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ABSTRACT There is a pressing need for road authorities to take a proactive role in the deployment of
automated vehicles on the existing road network. This requires a comprehensive understanding of the
driving environment characteristics that affect the performance of automated vehicles. In this context,
a field test with Lane Departure Warning (LDW) and Lane Keeping Systems (LKS)-enabled vehicles
was conducted in the Netherlands. Empirical data from the experiment was used to estimate the impact
of driving environment components such as weather condition and lane width on the performance of
the automated vehicles. Driving at night in the presence of streetlights with rain resulted in least detec-
tion performance for both the vehicles as compared to other visibility conditions. As for lane-keeping
performance, the LKS positioned the vehicle significantly more to the left of the lane on left-curves
than on straight sections. The LKS also positioned the vehicle more left on lanes with a width less than
250 cm than on wider lanes. These findings were translated into levels of service of the Operational
Design Domain (ODD). Each level of service corresponded to a performance level of the lane assistance
systems, classified as “High”, “Medium”, and “Low”, and defined using indicators.

INDEX TERMS Automated vehicles, field test, lane assistance systems, operational design domain,
performance evaluation.

I. INTRODUCTION
A. BACKGROUND
HILE Automated Driving Systems (ADS) are
expected to increase traffic safety, instances of
crashes involving vehicles with such systems raise questions
about their actual safety [1]. It has thus become increasingly
relevant, for the involved stakeholders and especially for road
authorities, to take action and initiative towards understand-
ing the behavior of these systems on public roads and their

The review of this article was arranged by Associate Editor Peter Han
Joo Chong.

implications on the existing road infrastructure. Although
there have been a lot of studies that seek to evaluate the
performance of ADS, the large focus is on longitudinal driv-
ing such as Adaptive Cruise Control (ACC) and Cooperative
ACC (CACC) systems [2]-[7]. As of 2022, the new EU regu-
lation makes it mandatory that all vehicles sold in the EU will
have a set of ADS to increase road traffic safety [8]. Among
these systems is lane assistance systems which support the
driver in the lateral control of the vehicle. Lane assistance
systems are not as commonly evaluated as the longitudinal
driving systems, presumably due to the variations in their
modes of operation and relative complexity in evaluating
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lateral behavior compared to longitudinal behavior. However,
the consequences of unsafe lateral behavior can be severe.
Therefore, it is important to evaluate the performance of
lane assistance systems and to study the effect that driving
environment components (such as lane markings, horizon-
tal road curvature, and weather conditions) have on their
performance.

The driving environment is considered a key component
to be taken into account when evaluating the Operational
Design Domain (ODD) of ADS [9]. ODD, for a certain
ADS, is the set of driving conditions in which it is designed
to function. These driving conditions may include weather
conditions, road (and roadside) infrastructure components,
and also vehicle-related conditions such as minimum speed.
Presently, there is a need to establish standard practices and
lexicon towards characterizing and defining the ODD for
automated vehicles [10]. The specification of the ODD is
paramount for the users (drivers) who need to be aware
of the driving conditions in which their automated vehi-
cle may deteriorate its performance or even not be able to
function at all. The ODD specification is of equal impor-
tance, if not more, for road authorities who design roads and
establish driving regulations for vehicles on their roads. If
the automated vehicle enters an environment that is outside
its ODD, there is a high probability of transfer of control
from the automated driving mode to the manual driving
mode, which could increase the driving risk. Such transi-
tions may also occur if the vehicle incorrectly detects the
environment to be within its ODD, potentially leading to
poor performance and also unsafe situations. Roads must
therefore be designed to consistently provide a driving envi-
ronment in which the ADS can operate at a certain level of
performance.

To define the ODD, the effect that the components of the
driving environment have on the performance of the system
must be first determined. The main aim of this research is
to evaluate the performance of lane assistance systems by
estimating the effect that the driving environment has on
their performance. This research also provides a taxonomy
for defining levels of performance for lane assistance systems
as well as for characterization of the ODD, contributing to
the efforts of standardizing this process.

B. PERFORMANCE INDICATORS

Certain indicators are being used in practice to evaluate
the performance of lane assistance systems. For instance,
the European New Car Assessment Programme [11] mainly
uses the Distance to Lane Edge (DTLE), which is the dis-
tance between the wheel and the inner edge of the lane
marking, to evaluate the safety of lane assistance systems.
Several scientific studies study the lane-keeping performance
of human drivers. Still, it may be assumed that lane-
keeping performance indicators of human driving are also
applicable for lane-keeping systems. Reference [12] inves-
tigated the effect of fog conditions on the lane-keeping
performance of manual driving, using Lane Offset as an
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indicator. Lane Offset, also referred to as Lateral Offset,
is defined as the deviation from the center of the lane.
This indicator has been applied in other studies [13]. The
Mean Lateral Position (MLP), which is the average Lateral
Offset over a stretch of road, has been used in several
studies [14], [15].

Another commonly used indicator for manual driving is
the Standard Deviation of Lane Position (SDLP) [15]-[17].
Some studies argue that low SDLP does not necessarily
mean safe performance as it may be due to certain distracted
driving behavior attributed to distracting road infrastructure
components (pavement repair patches, shadows) [18], [19].
Still, SDLP certainly can be regarded as a performance
measure of the system, especially in combination
with MLP.

Another indicator is the Time to Lane Crossing (TLC)
which was used by [17] to evaluate the driving performance.
TLC is defined by [20] as the time required for the vehicle to
cross the road edge, given its trajectory. Reference [21] also
proposes using the Time to Lane Departure (TLD), which can
be measured at every instant assuming a straight trajectory
(straight extension to the vehicle’s current direction), or with
constant lateral speed.

Other studies on the performance of LKS use indicators
that focus on the steering wheel [22], [23] such as Standard
Deviation of steering wheel angle (relating to the change
in steering wheel angle as an indicator of stability) and
Steering wheel reversal rate (SRR) (represents the number
of times that the steering wheel is reversed by a magnitude
larger than a specific angle, or gap). An even more extensive
list of indicators concerning the steering wheel is provided
by [24].

C. ROAD INFRASTRUCTURE REQUIREMENTS

Reference [25] provide a review of existing studies on infras-
tructure for automated vehicles, covering physical and digital
infrastructure. It is found that there is a scarcity in knowledge
of physical infrastructure as compared to digital infrastruc-
ture. Also, there is a need for empirical evidence-based
studies on the geometric design of roads for automated
vehicles.

Lane assistance systems primarily function by detect-
ing lane markings. References [26] and [27] emphasize the
importance of consistent road markings, signage, and pave-
ment by stating that poor quality or unconventional use of
lane markings (or cracks in pavement) could cause lane assis-
tance systems to fail in identifying the correct lane boundary,
which has direct implications on traffic safety.

Reference [28] conducted a qualitative study on the influ-
encing factors for automated driving based on literature
review and an online questionnaire filled by experts and
stakeholders. The primary factors are complex urban road
environments, quality of lane markings, temporary road work
zones, poor visibility due to bad weather, and irregular or
damaged road edges or curbs. Other aspects of the road

VOLUME 1, 2020



IEEE Open Journal of
Intelligent Transportation
Systems

infrastructure, such as low curve radii, slippery road sur-
face, and poor visibility, were determined to be of medium
importance.

Reference [29] speculate that the radii of curves could
become smaller as automated vehicles are expected to nego-
tiate curves with higher accuracy and at greater speeds.
The report also proposed that on multi-lane curves, man-
ually driven vehicles could be allowed to drive on the outer
lanes (higher radius), while automated vehicles would be
allowed to drive on the inner lanes (lower radius). Other
propositions were that the width of lanes could be reduced
(expecting more stable steering), improving quality and uni-
formity of lane markings, reduction in intensities of lights
at intersections.

Reference [30] provide a prediction of the ODD for
a Level-4 Highway autopilot including highway convoy.
For road markings, it was recommended that there must
be “Minimum quality of solid or dotted lines painted on
the pavement if accurate lateral positioning is based on
a camera detecting the location of the lane borders” thus
highlighting the importance of visible lane markings. The
system was also expected to be able to operate in all weather
conditions except for severe conditions such as heavy rain
or snow. All the ODD recommendations, including road
infrastructure, were theoretical and not based on empirical
research.

Attempts to operationalize the infrastructure requirements
are mainly in the aspect of lane marking quality. For
instance, the European Road Federation (ERF) presents the
effect of reduction in quality of lane markings on their
readability [31]. Although this focuses on human drivers,
it also extends to propose a “good lane marking” that would
ensure they are readable also for automated systems such
as LKS and LDW. The reflectivity of the lane marking
has been the most defined aspect of the quality of lane
markings [31]-[33]. A “good lane marking” is defined as
that which is visible to human drivers as well as auto-
mated vehicles irrespective of lighting conditions, weather
conditions, and driver age.

Reference [34] conducted a pilot test with a LKS to study
the effect of lane width on its control. It was found that the
LKS cannot operate on lanes with a width less than or equal
to 2.5 m, and it always can operate on lanes with a width
greater than or equal to 2.75 m. It was concluded that widths
of current lanes cannot be reduced with the current level of
automated vehicles operating on the roads. Reference [35]
demonstrated a method for assessing the ODD of lane keep-
ing systems using a field test approach. The maximum risk
was found to be in situations outside the ODD, such as roads
inside the city with no lane markings. Some driving environ-
ments within the ODD were also found to be high risk, such
as driving inside tunnels. The tunnel walls even influenced
the lane keeping performance, as the vehicle lane position
skewed away from the tunnel wall. Therefore, lane keeping
systems could be significantly affected by the nature of the
driving environment.
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D. RESEARCH GAP AND RESEARCH QUESTIONS
Existing literature indicates that although research and stud-
ies regarding ADS and driving environment do exist, there is
still a major gap in understanding the relationship between
them. This is because although there is a lot of anticipation
and predictions about the driving environment of the future,
hardly any of these studies are based on concrete empirical
evidence. This is mainly because the focus has been primar-
ily on the distant future, where the vehicles would be fully
automated, and have 100% market penetration rate. This
makes it impossible to make any predictions of future driv-
ing environments (especially road infrastructure) with a high
degree of certainty as the type and performance levels of
these automated vehicles are not known. However, the few
studies that have aimed to understand the driving environ-
ment requirements for some specific functions of automated
driving such as Lane Assistance Systems using empirical
approaches show the benefit of these studies [34], [35].
There is still a knowledge gap regarding the precise nature
of the impact of driving environment components on the
performance of the ADS systems. This research aims to
define the effects that components of the driving environ-
ment have on the performance of Lane Assistance Systems.
Therefore, the main aim of this study is to answer the
following research question:

How do the different components of the driving environ-
ment affect the performance of Level 1 Automated Vehicles
with Lane Assistance Systems?

E. CONCEPTUAL MODEL

The operation of the lane-keeping system in relation to its
driving environment can be represented as a control struc-
ture, with the road authority (Box 1) and the LKS (Box
2) being the two controllers (see Figure 1). For a differ-
ent system, such as the Lane Departure Warning (LDW)
system, the controller would consist of a different algo-
rithm, with the rest of the other components being the same.
The LKS is specifically chosen to demonstrate the concep-
tual model. The LKS’s control action is the steering wheel
correction that is executed (Box 2.4) based on a defined algo-
rithm (Box 2.3). The road authority’s control action consists
of modifications to the road infrastructure (Box 1.1) based
on the performance evaluation of the LKS (Box 1.2). The
LKS performance is affected by the driving environment,
which consists of the infrastructure components (Box 3),
and the weather conditions (Box 4). Examples of their sub-
components are presented in the conceptual model, such as
streetlights and pavement type for infrastructure components,
and time of day for weather conditions. The combination
of these two components (and their sub-components) form
the driving environment, which could be within or outside
the ODD of the LKS. The specific algorithm on which the
LKS is based and defined by the car manufacturer and is
generally not publicly available. The driving environment
conditions are known or can be measured or observed explic-
itly. In the conceptual model, the arrows (represented by
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FIGURE 1. Conceptual model of LKS operation in its driving environment.

thick lines) connecting the infrastructure components and
the weather conditions to the LKS controller are the focus
of this research. These arrows represent the effect that the
driving environment has on LKS performance. The concep-
tual model is not exhaustive. It only focuses on the part of
the Dynamic Driving Task (DDT) of which the LKS takes
responsibility. A more complete picture would also involve
the human driver who does not only continuously monitor
the LKS performance but is also responsible for all the other
tasks of the DDT. That is, however, out of the scope of this
research.

This article is structured as follows: Section II describes
the research method including the field test set-up; Section III
presents the descriptive analysis with performance evalu-
ation; Section IV involves the modelling of performance;
Section V provides the ODD Levels of Service with
performance classification; Section VI discusses the
results and the limitations; finally, Section VII proposes
recommendations.

Il. RESEARCH METHOD

This research adopts an empirical approach to answer the
research question. A field test was conducted to under-
stand the impact of driving environment components on
the performance of lane assistance systems. It involved
driving lane assistance systems-enabled vehicles in differ-
ent driving environments and evaluating their performance.
The effect of the driving environment components was esti-
mated using statistical regression models. Finally, the driving
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environment components were categorized into different lev-
els of service corresponding to the performance of the
lane-assistance system in these conditions. The following
sub-sections describe the field test setup, followed by the
vehicle instrumentation, and data collection and processing.

A. FIELD TEST SETUP

For the field test, two vehicles/systems were selected, namely
the Volkswagen e-Golf equipped with a Lane Keeping
System (LKS), and the Toyota Auris equipped with a Lane
Departure Warning (LDW) system. These two vehicles
were chosen based on the popularity of their usage in the
Netherlands. The two vehicles were driven at the same time
on two routes of approximately 600 kilometers long in the
Province of North Holland. The two routes were driven
in different test sessions for practical feasibility. Figure 2
depicts the two routes. The intention was to cover as many
different types of road environments as possible. Therefore,
the two routes covered several parts of the Province of North
Holland.

The test drives had an equal number of day and night
sessions to account for the potential effect of the time of
day on the performance of the two systems. The field test
was done in March 2019. Day time test drives started around
10.00 am, and nighttime test drives started between 6.30 pm
and 7.00 pm when it was dark. Also, the test sessions were
scheduled to cover different weather conditions such as clear
weather, cloudy, and rainy. Table 1 presents an overview of
the field test sessions that were carried out. Thus, for each
route, there were 8 test sessions (2 vehicles x 2 sessions

VOLUME 1, 2020



IEEE Open Journal of
Intelligent Transportation
Systems

Workum
Den Helder
Julianadorp A7}
Wieringerwerf Oudem
Callantsoog
Sch3
N9
Heerhd
Alkmga
o}
S
= t@ Lelystad
Beverwijk S’
IUmuiden
A6 |

Haarlem
Amsterd
Almere
Amstelveen
Lisse
[ Ad4] ]
Leiden Amersfoort
Alphen aan Ba
den Rijn | A28 |
Utrecht
The Hague - TA12 } =
[A12] Ni >
: Delft Gouda g
i
(a) Route 1

FIGURE 2. The two routes selected for the field test.

TABLE 1. Overview of test sessions.

Session Number of test sessions
Volkswagen Day Route 1 3 (2 + 1 extra day ride)
Toyota Day Route 1 2
Volkswagen Day Route 2

Toyota Day Route 2

Volkswagen Night Route 1
Toyota Night Route 1
Volkswagen Night Route 2
Toyota Night Route 2

NN NN

x 2 times of day) resulting in 8 sets of data points. The
Volkswagen for Day Route 1 had an extra session due to
data collection issues that were discovered in one of the
previous sessions.

B. VEHICLE INSTRUMENTATION

The field test involved a collection of data from different
sources. The Volkswagen was equipped with 5 GoPro cam-
eras: one on the windscreen facing the driving direction,
one facing the dashboard display, one capturing the steering
wheel, and two cameras on either side of the vehicle facing
the front wheel. These cameras were used to evaluate the
performance of the lane-marking detection as well as the
lane-keeping performance. The Toyota Auris with the lane-
departure warning system was equipped with only 2 GoPro
cameras, namely the windscreen camera and the dashboard
camera to evaluate the lane detection performance. Figure 3
presents the positions of these cameras next to examples of
the images captured by each of these cameras.
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The camera on the windscreen (Figure 3a) captures the
driving environment of the vehicle for later reference and
analysis. The camera facing the dashboard (Figure 3b) cov-
ered the status of lane detection indicating the number of
lines detected by the vehicle (no lines, one line, or both
lines). The camera capturing the steering wheel (Figure 3c)
was used to monitor transitions of control between the driver
and the LKS. The two cameras on either side of the vehi-
cle (Figures 3d and 3e) were used to measure the distance
between the edge of the wheel and the edge of the lane
marking, which indicated the position of the vehicle within
the lane. The data processed from these cameras were used
to evaluate the lane detection performance as well as the lane
keeping performance. Each of these cameras was synced to
local time using a GoPro app. The driver of the Volkswagen
was instructed to drive with the LKS activated, and to allow
the LKS to take steering control by default. However, the
driver was informed to take manual control whenever he
desired. The driver of the Toyota drove the vehicle man-
vally at all times. The two drivers of the vehicles were
employees of Royal HaskoningDHV and they drove in all
the test sessions.

In addition to the cameras, both vehicles had a cellphone
that recorded the GPS position for every second of the drive.
The time synchronization between the cameras and the cell
phone was done using a GoPro app on the cell phone with all
the cameras being connected to the app. This was primarily
used to measure the speed of the vehicle, but also later
during the analysis to know the position where the vehicle
was driving. Both vehicles also had co-drivers, who were
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(e) Right camera position for capturing right lane-marking (left) and a still from the right camera (right)

FIGURE 3. Camera positions and respective still.

equipped with laptops that had a logbook. They logged the
driving conditions, for example, the time of day and weather
condition. The co-driver of the Volkswagen also logged the
status of the steering wheel control between the driver and
the LKS. The next section discusses the data collection and
processing.
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C. DATA COLLECTION AND PROCESSING

The final dataset resulting from the field test was in csv for-
mat. The data collected included weather condition, time of
day, driving speed, the status of LKS (explained later), and
presence of streetlights. The two systems, that is the LKS and
LDW, have certain minimum speed thresholds below which
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TABLE 2. Overview of dataset duration.

Description Duration in seconds
Total number of data points 160,451  (about 45
hours)

Number of data points for Toyota Auris
(LDW)

72,239 (about 20 hours)

Number of data points for Volkswagen Golf
(LKS)

88,213 (about 25 hours)

Number of data points of day rides 82,828 (about 23 hours)

Number of data points of night rides 74,100 (about 21 hours)

107,605  (about 30
hours)

Number of data points when both vehicle
speeds above 60 kmph

they cannot be active. The LKS had a minimum speed limit
of 65 kmph to be active, and the LDW 50 kmph. While decel-
erating, the LKS remains active up to 60 kmph. This research
therefore only considered the data points where the vehicles
were driving above 60 kmph to evaluate their performance.
The overview of the dataset duration is presented in Table 2.

The field test covered different weather conditions as
well as the times of day. The co-drivers recorded the
weather conditions data and time of day as separate vari-
ables. However, in reality, these two variables correspond
to one variable which is the visibility condition in which
the field test was done. Therefore, these two variables
were combined into a new variable ‘Visibility condition’
that consisted of seven categories: 1) Clear (Day + clear
weather), 2) Cloudy (Day + cloudy weather), 3) Rainy
(Day + rainy weather), 4) Dark (Night + clear/cloudy
weather), 5) Dark_Rainy (Night 4 rainy weather), 6) SL
(Night + Streetlights + clear/cloudy weather), 7) SL_Rainy
(Night + Streetlights 4 rainy weather).

For measuring the lane keeping performance, the position
of the vehicle in the lane needs to be determined. The side
cameras were used to extract the distance from the wheel to
the adjacent lane marking using image recognition. However,
there was a lack of any ‘ground truths’ for the measurements
and also the fish-eye lens distortion meant that a pixel in
one part of the picture did not have the same dimensions
as a pixel in another part of the picture. To address these
issues, two additional steps were done during the test drives.
At the start of activating every camera video, a calibration
task and a validation task were done. The calibration task
involved holding a black-and-white checkerboard at different
positions of the camera view as shown in Figure 4(a). This
was used to calibrate the pixel dimensions in different posi-
tions of the camera image, given the true dimensions of the
checkerboard. The validation task involved placing a black-
and-white striped wooden plank perpendicular to the wheel
of the car as shown in Figure 4(b). This was used to firstly
define the angle of the line of measurement of the distance
between the wheel and the lane marking, and secondly, to
validate the measurements, given the true dimensions of the
wooden plank. The image recognition involved identification

VOLUME 1, 2020

(a) Caibratlon task

(b) Validation task

FIGURE 4. Image recognition tasks.

of edges of objects in the image, recognition of lane mark-
ings, and measuring the distance from the lane marking to
the wheel.

The output of this dataset was the distance from the left
wheel to the left lane marking, and the distance from the right
wheel to the right lane marking, at a one-second resolution.
This resulted in the lane position measurement at a resolution
of one second and as well the lane-width. Due to budget and
time constraints, this lane position data was available for only
one of the day test sessions. Still, this data allowed for the
derivation of some useful insights.

lll. PERFORMANCE EVALUATION AND DESCRIPTIVE
ANALYSIS

Analysis of the collected data first involved defining the
performance indicators for evaluating the performance of
the LKS and LDW. Both systems were evaluated using
the defined indicators in different driving conditions. Then,
regression models were developed and estimated for the
performance indicators using the driving conditions as
predicting variables. Finally, ODD levels of service were
defined for each performance indicator using insights from
the literature as well as the findings in this study. This sec-
tion discusses first the performance indicators selected for
the evaluation of these systems, followed by the results of
the descriptive analysis.

A. PERFORMANCE INDICATORS

The performance indicators are classified into two cate-
gories: Detection Performance indicators, and Lane Keeping
Performance indicators. Detection Performance relates to the
ability of the systems to detect the lane markings on the road.

The detection performance was evaluated for both the LKS
and the LDW system. The Lane Keeping Performance relates
to the ability of the system to perform the lane-keeping task.
Therefore, the Lane Keeping Performance was evaluated for
the LKS only.

To evaluate the Detection Performance, the detection sta-
tus indicated on the vehicle’s dashboard was used. Three
possible indicators were used: (1) percentage of both lines
detected, (2) percentage of no lines detected, and (3) percent-
age of one line detected. All three were used for performance
evaluation, but the focus was on the percentage of both lines
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detected and percentage of no lines detected. The percent-
age of both lines detected for a specific driving condition
is defined as the percentage of occurrences of both lines
being detected, with respect to all the detection states for
that driving condition. The percentage of no lines detected
for a specific driving condition was similarly defined as the
percentage of occurrences of no lines being detected, with
respect to all the detection states for that driving condition.

To evaluate the Lane Keeping Performance, two indicators
were defined. The first indicator is the Mean Lateral Position,
or MLP. Lateral Position, or Lateral Offset, is defined as the
shortest distance between the center of the vehicle front axle
and the center line of the lane. For sign convention, the right-
hand coordinate system is used, where the distance towards
the right is positive, and to the left is negative. The Lateral
Lane Position was calculated according to Eq. (1) below.
MLP is defined as the average lateral position measured over
a defined stretch of distance. It is calculated by dividing the
sum of Lateral Positions over that stretch by the number of
data points collected in that stretch.

Lateral Lane Position

= 0.5 * (Left_Distance — Right_Distance) @))

The second indicator is the Standard Deviation of Lane
Position, or SDLP. SDLP is the most popularly reported
indicator to measure lane keeping performance, especially
for human driving. SDLP is calculated using Eq. (2) below.

|
— N
N ,E=1 i =X~ (2)

N
1
SDLP = |+ 2()61‘ —%)?2, or
=

where,

x; = The i-th value of lateral lane position
X = Mean lateral lane position of a sample
N = Number of data points in the sample

B. PERFORMANCE EVALUATION RESULTS

The indicators defined previously were used to evaluate
the performance of the LKS and LDW system in different
driving conditions. Firstly, the detection performance was
evaluated in different visibility conditions. Figure 5 presents
the results of the detection performance of LKS and LDW
in the different visibility conditions. The calculated pro-
portions were normalized with respect to the duration of
driving in different visibility conditions. That is, driving in
a certain visibility condition longer than in another has been
normalized.

To a large extent, both systems detect both lane markings
in different visibility conditions. However, there are some
notable visibility conditions in which detection performance
dropped significantly. For the LKS, the proportion of both
lines detected has a large deterioration in the ‘SL_Rainy’
condition, and to a lower extent in the ‘Dark_Rainy’ condi-
tion. Besides that, the proportion of both lines detected seems
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FIGURE 5. Detection performance of LKS (upper) and LDW (lower) in different
visibility conditions.

to be stable across the other visibility conditions. For the
LDW, the effects are more pronounced. In the ‘SL_Rainy’
condition, there was a major deterioration in the propor-
tion of both lines detected and also in the ‘Dark_Rainy’
condition. The ‘Dark’ visibility condition had the highest
proportion of both lines detected as compared to the other
visibility conditions.

Figure 6 shows the detection performance at different driv-
ing speed categories. Here also the calculated proportions
were normalized with respect to the duration of driving
in different speed categories. Both lines were detected in
most of the times. For both LKS and LDW, there seems
to be a notable increase in the detection performance of
both lines when the speed increases from the range of ‘60-
70’ to “70-80° category. For the LDW, the results indicate
a reduction in the detection performance of both lines from
the ‘80-90° to ‘>90’ category.

As for lane keeping performance, the measured Lane
Position was used to estimate the effect of different driv-
ing conditions. Figure 7 shows box plots of the measured
Lane Position in different conditions of speed categories,
curve type, and lane widths. The results indicate that trav-
elling at higher speeds generally makes the LKS keep the
vehicle more to the left of the lane center, except at speeds
higher than 90 kmph category. The LKS also steers the
vehicle more to the left side of the road while driving on
left curves compared to when driving on straight sections
or right curves. Finally, on narrow roads (< 250 cm), the
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FIGURE 6. Detection performance of LKS and LDW at different speed categories.

LKS steers the vehicle more towards the left side of the lane
center compared to wider roads (> 250 cm).

IV. MODELLING LANE DETECTION AND LANE-KEEPING
PERFORMANCE

Two regressions models were developed to estimate the effect
of driving conditions on the performance of the lane assis-
tance systems: a detection performance model, and a lane-
keeping performance model. The detection performance for
the LKS and LDW was estimated together as one system
as the objective was to identify the effect that the driving
environment has on detection performance of these camera-
based lane assistance systems. The function of both systems
in terms of detection was the same: to detect lane markings.
Hence, it was not of interest to identify the effects on detec-
tion performance for the individual vehicle system models.
The development of the regression models and the results
are discussed below.

A. DETECTION PERFORMANCE MODEL

In the detection performance model, the predicted variable
is the detection state, which could be both lines detected,
one line detected, or no lines detected. Therefore, the pre-
dicted variable of the model is categorical. The possible
predicting variables are visibility condition and speed cate-
gory. As previously stated, the lane position was measured
only for one test session where the lane width and type of
curve were recorded. Hence, lane width and type of curve
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are additional predicting variables to be considered for the
last test session. However, due to the few data points, these
two variables were excluded.

The Pearson’s Chi-Square tests were conducted to check
the association of the predicting variables and the predicted
variable. As both the predicted and predicting variables are
categorical, Chi-square test was used. The Pearson’s Chi-
Square test result (X2 (12, N = 99500) = 6460.58, p < .001)
confirmed that the visibility conditions and the detection
states have a significant association. Also, the Pearson’s Chi-
Square test result (X> (6, N = 99500) = 3730.28, p < .001)
confirmed that the speed category and the detection states
have a significant association. Therefore, the visibility con-
dition and speed category were both included as predicting
variables in the model.

As the predicted variable is categorical with three val-
ues and the predicting variables are also categorical,
a Multinomial Logistic Regression model was chosen.
Moreover, as different systems/vehicles would probably
have inherently different levels of performance, therefore
a mixed model with a random intercept was estimated.
To build and estimate the model, the Generalized Mixed
Linear Model (GMLM) in SPSS [36] was used. The model
accounted for the impact of speed category and visibility
conditions as Fixed effects, while a random intercept was
included to capture the correlations between the observations
of the same system. The reference predicted variable was set
to ‘No lines detected’. Table 3 presents the fixed coefficient
estimates for the detection performance model.

For the Visibility conditions, all the estimates are sig-
nificant at 95% and therefore also significantly different
from the reference condition (“Dark” condition). The esti-
mates are all negative, except for the “Rainy” condition. The
interpretation is that as compared to the “Dark” condition,
all other visibility conditions, except for the “Rainy” con-
dition (“Rainy” only refers to daytime driving, as defined
in Section II-C), have a lower probability of “Both lines”
detected. This seemingly counterintuitive result is because
almost all the “Rainy” conditions logged in the field test was
“Light Rain”. The visibility conditions can also be ranked
(as compared to “Dark” condition), in a decreasing order
of probability of “Both lines” detected as follows: “Rainy”,
“Cloudy”, “Clear”, “Streetlights”, “Dark and Rainy”, and
“Streetlights and Rainy”. The rainy night conditions are the
“worst-performing”, but the day rainy condition “best per-
forming”. This result, however, must be considered with the
nature of rainy conditions during the test as light rain was
largely prevalent during the day test drives. Almost all of
heavy rain conditions were experienced during the nighttime
driving.

For Speed categories, except for the 70-80 kmph category,
the other categories have significant estimates at 95% and
therefore also significantly different from the 80-90 kmph
category. It also means that the 70-80 kmph category is not
significantly different from the 80-90 kmph category. Driving
at 60-70 kmph or >90 kmph, as compared to at 80-90 kmph,

245



REDDY et al.: ODD REQUIREMENTS FOR IMPROVED PERFORMANCE OF LANE ASSISTANCE SYSTEMS: FIELD TEST STUDY IN THE NETHERLANDS

Lane Position with Speed categories

404 $ -1 404

¢ )

204 20

Lane Position with Type of Curve

Lane Position with Lane width

- N 40

201

o
!

Lane_Position
o

Lane_Position
o

Lane_Position

—201 —201

L2

—20

—40 4 1 v —40 4 L —40 -/
¢ ' 1 -1
60-70 7080 80-90 ~00 Straight Right_ Curve Left_Curve >250 <=250
Speed Category Stretch Lane width category
FIGURE 7. LKS Lane Position in different driving conditions.
TABLE 3. Fixed coefficient estimates for both lines detection—GLMM.
Model term Coefficient estimate Standard Error 95% CI p-value
Intercept 3.818 0.423 [2.989, 4.648] <0.001
Clear Visibility -0.377 0.056 [-0.487, -0.267] <0.001
Cloudy Visibility -0.260 0.056 [-0.370, -0.151] <0.001
Rainy Visibility 0.190 0.093 [0.008, 0.372] 0.041
Dark Rainy Visibility -0.544 0.063 [-0.668, -0.421] <0.001
SL Visibility -0.383 0.055 [-0.492, -0.275] <0.001
SL_Rainy Visibility -1.750 0.067 [-1.881, -1.619] <0.001
Dark Visibility (Reference value)
60-70 -1.542 0.045 [-1.630, -1.454] <0.001
70-80 -0.006 0.047 [-0.099, 0.087] 0.907
>90 -0.590 0.072 [-0.730, -0.449] <0.001
80-90 (Reference value)

has a lower probability of having “Both lines” detection. The
chance of “Both lines” detection is more than twice at speeds
higher than 90 kmph than at speeds of 60-70 kmph, with
respect to 80-90. This may be partially explained because
the LKS requires a minimum speed of about 65 kmph
to start activation (however, it may be noted that while
decelerating from higher speeds, the LKS remains active
up to 60 kmph).

B. LANE-KEEPING PERFORMANCE MODEL

The commonly adopted norm is to use Mean Lateral Position
as the indicator as it is useful to evaluate the lane-keeping
performance on specific stretches of roads that are of a fixed
length. In this study, however, the performance on a tempo-
ral level was of interest, as the objective was to evaluate the
performance while driving in different environmental con-
ditions. Therefore, it was decided to use the Lane Position
as the predicted variable. The predicting variables consid-
ered were speed category, lane width, and type of curves.
The model did not account for the visibility conditions as
there were no changes in the visibility conditions during
the selected test drive. As the predicting variables are all
categorical, ANOVA test was used to examine which vari-
ables have a significant association with the Lane Position.
Moreover, a multiple comparisons test was done to see
if there were significant differences in the Lane Position
between the categories of the variables. As the predicted
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variable was continuous, and the predicting variables were
categorical, a Multiple Linear Regression model was chosen.
The SPSS tool was used to build the regression model.

The ANOVA test showed that for speed categories, there
were significant differences in the Lane Position between the
60-70 kmph category and the 80-90 kmph category (Lane
position being 3.49 cm more left at 80-90 than at 60-70,
significant at 95% confidence level), between 70-80 kmph
with >90 kmph (Lane position being 8.57 cm more right at
>90 than at 70-80, significant at 95% confidence level), and
between 80-90 kmph with >90 kmph (Lane position being
9.80 cm more right at >90 than at 80-90, significant at 95%
confidence level). Therefore, there was a significant effect
of Speed on Lane Position.

For lane widths, it was observed that the only significant
differences were between the <250 cm category and all other
lane width categories (namely 250-270 cm, 270-290 cm,
290-310 cm, and >310 cm). The mean differences between
the <250 cm category and the other categories were, respec-
tively, —6.92 cm, —6.10 cm, —6.83 cm, and —7.95 cm,
all being significant at 95% confidence level. The nega-
tive sign indicates that the lane position was more left on
lane widths less than 250 cm than on all other measured
lane widths. There was no significant difference of Lane
Position between the other lane width categories. Therefore,
there was a significant effect that a lane width has on
Lane Position. Moreover, given the high insignificance of
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TABLE 4. Lane-keeping performance model coefficient estimates.

Model term Unstandardized B Standard Error 95% CI Significance
(Constant) 799 0.545 [-0.270, 1.869] 0.143
Lanewidth_below_250 -6.125 1.367 [-8.807, -3.443] <0.001
Lanewidth_above 250 (Reference value)

Left Curve -6.685 1.200 [-9.039, -4.330] <0.001
Right Curve -2.102 1.207 [-4.469, 0.266] 0.082
Straight section (Reference value)

60-70 2.092 1.224 [-0.309, 4.494] 0.088
80-90 -1.625 0.818 [-3.230, -0.020] 0.047
>90 8.095 2.551 [3.091, 13.099] 0.002
70-80 (Reference value)

differences between the other categories, the Lane width cat-
egory was redefined as a binary variable (either <= 250 cm,
or > 250 cm).

For type of curve, there were significant differences in
Lane Position between left curves and straight sections (Lane
position being 6.39 cm more left on left curves than on
straight sections, significant at 95% confidence level), as well
as between left and right curves (Lane position being 4.27 cm
more left on left curves than on right curves, significant at
95% confidence level). Therefore, there was a significant
effect that the type of curve has on Lane Position.

Hence, to build the lane-keeping performance regression
model, Speed, Lane width, and Type of curve are cho-
sen to be included. Table 4 presents the fixed coefficient
estimates for the lane-keeping performance model. The sig-
nificant effects are only from Lane width_below_250, the
Left_curve, the Speed_over_90, and the Speed_80-90.

Lane widths below 250 cm tend to make the vehicle steer
in such a way that the Lane Position is about 6 cm more left
than on roads having Lane widths over 250 cms. Also, driv-
ing on left curves makes the LKS to keep about 6.7 cms more
left than on straight sections. Driving over 90 kmph tends
the LKS to keep about 8 cm more right than 70-80 kmph
(however, driving above 90 kmph was negligible during the
field test session), and driving at 80-90 kmph tends the LKS
to keep about 1.6 cm more left than 70-80 kmph.

V. PERFORMANCE CLASSIFICATION AND ODD LEVELS
OF SERVICE

This section describes the classification of the measured
performance indicators using defined thresholds. Then, the
driving conditions are classified into different levels of
service based on the performance evaluation.

A. PERFORMANCE EVALUATION THRESHOLDS

The performance of the lane assistance systems was mea-
sured using the indicators discussed earlier. For each of these
indicators, thresholds were defined for classification: High,
Medium, and Low Performance. This classification was done
for each performance indicator separately. The performance
thresholds for each indicator are shown in Table 5.

These thresholds were partly based on existing literature
that used performance indicators for human driving. The
‘average’ performance measured using these indicators for
human driving has been defined as ‘High Performance’.
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TABLE 5. Performance evaluation thresholds for the indicators.

Indicator High Medium Low
Performance Performance Performance

Percentage No  <5% >5%, <10% >10%

Lines

Detection

Percentage >90% <90%, >85% <85%

Both Line

Detection

MLP! <+2cm >+2cm,<+4 >+4 cm

cm
SDLP <15cm >15cm,<30cm  >30cm

"Mean and Median Lane Position

The medium and low-performance thresholds have been
decided upon using reasonable logic and expectations. The
performance of the lane assistance systems in different driv-
ing conditions was evaluated using the defined performance
thresholds to derive the levels of service of the driving
conditions (Operational Design Domain).

B. OPERATIONAL DESIGN DOMAIN LEVELS OF
SERVICE

The driving conditions under which the corresponding level
of performance was observed is used to formulate the lev-
els of service of Operational Design Domain. First, the
performance thresholds are used to evaluate the performance
in the different driving conditions. Table 6 shows the
performance thresholds applied to the detection performance
in different visibility conditions and speed categories. Values
in bold indicate high performance, those in italics indi-
cate medium performance, and those underlined indicate low
performance.

For the “Percentage Both Lines Detection” indicator,
Clear, Cloudy, Rainy, and Dark are the “High Performance”
driving conditions. Dark_Rainy and Streetlights are
the “Medium Performance” driving conditions, and
Streetlights_Rainy is the “Low Performance” driving con-
dition. Previous discussion showed that all conditions are
significantly different from the Dark condition in terms of
Percentage Both Lines Detection. Concerning the speed cat-
egories, 60-70 kmph has “Low Performance”, 70-80 kmph
and 80- 90 kmph have “High Performance”, and >90 kmph
has “Medium Performance” for both the detection indica-
tors. Previous discussion showed that only 70-80 kmph was
not significantly different from the 80-90 kmph in terms of
Both Lines Detection.
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TABLE 6. Detection evaluation in visibility conditions and speed categories.

TABLE 7. Lane-keeping performance evaluation (+ right bias; - left bias).

Driving condition Both Lines No Lines Driving Mean Lateral Median Lateral SDLP
Detection (%) Detection (%) condition Position (cm) Position (cm) (cm)
Visibility category Lane width
Clear 90.3 56 Less than or -6.69 (Left) -6.50 (Left) 10.97
equal to 2.5 m
Cloudy 92.4 5.4 Greater than 2.5 -0.21 (Left) -0.50 (Left) 14.82
Rainy 92.9 4.6 m
Curve type
Dark 94.7 3.3 Straight 0.18 (Right) -0.50 (Left) 13.72
Dark_Rainy 82.0 6.3 Left curve -6.21 (Left) -6.00 (Left) 16.38
Streetlights 90.0 6.6 Right curve -1.94 (Left) -3.00 (Left) 18.11
Streetlights_Rainy 61.6 15.4 Speed
category
Speed category (kmph) 60-70 1.50 (Right) 0.50 (Right) 14.92
Clear 80.4 13.5 70-80 -0.75 (Left) -1.50 (Left) 15.09
Cloudy 021 i3 80-90 -1.99 (Left) -2.25 (Left) 13.13
i >90 7.82 (Right) 5.00 (Right) 18.98
Rainy 94.2 33
Dark 88.4 5.8 TABLE 8. ODD levels of service.
Level of Visibility Speed Lane Type of
Service condition category  width curve
High Dark, Rainy, 70-80, >=25 Straight
For the “Percentage Both Lines Detection” indicator, Performance Cloudy, Clear 80-90 m section, Right
Clear, Cloudy, Rainy, and Dark are the “High Performance” curve
driving conditions. Dark_Rainy and Streetlights are Medium Streetlights, >90
the “Medium Performance” driving conditions, and Performance Dark_Rainy
Streetlights_Rainy is the “Low Performance” driving con- Low Streetlights Rainy 6070 <25 Left Curve
dition. Previous discussion showed that all conditions are Performance m

significantly different from the Dark condition in terms of
Percentage Both Lines Detection. Concerning the speed cat-
egories, 60-70 kmph has “Low Performance”, 70-80 kmph
and 80- 90 kmph have “High Performance”, and >90 kmph
has “Medium Performance” for both the detection indica-
tors. Previous discussion showed that only 70-80 kmph was
not significantly different from the 80-90 kmph in terms of
Both Lines Detection.

Table 7 shows the performance thresholds applied to
lane-keeping performance in different lane widths, types of
curves, and speed categories. Again, values in bold indi-
cate high performance, those in italics indicate medium
performance, and those underlined indicate low performance.

Lane width less than or equal to 2.5 m cause the LKS to
have “Low Performance”, and lane width above 2.5 m cause
the LKS to have “High Performance”. While the Mean (and
Median) Lane Position is significantly more Left on lane
widths less than or equal to 2.5 m, the SDLP is lower than
the SDLP on lane widths greater than 2.5 m. This suggests
that the vehicle manufacturer intended this kind of lane-
keeping performance. As for curves, the MLP on Left curves
is significantly more left than on Straight sections and Right
curves and is classified as “Low Performance”. The MLP
for right curves is not significantly different from Straight
curves as previously discussed. Concerning the speed cate-
gories, only the >90 kmph sees “Low Performance”. Earlier
discussion already indicated the low duration of driving at
>90, and hence may be due to other specific situational
factors. All other speed categories see “High Performance”
in terms of MLP.
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These performance classification of different driving envi-
ronments are combined to form the Levels of Service of
the driving environment for those systems. Table 8 presents
the Levels of Service of the ODD from the described
classification.

VI. CONCLUSION AND DISCUSSION

This section first summarizes the results, then provides
a reflection on the research method and the results of this
study in comparison to the state of the art, and finally the
research limitations.

A. SUMMARY

This research provides an insight into the driving environ-
ment factors that affect the performance of lane assistance
systems such as the LKS and LDW. The performance evalua-
tion was divided into detection performance and lane-keeping
performance, where detection performance measured the
ability of the system to detect lane markings, and lane-
keeping performance measured the ability of the LKS to keep
the vehicle inside the lane by automatic steering. The field
test revealed the effect that visibility conditions and vehicle
speed had on the lane detection performance. Driving at night
in rain under streetlights resulted in the lowest lane detec-
tion performance. This is attributed to the very low visibility
of lane markings in that driving condition, making it hard
even for human eyes to see the markings. Driving at night in
clear weather resulted in the highest detection performance.
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This is explained by the high contrast difference between
the lane marking and the pavement, which is more pro-
nounced during the night. Speeds of 70-80 kmph resulted
in the highest detection performance. These results showed
that these systems detect “lines” in the driving environment,
which does not necessarily need to be lane markings. In
some instances during the field test, the LKS followed the
pavement repair patchwork instead of the lane markings. In
some other instances, it identified the high contrast differ-
ence between the pavement and the shoulder (mostly grass
or soil/sand) as lane markings and was found to even drive
very close to the shoulder.

The identified factors that affected the lane-keeping
performance were lane width, type of curve, and speed. Lane
widths less than or equal to 250 cm resulted in the LKS
steering the vehicle more to the left of the lane center (and
consequently closer to the median). Human drivers also dis-
play this behavior by steering away from the edge of the road
when on narrow lanes. The low Standard Deviation of lane
position on lane widths less than or equal to 250 cms seems
as intended behavior by the vehicle manufacturer. The high-
est lane-keeping performance was observed on lane widths
wider than 250 cms. Lane position measured on curves and
straight sections showed that there is a significant difference
in lane position between left curves and straight sections.
The LKS steered the vehicle more towards the left side
of the lane center when driving on left curves than on
straight sections. This result cannot be explained without
knowing the precise mechanism of lane-keeping adopted by
the LKS. However, it may be interesting to note that human
drivers also tend to keep to the inside of the curves (more left
on left curves and more right on right curves). Although there
was no significant difference between the right curves and
straight sections, a significant difference may become evi-
dent with more data. The highest lane-keeping performance
was observed on straight sections and the least on left curves.
Finally, investigation of the effect of speed on lane-keeping
performance showed that only speeds over 90 kmph resulted
in low performance, however, the duration of driving at over
90 kmph was very small. All other speeds resulted in high
performance.

B. REFLECTION ON METHOD

The field test proved to be invaluably useful. Field tests
(including structured experiments) are an effective way to
test the performance of a System as it results in getting the
“ground truth”. It is possible to capture the actual effect of
the driving environment on the performance of the systems.
Driving with the two vehicles on the road gave rise to deep
insights into their functioning, that may not be expected or
predictable. For instance, the effect of lane width on lane-
keeping performance could not have been predicted without
knowing the algorithm of the LKS, which is generally not
publicly available for commercial car manufacturers. The
field test provided this important insight. While the field test
was useful, there are limitations also with this method for
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performance evaluation. It may not be able to capture all the
different possible scenarios that can be encountered by the
systems. There is also heavy dependence on the extent and
quality of the data collected. Besides, the results are valid for
those specific scenarios and limited to the observations. Thus,
there is little opportunity to gain a macroscopic understand-
ing of the effects of the driving environment and to extend
it to other Advanced Driver Assistance Systems (ADAS).

C. REFLECTION ON STATE OF THE ART

One of the most common expected changes in road infras-
tructure is that lane widths can be reduced as Lane Assistance
Systems can keep consistently to a specific position in the
lane without deviations [25], [29], [37]. The field test showed
that the position of the vehicle on the lane is inconsistent.
The position depends on different factors such as speed, type
of curve, and width of the lane. It also depends on other
potential factors that this research did not study (such as lane
marking configuration, type, quality, pavement characteris-
tics, shoulder type, median type). During the field test, the
LKS failed to safely navigate some sharp curves. Moreover,
different manufacturers have different algorithms that run
the LKS, and they currently have no standard guidelines on
what acceptable good performance is. Therefore, reduction
in lane widths must be considered carefully after extensive
study on the capabilities of the LKS, and certainly is not
a measure that road authorities must implement immediately.

The pilot test conducted by [34] found that the Lane
Keeping System cannot operate on lane widths less than
or equal to 2.5 m, and it always can operate on lane widths
greater than or equal to 2.75 m. It was argued that lane widths
could not be reduced with the current automation level of
vehicle development. However, the field test conducted in
this research reveals that the LKS can operate in lane widths
less than 2.5 m as well. However, the performance reduces
from “High Performance” at lane widths greater than 2.5 m
to “Low Performance” at lane widths of 2.5 m and narrower.
Thus, field tests done using different automated systems
result in different results.

Existing literature focuses on lane markings with respect
to their quality and type [26], [27]. It is suggested that lane
markings must be consistent and of good quality as incon-
sistent lane markings could confuse the Lane Assistance
Systems. This is not very conclusive from this research,
as the detection relies on finding a “line” on the road, as
opposed to identification of a “lane marking”. Lane mark-
ings that are different in configuration are not expected to
have a significant effect as long as they can offer a “line” as
required. The suggestion of [27] to provide different types of
lane markings to cause different driving behaviors based on
the lane markings may take time. However, as detection
methods advance to include identification of lane mark-
ings and corresponding changes to the algorithm of these
systems, the configuration of lane markings and its effect
on performance becomes important.
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D. RESEARCH LIMITATIONS

Data collected of the visibility conditions were subjective as
it was only noted if there was clear weather, rainy weather,
or streetlights. Therefore, there was no data collection done
for the objective visibility, such as lighting intensity of the
streetlights. Thus, the results are suggestive of the effect that
visibility conditions have on the performance but unable to
precisely estimate the effect of the variability of the condi-
tions themselves (such as different intensities of streetlights)
on the performance. There was no data collected concern-
ing the steering wheel, which could have been an important
aspect. Thus, there was no data on the time of application of
steering correction or the extent of steering correction. The
differentiating between the human driver steering and the
LKS steering was done by manual logging by the co-driver.
So, there are bound to be some errors. However, the delays
in logging change of steering control have been corrected.
The detection performance is measured from the dashboard
of the vehicles. This indicates what the vehicles “think” they
see. There is not necessarily an implication on the quality of
infrastructure that they are driving on. However, there were
only a few instances when there was an actual mismatch
between the detection state and the actual presence of lane
markings, as determined by a manual check. The data on the
position of the vehicle on the lane was available only for one
test session due to time and resource constraints. Therefore,
there could not be any insights into the effect of visibility
conditions on the lane position. Also, the dataset was lim-
ited in size due to it being only one test session. Additional
data could have resulted in more reliable results. Finally, as
discussed previously, lack of lane marking type and quality
could have provided better insights into the performance of
the lane assistance systems.

VIl. RECOMMENDATIONS

First, recommendations with respect to the research method
are summarized, followed by the recommendations for future
research, and finally recommendations for road authorities.

A. METHOD RECOMMENDATIONS

Firstly, understanding the actual mode of operation of the
ADAS would be invaluable. However, the algorithms imple-
mented in these systems are not publicly available. Therefore,
it would be beneficial to collaborate with vehicle manufac-
turers resulting in insights that would make the results much
more valuable. Secondly, more precise and reliable devices
for measurements, such as CAN bus or LiDAR, must be used
as opposed to video cameras for measurements (that this
research used for measuring the distance to the lane mark-
ing). Steering wheel data is also highly recommended to be
collected for evaluating ADAS such as LKS and LDW. This
data would be useful in measuring indicators such as Steering
Reversal Rate, Steering response time, and Number of steer-
ing reversals. These indicators are expected to add much
more explanation to how the vehicle is driving. Finally, it
is recommended to perform field tests with vehicles from
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different manufacturers, as done in this research, to account
for market variability.

B. RECOMMENDATIONS FOR FUTURE RESEARCH
Further research could focus on including additional ADAS,
such as Adaptive Cruise Control (ACC), therefore also going
from Level 1 to higher levels of automation. It would be
interesting to see how the vehicle drives when these ADAS
are used individually and also in combination. It is also cru-
cial to study the interaction between the human driver and the
ADAS, and how that affects the performance of the vehicle
in different road environments. Furthermore, the effect that
surrounding traffic has on the performance of the ADAS-
equipped vehicle and also vice-versa are very interesting
research questions. In terms of data collected, it is recom-
mended to collect lane marking quality and lane marking
configuration data. This data would have added much value
by providing much more insights into the factors that affect
the performance of the ADAS. Future studies could find
data on the roadside infrastructure useful as components
along the road could affect the performance of the LKS and
LDW systems. Furthermore, it is very interesting to develop
mathematical models to gain a precise understanding of the
effect of various factors on performance. At the same time,
it should be noted that the validity and applicability of these
models may be limited to the specific automated driving
systems that are studied. Finally, it is also useful to perform
similar studies not only on provincial roads but also on the
national motorways and other road environments.

C. PRACTICAL RECOMMENDATIONS
The Automated Vehicle Safety Consortium [10] has laid out
a best practice for defining the ODD that can be used by vehi-
cle manufacturers. The defined driving environment features
that are relevant to this research, such as lane width, posted
speed, weather (cloudy, rainy, etc.) conditions, lighting con-
ditions, and horizontal alignment, are specified. This research
contributes to the next step, that is, measuring and classifying
the performance of automated vehicles in different driving
environments, and also providing a taxonomy to the ODDs
with respect to levels of performance. Using a method simi-
lar to this research, road authorities can identify critical road
sections that are expected to result in low performance of
ADAS enabled vehicles, and set-up a prioritization system
to make improvements to these road sections.

The European New Car Assessment Programme [11] uses
a maximum permissible Distance-To-Lane-Edge (DTLE)
value to evaluate lane assistance systems, meaning that the
lane-keeping system must not permit the vehicle to cross
the inner edge of the lane marking by the specified distance.
The lane-keeping systems are evaluated using this criterion
in a binary way (pass/fail). Such an evaluation is insufficient
as it only focuses on the “final stage of failure”. It is critical
to understand the performance of these systems even when
the vehicle is within the lane. Moreover, only straight road
sections are included in the test protocol. As was seen in
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this research, curves are critical sections where lane assis-
tance systems may fail. Hence, the testing protocols for such
systems must include more driving environments, especially
high-risk situations such as curves.

There must be a collaboration between the road authorities
to share knowledge and experience to ensure consistency in
terms of road design standards, and also in terms of outlook
towards ADAS enabled vehicles. Furthermore, collaborations
with vehicle authorities and also vehicle manufacturers are
needed to agree on accepted performance standards for driv-
ing on the roads with mixed traffic. The taxonomy of the
levels-of-service defined in this research is an effort towards
this direction.
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