regarding different variables so that researchers can better explain the
individual behaviors of drivers. These results allow transport companies to create a mechanism to
evaluate the behaviors of their drivers and to promote specific actions aimed at reducing unsafe acts
related to the occurrence of accidents, leading to increased operational quality.

A proposal for future research is to broaden the scope by including a sensitivity analysis focused
on individual DMU behaviors. Furthermore, it would be good to expand the sample size to diversify
the segmentation related to the type of transport. Finally, it would be edifying to investigate the effect
of structuring the entire training and feedback procedure as described by standards such as ISO 39001,
CSEAA and Directives EC 59/2003 and EU 2018/645.
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9. Demir, E.; Bektaş, T.; Laporte, G. A review of recent research on green road freight transportation. Eur. J.
Oper. Res. 2014, 237, 775–793. [CrossRef]

10. Líder, S. Boletim Estatístico Ano 7 Volume Extra (DPVAT). Available online: https://www.seguradoralider.co
m.br/Documents/boletim-estatistico/Boletim-Estatistico-julho-2017.pdf (accessed on 25 March 2020).

11. Oka, J.A. Levantamento de dados e informações relacionadas ao Transporte Rodoviário de Cargas no B rasil.
In Proceedings of the Seminário Internacional—Transporte Rodoviário de Cargas—Soluções Alinhadas à
Década de Ações Para a Segurânça Viária, Fundación Mapfre, São Paulo, Brazil, 8 November 2011; p. 37.

12. Pereira de Oliveira, L.; Morais Lemos, B.; Vieira da Silva, M.A.; Jiménez Alonso, F.; da Silva Guabiroba, R.C.
Analysis of Event Data Recorder System regarding criteria of Safety, Operation and Consumption in a
Brazilian truck company. Transp. Res. Part F 2018, 65, 630–642. [CrossRef]

13. CNT. Pesquisa CNT de Rodovias 2017: Relatório Gerencial. Available online: https://repositorio.itl.org.br/jsp
ui/handle/123456789/147 (accessed on 25 July 2020).

14. EPL. Anuário Estatístico de Transportes 2010–2016. Available online: https://www.ontl.epl.gov.br/anuario-es
tatistico (accessed on 15 March 2020).

15. Stillwater, T.; Kurani, K.S. Drivers discuss ecodriving feedback: Goal setting, framing, and anchoring
motivate new behaviors. Transp. Res. Part F 2013, 19, 85–96. [CrossRef]

16. Bartholomeu, D.B.; Caixeta, J.V. Impactos econômicos e ambientais decorrentes do estado de conservação
das rodovias brasileiras: Um estudo de caso. RESR Rev. Econ. Sociol. Rural 2008, 46, 703–738. [CrossRef]

17. Bastos, J.T.; Shen, Y.; Hermans, E.; Brijs, T.; Wets, G.; Ferraz, A.C.P. Traffic fatality indicators in Brazil: State
diagnosis based on data envelopment analysis research. Accid. Anal. Prev. 2015, 81, 61–73. [CrossRef]

18. Bastos, J.T.; Shen, Y.; Hermans, E.; Brijs, T.; Wets, G.; Ferraz, A.C.P. Bootstrapping DEA scores for road safety
strategic analysis in Brazil. Int. J. Comput. Intell. Syst. 2015, 8, 29–38. [CrossRef]

19. IEA. Workshop on Ecodriving—Findings and Messages for Policy Makers. Available online: http://www.in
ternationaltransportforum.org/Proceedings/ecodriving/EcoConclus.pdf (accessed on 7 June 2020).

http://appweb2.antt.gov.br/rntrc_numeros/rntrc_emnumeros.asp
http://appweb2.antt.gov.br/rntrc_numeros/rntrc_emnumeros.asp
https://www.gov.br/infraestrutura/pt-br/assuntos/transito/conteudo-denatran/frota-de-veiculos-2016
https://www.gov.br/infraestrutura/pt-br/assuntos/transito/conteudo-denatran/frota-de-veiculos-2016
https://docplayer.com.br/45545504-Relatorio-da-frota-circulante-de-2016.html
https://www.cnt.org.br/perfil-dos-caminhoneiros
https://www.cnt.org.br/perfil-dos-caminhoneiros
https://iema-site-staging.s3.amazonaws.com/2014-05-27inventario2013.pdf
http://dx.doi.org/10.1016/j.ejor.2013.12.033
https://www.seguradoralider.com.br/Documents/boletim-estatistico/Boletim-Estatistico-julho-2017.pdf
https://www.seguradoralider.com.br/Documents/boletim-estatistico/Boletim-Estatistico-julho-2017.pdf
http://dx.doi.org/10.1016/j.trf.2018.06.048
https://repositorio.itl.org.br/jspui/handle/123456789/147
https://repositorio.itl.org.br/jspui/handle/123456789/147
https://www.ontl.epl.gov.br/anuario-estatistico
https://www.ontl.epl.gov.br/anuario-estatistico
http://dx.doi.org/10.1016/j.trf.2013.03.007
http://dx.doi.org/10.1590/S0103-20032008000300006
http://dx.doi.org/10.1016/j.aap.2015.01.024
http://dx.doi.org/10.1080/18756891.2015.1129576
http://www.internationaltransportforum.org/Proceedings/ecodriving/EcoConclus.pdf
http://www.internationaltransportforum.org/Proceedings/ecodriving/EcoConclus.pdf


Sustainability 2020, 12, 8139 20 of 22

20. European Commission. Advanced Driver Assistance Systems. Available online: https://www.sciencedirect.
com/topics/engineering/advanced-driver-assistance-systems (accessed on 11 June 2020).

21. Gomes, M.M.; Pirdavani, A.; Brijs, T.; Souza Pitombo, C. Assessing the impacts of enriched information on
crash prediction performance. Accid. Anal. Prev. 2019, 122, 162–171. [CrossRef]

22. Bacchieri, G.; Barros, A.J.D. Acidentes de tránsito no Brasil de 1998 a 2010: Muitas mudanças e poucos
resultados. Rev. Saude Publica 2011, 45, 949–963. [CrossRef]

23. De Andrade, S.M.; Soares, D.A.; Matsuo, T.; Barrancos Liberatti, C.L.; Hiromi Iwakura, M.L.
Road injury-related mortality in a medium-sized Brazilian city after some preventive interventions.
Traffic Inj. Prev. 2008, 9, 450–455. [CrossRef]

24. Colavite, A.S.; Konishi, F. A matriz do transporte no Brasil: Uma análise comparativa para a competitividade.
In Proceedings of the XII SEGeT—Simpósio de Excelência em Gestão e Tecnologia, Resende, Rio de Janeiro,
Brazil, 28–30 October 2015.

25. Hoffmann, M. Comportamento do condutor e fenômenos psicológicos. Psicol. Pesqui. Trânsito 2005, 1, 17–24.
26. Balbinot, A.B.; Zaro, M.A.; Alegre, P.; Alegre, P.; Alegre, P. Artigo Científico Funções psicológicas e cognitivas

presentes no ato de dirigir e sua importância para os motoristas no trânsito. Ciências Cognição 2011, 16, 13–29.
27. Nævestad, T.O.; Laiou, A.; Phillips, R.O.; Bjørnskau, T.; Yannis, G. Safety culture among private and

professional drivers in Norway and Greece: Examining the influence of national road safety culture. Safety
2019, 5, 20. [CrossRef]

28. Choi, J.; Lee, K.; Kim, H.; An, S.; Nam, D. Classification of Inter-Urban Highway Drivers’ Resting Behavior
for Advanced Driver-Assistance System Technologies using Vehicle Trajectory Data from Car Navigation
Systems. Sustainability 2020, 12, 5936. [CrossRef]

29. ETSC. “PRAISE”: Preventing Road Accidents and Injuries for the Safety of Employees—How Can In-Vehicle
Safety Equipment Improve Road Safety at Work? Available online: https://www.yumpu.com/en/document/re
ad/3810842/how-can-in-vehicle-safety-equipment-improve-road-safety-at-work (accessed on 25 June 2020).

30. Peden, M.; Scurfield, R.; Sleet, D.; Mohan, D.; Hyder, A.A.; Jarawan, E.; Mathers, C. World Report on Road
Traffic Injury Prevention; WHO and UNICEF: Geneva, Switzerland, 2004.

31. Knauth, D.R.; Leal, A.F.; Pilecco, F.B.; Seffner, F.; Teixeira, A.M.F.B. Staying awake: Truck drivers’ vulnerability
in Rio Grande do Sul, Southern Brazil. Rev. Saúde Pública 2012, 46, 886–893. [CrossRef]

32. Botessini, G.; Noradi, C.T. O Fator humano nos acidentes rodoviários: Motivos e possíveis soluções levantados
em um grupo focal. Rev. Estrad. 2008, 7, 1–15.

33. PIARC. Road Accident Investigation—Guidelines for Road Engineers. Available online: https://www.piarc.
org/ressources/publications/7/19602,2013R07-EN.pdf (accessed on 10 May 2020).

34. CNT. Pesquisa CNT de Rodovias 2016: Relatório Gerencial. Available online: http://anut.org/wp-content/up
loads/2017/10/Pesquisa-CNT-Rodovias.pdf (accessed on 10 May 2020).

35. WEF. The Global Competitiveness Report 2016–2017; World Economic Forum: Geneva, Switzerland, 2017.
36. CNT. A Fase P7 do Proconve e o Impacto no Setor de Transporte. Available online: http://docplayer.com.br/8

6080794-A-fase-p7-do-proconve-e-o-impacto-no-setor-de-transporte.html (accessed on 10 May 2020).
37. WHO. Global Plan for the Decade of Action for Road Safety: 2011–2020. Available online: https://www.who.

int/roadsafety/decade_of_action/plan/en/ (accessed on 10 May 2020).
38. Morris, A.; Brace, C.; Reed, S.; Fagerlind, H. The development of a European fatal accident database.

In Proceedings of the International Crashworthiness Conference, Kyoto, Japan, 22–25 July 2008.
39. Jiménez, F.; Naranjo, J.E.; Gómez, Ó. Autonomous collision avoidance system based on accurate knowledge

of the vehicle surroundings. Intell. Transp. Syst. IET 2015, 9, 105–117. [CrossRef]
40. Emami, K.H.; Dhillon, B.S.; Jenab, K. Reliability prediction for the vehicles equipped with advanced driver

assistance systems (ADAS) and passive safety systems (PSS). Int. J. Ind. Eng. Comput. 2012, 3, 731–742.
[CrossRef]

41. Roetting, M.; Huang, Y.-H.; McDevitt, J.R.; Melton, D. When technology tells you how you drive—Truck
drivers attitudes towards feedback by technology. Transp. Res. Part F 2003, 6, 275–287. [CrossRef]

42. NHTSA. Research Note—Distracted Driving 2011. Available online: https://crashstats.nhtsa.dot.gov/Api/P
ublic/ViewPublication/811737 (accessed on 9 April 2020).

43. Jermakian, J.S. Crash avoidance potential of four passenger vehicle technologies. Accid. Anal. Prev. 2011,
43, 732–740. [CrossRef]

https://www.sciencedirect.com/topics/engineering/advanced-driver-assistance-systems
https://www.sciencedirect.com/topics/engineering/advanced-driver-assistance-systems
http://dx.doi.org/10.1016/j.aap.2018.10.004
http://dx.doi.org/10.1590/S0034-89102011005000069
http://dx.doi.org/10.1080/15389580802272831
http://dx.doi.org/10.3390/safety5020020
http://dx.doi.org/10.3390/su12155936
https://www.yumpu.com/en/document/read/3810842/how-can-in-vehicle-safety-equipment-improve-road-safety-at-work
https://www.yumpu.com/en/document/read/3810842/how-can-in-vehicle-safety-equipment-improve-road-safety-at-work
http://dx.doi.org/10.1590/S0034-89102012000500016
https://www.piarc.org/ressources/publications/7/19602,2013R07-EN.pdf
https://www.piarc.org/ressources/publications/7/19602,2013R07-EN.pdf
http://anut.org/wp-content/uploads/2017/10/Pesquisa-CNT-Rodovias.pdf
http://anut.org/wp-content/uploads/2017/10/Pesquisa-CNT-Rodovias.pdf
http://docplayer.com.br/86080794-A-fase-p7-do-proconve-e-o-impacto-no-setor-de-transporte.html
http://docplayer.com.br/86080794-A-fase-p7-do-proconve-e-o-impacto-no-setor-de-transporte.html
https://www.who.int/roadsafety/decade_of_action/plan/en/
https://www.who.int/roadsafety/decade_of_action/plan/en/
http://dx.doi.org/10.1049/iet-its.2013.0118
http://dx.doi.org/10.5267/j.ijiec.2012.08.004
http://dx.doi.org/10.1016/j.trf.2003.09.001
https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/811737
https://crashstats.nhtsa.dot.gov/Api/Public/ViewPublication/811737
http://dx.doi.org/10.1016/j.aap.2010.10.020


Sustainability 2020, 12, 8139 21 of 22

44. COWI. Cost-Benefit Assessment and Prioritisation of Vehicle Safety Technologies. Available online: https:
//www.roadsafetyobservatory.com/Evidence/Details/10803 (accessed on 23 March 2020).

45. Rosenbluth, W. Electronic Data Recorders (EDRs, Black Boxes), 2nd ed.; Elsevier Ltd.: Reston, VA, USA, 2013;
ISBN 9780123821652.

46. Schimidt-Cotta, R. VERONICA—Vehicle Event Recording Based on Intelligent Crash Assessment.
Available online: https://ec.europa.eu/transport/road_safety/sites/roadsafety/files/pdf/projects_sources/vero
nica2_final_report.pdf (accessed on 8 March 2020).

47. Gabler, H.C.; Gabauer, D.J.; Newell, H.L.; Neill, M.E.O. Use of Event Data Recorder (EDR) Technology for
Highway Crash Data Analysis. NHCRP Proj. 2004, 75, 17–24.

48. Wouters, P.I.J.; Bos, J.M.J. Traffic accident reduction by monitoring driver behaviour with in-car data recorders.
Accid. Anal. Prev. 2000, 32, 643–650. [CrossRef]

49. Nowacki, G.; Niedzicka, A.; Krysiuk, C. The use of Event Data Recorder (EDR)—Black Box. Adv. Sci. Technol.
Res. J. 2014, 8, 62–72. [CrossRef]

50. Caulfield, B.; Brazil, W.; Ni Fitzgerald, K.; Morton, C. Measuring the success of reducing emissions using an
on-board eco-driving feedback tool. Transp. Res. Part D 2014, 32, 253–262. [CrossRef]

51. Westbrook, R.; Sapper, D.; Cusack, H.; Staes, L. Evaluation of Eletronic Data Recorders for Incident
Investigation, Driver Performance, and Vehicle Maintenance. Available online: https://rosap.ntl.bts.gov/view
/dot/38417 (accessed on 15 June 2020).

52. Parlamento Europeu. DIRECTIVA 2003/59/CE. Parlam. Eur. Cons. União Eur. 2003, pp. 4–17.
Available online: https://eur-lex.europa.eu/legal-content/ES/TXT/PDF/?uri=CELEX:32003L0059&from=EL
(accessed on 13 April 2020).

53. Parlamento Europeu Directiva (UE). 2018/645 do Parlamento Europeu e do Conselho da União Europeia.
Available online: https://eur-lex.europa.eu/legal-content/PT/TXT/PDF/?uri=CELEX:32018L0645&from=EN
(accessed on 13 April 2020).

54. Charnes, A.; Cooper, W.W.; Rhodes, E. Measuring the efficiency of decision making units. Eur. J. Oper. Res.
1978, 2, 429–444. [CrossRef]

55. Charnes, A.; Cooper, W.W.; Golany, B.; Seiford, L. Foundations of Data Envelopment Analysis for
Pareto-Koopmans Efficient Empirical Production Function. J. Econom. 1985, 30, 91–107. [CrossRef]

56. Zhu, J. Quantitative Models for Performance Evaluation and Benchmarking, 2nd Ed.; Hillier, F.S., Ed.;
Springer: Berlin, Germany, 2009; Volume 1, ISBN 9780387859811.
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