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ABSTRACT Vehicles with driver assistance and even autonomous driving capabilities have become widely
spread on the roads in the last decades. Replacing human drivers even partially is a complex issue, as these
driving systems must be safe and reliable under various conditions. The complexity is increased further by
the fact that driving systems must interact with human participants of the traffic: the driver and passengers
of the given vehicle as well as drivers in other vehicles or pedestrians. The market trends show that even
though more and more driving assistance solutions are available, the vehicle users often refuse to use them
as the behavior of these systems feels unnatural. Therefore, manufacturers have initiated the development of
personalized driving assistance which motivates research in driver modeling and driving style classification.
One of the most controversial assistance function is lane keeping. In our paper, we propose various different
model structures that are able to capture the lane offset selection behavior of human drivers. It is shown that
a static linear regression model provides reasonable accuracy and robustness in modeling the lane offset.
While Gaussian Process models offer more accuracy, their training time is more demanding. It is shown,
that a combination of linear and polynomial third-order basis functions offers a good tradeoff to efficiently
describe the lane offset selection of human drivers. Our observations are based on studying real driving
data from 41 drivers, whose behavior is modeled with the considered model structures. Then, using the
corresponding model parameters, drivers are clustered into two driving style groups. Using the collective
data of these groups the models are fitted to all data records in the two driver groups. Any new driver can
be classified into one of these groups, and the aggregated models can be further personalized to to increase
user satisfaction with the lane keeping systems.

INDEX TERMS Lane following, driver modelling, machine learning, driver clustering.

I. INTRODUCTION completely. However, users claim that the system is annoying,

Advanced Driver Assistance Systems (ADAS) have been the
focus of research for many decades. The presence of these
systems on the roads has increased significantly in recent
years, thanks to technological, social and legal progress.
However, recent user studies have shown that some driving
functions are often switched off by the user. One such
controversial system is the Lane Centering System (LCS)
[1]. This system detects the drivable corridor (i.e., the edges
of the lane), plans a path and steers the vehicle to follow
the path. This function helps or replaces the driver’s steering
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unnatural and inconsistent, so it is not used [2], [3], [4]. The
refusal to use LCS inherently means that a costly feature is
ineffective, which may result in users refusing to buy the
next generation of these systems. More importantly, LCS is
not just about comfort, it is about avoiding unsafe situations.
By disabling the function, the safety measure of the system is
not fulfilled. As a result, car manufacturers and development
suppliers are shifting their development focus to meet the new
demands of making ADAS more human-like. In the case
of LCS, this requires understanding and modeling the path
selection of human drivers. Then, once the behavior has
been captured by the driver model, it is used in the path
planner and the resulting path is followed by the tracking
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FIGURE 1. lllustration of the relation between the driver model and the
vehicle control chain.

controller, resulting in a satisfactory motion behavior of the
vehicle. The resulting system is shown in Fig. 1. The driver
behavior generally depends on contextual information, such
as weather, daytime, traffic density, etc. In this paper, we wish
to focus on the physical driver model layer only, hence we will
take the reasonable assumption that driver behavior remains
constant while the context is the same. Mapping the physical
behavior to the context information is also an important task,
but it belongs to a separate modeling level.

The distinction between the perception-planning-control
chain and the behavioral modeling has been a well-known
approach for decades. The first papers also proposed
multidimensional models [5], [6]. For example, Theeuwes
distinguished between information flow (perception-planning
-control), task hierarchy (strategy-maneuver-execution),
and task performance (knowledge-rule-skill-based) dimen-
sions [7]. With the proliferation of ADAS, new models were
proposed in the early 2000s [8], [9], which also treated
behavior as a separate layer. In all these cases, the problem
arises: how to model the complex behavior of driving? In the
first automated driving softwares, behavior was implicitly
represented by motion controllers [10], [11], [12], [13].
By tuning the parameters of the controllers, different motion
patterns can be generated. However, the general control
requirement is to have the smallest error between a setpoint
and the actual signal, which corresponds to minimizing
the error between the reference path and the actual path
of the vehicle. By accepting this control paradigm, the
control parameters are tuned to meet this requirement and
therefore cannot be tuned to produce human-like paths.
Besides the motion controllers, path planning [14], [15],
[16] algorithms were developed that calculate a reference
line which is then followed by the controller. There are
various types of path planners [17]. Optimisation-based
planners are widely used in practice. They treat path planning
as a minimization problem. Cost terms such as comfort
(e.g. vehicle acceleration, jerk) and dynamic aspects (e.g.
path length, vehicle speed) or error terms (e.g. distance
to center line) are combined and a path with optimal
geometry is searched for [18], [19], [20], and [21]. These
planners are excellent at generating smooth and stable paths.
However, they lack the flexibility to generate human-like
path shapes because they require a prior global path (e.g.
lane centerline) and are unable to deviate significantly from
this path. Also, most of the optimization based planners
search for a path that is a good compromise between energy
(i.e., intervention magnitude) and comfort (e.g., jerk or
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acceleration). Nevertheless, human drivers unconsciously
evaluate factors other than comfort and energy, based on their
past experience and personal preferences. There are other,
more complex learning-based planners, that are more suitable
to mimic the multivariate decision problem of human-like
path planning. These models plan the vehicle path based
on environmental effects (such as road geometry or vehicle
kinematics) using neural networks, such as generalized
regression neural networks (GRNN) [22], long-short-term
memory (LSTM) networks [23], or a network in combination
with physical models, such as the Horizon Preview Trajectory
Planning Model [24]. These models are able to reproduce
trajectories with complex shapes, but their explainability
is often low and their use for driving style detection is
not straightforward. Reinforcement learning based path
planners [25], [26], [27] are used more and more often,
especially in the field of robotics. The estimation accuracy
and flexibility of these models are remarkable, but their
effective and safe use in road vehicles has not yet been
solved, due to missing industrial standards to validate their
robustness and validation. It is also difficult to separate
drivers according to their behavioral patterns. In our proposed
structure, illustrated in Fig. 1, the driver modeling (i.e., the
behavior modeling) and the path planning are separated. The
driver model calculates the parameters of the path planner,
which then calculates a path, that is shaped as the path
of the human driver. Given the planner is parametrized
properly, the planning is simplified to a curve fitting, while
the behavior is exclusively condensed in the driver model.
However, fitting the driver model individually to each driver
leads to an infinite number of variations in behavior, making
validation and verification, and thus on-road application of
the models, difficult. Therefore, driving style groups are
created to represent different path selection behavior groups.
The driver model is then fitted comprehensively to the entire
group, not all drivers individually. If a new driver enters the
vehicle, its parameters can be learned first and then classified
into the predefined groups. This reduces the number of
behavior patterns, but still retains the ability to personalize
the planner behavior. There are papers that cluster drivers
by certain driving measures, such as curve speed [28], [29]
and acceleration [30] or distance to other vehicles [31], [30].
Although these papers provide a very good insight into driver
classification and possible driving styles, their analysis is
mostly done offline, for an existing data set. Furthermore,
these studies rely on directly measurable signals such as
speed and acceleration, and therefore cannot be effectively
used alone for more complex driving style recognition tasks
such as path selection. Based on our literature review,
there is no compact solution yet that provides accurate
lane behavior modeling, driving style clustering, and easy
application in the speed range above 50'%. In our paper,
we propose driver models that can be used to accurately plan
a human-like path in a rural road environment. We emerge
the advantages of state-of-the-art data driven modeling and
driver clustering concepts, using simple model structures that
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FIGURE 2. The path planning problem of lane driving: a) Intuitive

geometric explanation of lane following and local path planning, b) lane

offset interpretation in the Frenét-frame of the centerline, c) lane offset
as a function.

implicitly provide good explainability of the model behavior.
Also, our models can be directly used to cluster drivers and
hence provide a consistent way to define the aforementioned
driving style groups. The main contributions of our work are

the following:
C1 Based on real driving data, model structures are proposed

that can be used to effectively describe human drivers’
lane offset selection. It is shown that the captured
functional forms of the models are related to physical
effects (i.e., the relationship between lane offset and
influencing factors), and have good explainability and
generalizability.

C2 Compared to the solutions proposed in the literature,
our models take into account the effect of other traffic
participants (i.e., oncoming and following traffic), and
can be used at high speed (60— 100’%) driving scenarios.

C3 Using the fitted model parameters, the test drivers
are clustered and the behavioral characteristics of
the clusters are analyzed. In this way, the numerical
separation of the drivers is translated into behavioral
differences and hence driving style groups.

The paper is structured as follows: in Section II, the problem

of lane offset modeling is formulated. Then, in Section III the

proposed model structures are presented. In Section IV the
models are applied to the lane offset modeling problem and

compared to solutions in the literature. Then, in Section V,

the driver clustering approach and results are presented. The

conclusions are drawn in Section VI.

Il. PROBLEM FORMULATION

Local path planning is often transformed to plannning w.r.t.
the position offset to the lane centerline. This offset is usually
called lane offset. Planning the lane offset instead of the
absolute path is a widely used approach in the mainstream
literature of the field [24], [32], [33], [34] and in applied
solutions. Then, knowing the centerline position, the lane
offset perfectly defines the planned path. The approach is
illustrated in Fig. 2. The lane offset is given in the Frenét-
frame of the centerline:

8(s) = 85(s) (1
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with s € [0, smax] being the progress variable along the
centerline. The future planned path of the vehicle at point s
starting from a given offset §(s) to the centerline is defined as
PR (@) = [x() y(0)] @)
where and 7 € [0, Tmax] 1S a running parameter in which
progression along the local path is expressed and (x,y)
represents the longitudinal and lateral positions of the path
in the planning frame centered at the vehicle at point s.
Instead of treating the path (2) as an arbitrary function,
local path planning algorithms nominate only a few reference
points on the preview horizon, plan the position of these
points, and then fit a curve to them to formulate the path.
Such planning algorithms are used in [22], [23], [24], [32],
and [35]. This approach separates the problems of path
accuracy and path smoothness, and significantly reduces the
computational complexity. The problem shown in Fig. 2 is
then transformed into the one shown in Fig. 3.
Specifically, we consider that the path is calculated only at
discrete points {pr,s}7_;, given at the node points {z;}}_, (see
Fig. 3.a), for which a ¢"-order polynomial trajectory is fitted:

PRy (0) = 8(t. By) 3)

where g is the polynomial in 7, f; € R*9FD is the parameter
vector collecting its coefficients, which are chosen such that

80, By) = 8(s) and  g(z;, By) = prys- “

Assuming, that x(t + A1) — x(r) > O for all At > 0 and
T > 0 (i.e., the longitudinal x position along the local path
is strictly monotonically increasing), then we can rewrite the
path as:

Pl (1) = PP () = [x() y(0)] )

and
PR @) = 8. A ©)

with
8(0, Bo) = [x(0) y(0)1=[0 0], (7a)
gx(m), By) = [ x(z) ¥(@) 1. (7b)

The constraints of Equation (7b) are given by node points
{ti}i; = {(x(m), y(r)}}_, while (7a) starts from O due to the
vehicle centered planning frame. Let us introduce the node
point coordinates as a sum of the centerline as reference and
the lane offset §:

B (1) = P (@) + Aps 505y (x(T), 8(z)) ()

and

s ref . .
Apsisto)(x(T), 8(z) = [ S‘“(®S~5<S>(x(””)‘s(“)] ©

cos(OF5 ) (x(1:))3 ()

with @Efg(s)(x), which is the slope of the tangential line of the
path pfg( 9

dy(x) o 985 Bs) "

®f§(s)(x) = arctan o = arcta (10)
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With the formulation of the path equation in (8), the global
route information at s(¢) (i.e., global location of the vehicle
and global lane map) is captured by the term pf(‘;(s)(x(ri)),
while the term Ap; s5(5)(x(7;), 8(7;)) captures only the position
offset to the centerline. Let us define the node points, so that
their Eucledian distance from the origin of the planning frame
would be constant:

T = di\s = ||Pr,-\s||2~ (11)
and by projection:

x(‘L’,') = COS Qidﬂs
¥(ti) = sin G;djs (12)

with 6; the angle between line-of-sight from origin to the
point py,s(x;). Note that when the vehicle progresses along the
global route, i.e., s changes, then, in every s = kAs with k €
Z, a local path planning is executed, see Fig. 3.b. To model
the path planning of a human driver, we take {pg‘f‘g( 9 (@)L,
and {@;‘j’g(s)(x(r,-))}?:o to be equal to the chosen vehicle
path along a driven global route (e.g., measured by onboard
sensors). Then, making the path planning problem human like
is simplified to capturing of the lane offset values §;; chosen
by a human driver starting from an initial displacement §o|; at
a point s along the global route

Sijs = fi(u(s), s, 8(s)) : R™2 > R (13)

where f; is the human preference function, with u(s) € R™
being the factors influencing the value of lane offset §;;;, and
m is the number of these factors. The driving data of human
drivers are collected at T sampling time points in time:

DY = ({8i(s(KTy)), ulskT NI, (14)

where dr; is one given driver from the test drivers set, N

is the number of sample points. Using D?r" , (13) can be
approximated:

Silu(s(®)), s(0), 8(s(1))) ~ filu(s(t)), s(t), S(S(t))ID?rj ) (5)

with ﬁ being the estimate of the function f;. Let us note,
that based on selected model structure, information on s(t)
can be represented by u(s(¢)), while 6(s(¢)) may be neglected
or captured in the memory of the given model type. In this
paper, we search for methods to approximate (15). Several
model structures of different complexity will be proposed
and analyzed regarding how well they capture the lane offset
selection of human drivers. For the analysis, these models will
be trained on real driving data.

Ill. PROPOSED MODEL STRUCTURES

A. PARAMETRIC DYNAMIC MODELS

Modelling human drivers’ lane path selection has been
formulated as the problem of estimating a lane offset function
given driving data. The lane offset values and the impacting
factors (i.e., model inputs) are measured at discrete time
points, with sampling time 7. Therefore, continuous time
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FIGURE 3. Node point based planning by sampling the lane offset:
a) planning at the initial cycle, b) shows one step of the periodic
replanning after the vehicle progressed As along the route.

functions are turned to discrete time functions, sampling the
input signals and the lane offset:

u(s(kTs)) = ulk] = uy
Si(s(kTs)) = Silk] = ik (16)

Based on the past data, Eq. (15) can be rewritten as
Sik = filluk—j}j" s 1ik—1Y21) + ik a7

where e ~ N(O, aez) represents additional disturbance
effects and measurement inaccuracies as a stochastic white
noise process, n, and ns are time window lengths of the
lagged lane offset outputs {ux—;};* and {8;k—1}j2,, respec-
tively. A common way to estimate f; is using parametric,
dynamic model structure fi(~). The chosen model qualifies as
a Non-linear Auto-regressive model with Exogenous inputs
(NARX). Several papers intended to identify the lane offset
selection as a dynamic process in time [24], [32]. NARX and
its linear form called ARX are IO models with relatively low
number of parameters, capable to capture dynamic behavior
of systems in general. Parametrization of fi(~) is considered
in the form

MO™: filQu— 3o, (8i k-1 60)
n,—1

ng
= > aliplup)+ > ol ) Gy (18)
j=0

=1
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where ¢" : R™ > RPx, ¢8
functlons and oz e RPu,

R +— RP? are a set of basis
€ RP3, Using (18) we can
estimate the lane offset at the kth sample as

Sik = DAY + DAY + gk = DikA; + ik (19)

with
Al = col({e )1y Y € Rwpu
o = row({¢lj(uk_1)}’lu0 ) c R]xnupu
AY = col(fo })2,) € R™P8,
@2 = row({¢?,(Sk—)})2,) € RI*7Pe,
Then,

P! = col({ P }3_,) € RV *"wbu,
®? = col({®) I3 ) € RV*7Ps,
d; =[P q;é] c RN X(uputnsps)
L l ’
9[ = [(Ai”)T (A;S)T ]T c R"ulhﬁnspa’

and estimation of the parameters are calculated by minimiz-
ing a pre-selected objective function:

arg min{V (f;, D\")}. (20)

For the parametric dynamic model, the objective function
V(-) is formulated in the following way:

v, D

N A
=D Gix—fir) =

k=1

(D; — )T (D; — @) (21)

where D; = col({4;, k} _1)- The optimal estimate 67 can be
analytically computed via the pseudo-inverse of ®;:

0F = Did], (22)
giving the function estimate fit, 07).

B. PARAMETRIC STATIC MODELS
A parametric dynamic models can be simplified by assuming
static relation between the inputs and the lane offset. This
means that the node point offsets §; ; are estimated using only
the actual input u;. This also simplifies (18), by n,, = 1 and
ns = 0, leading to
M fiug, 6) = o'l (). (23)
Similarly to the dynamic model, the parameters are estimated
as in (21-22) with the following simplifications:

;= oY e RV*Pv and  §; = AY € R
with i, = 1.
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C. GAUSSIAN PROCESS MODEL

Non-parametric models are in fact parametric models, where
the number of parameters is equal to the number of data
points. Such model is the Gaussian Process (GP) [36], [37].
We can consider the problem similar to (18):

Sik = filum) + eik (24)

GP regression relies on the concept that prior distribution
exists in terms of candidate estimates f(-) that belong to a
GP. Considering a training dataset Di;(, and a prior Gaussian

Process distribution fl ~ GP(m;, k;), where the latter is fully
defined by the mean and covariance functions:

mi(u) = E(fi(w)
kiu, i) = cov(fi(u), fi(@))
with &;(-, -) called the kernel function, the joint distribution of

ik andf,- wrt.to U = col({uk}i\;]) and a new test point u,
is:

|:ADi } NN([O] |:Kz vu + 021V Ki,U(“*):|) 26)
SiGus) 0]’ U(u*) ki(uts, uy)

where [K; yulnm = ki(un, um) € R¥N*N and K, U() is a
kernel slice. From (26), the Maximum- a—posterlorl (MAP)

estimate based on the conditional probability of p(ﬁ-lDfrj )
yields the predictive distribution of filus):

(25a)
(25b)

1i(uy) = K,y (w)(Ki o + o2 1Y) ™' D; (27a)
Cilus) = ki(ug, ui) — Ky (1)
x (Ki,uu + oIV K u (). (27b)

The posterior mean function w(-) from (27) can be reformu-
lated in a simplified form:

N
i) = o iy, 1)) (28)

Jj=1
where oy = (Kjpyu + aglN)_lD,- are data dependent
coefficients. By abuse of notation, we will consider the

deterministic function estimate fl as the mean wu; of the
resulting predictive distribution, i.e., f,-(~) = wi(*).

Selecting the right kernel function k;(-, ) is crucial for
setting up the GP. After selecting the kernel function,
its hyperparameters are optimized by maximizing the
log-likelihood of the posterior probability function. Finally,
equation (28) can be solved using least-square-regression,
similarly to (20).

D. SPARSE GAUSSIAN PROCESS

In the case of Gaussian Process based regression, each
training data point generates a kernel slice, and hence «; ;
parameter. Increasing the training data set size N improves
the accuracy, but also increases the complexity of the
regression. This limits the application of the technique,
as the computational load often explodes. Therefore, a few
techniques have been introduced in the literature to reduce
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the the data-size and hence the complexity both of the training
and the evaluation. A robust solution is to reduced the number
of data points by filtering similar points:

drj < dr; dr;

D; v CDin:

Ki,U(')ai ~ ,U«i(') =

= D (292)

wi(-) = Ky (), (29b)

where M < N. Choosing the right set of training subset
Dld i 18 crucial to have an accurate approximation of the full
Gaussian Process. One commonly used algorithm to find the
appropriate subset D ;.m 18 the following:

Step 1 Initialize random Dy

Step 2 Create a new subset ﬁM, N C 15N \ 25M

Step 3 Compute 8V; = |lu; — u;l|2¥u; € Dy, uj € Dy v

Step 4 Dy < Dy U (8, ;) if min8V; > ey,

Step 5 Iterate between Step 2 and Step 4 until M reaches a
desired value.

The threshold ey is a hyperparameter of the algorithm. The
main advantage of the approach is that it is robust and
intuitive. However, the computational load may be still high
for small ey. Also, the algorithm does not consider the
variance after reduction, only the mean approximation is
considered.

Another commonly used idea is to formulate sparse
Gaussian Process such that the predictive distribution of
the sparse process would be close to the full Gaussian
Process (30).

drj dr] dr;

Dixy = Dy CD;y»
GP(i, Ci) A QP(M,', ).

To fulfill (30), Candela and Rasmussen proposed in [38]
a statistical method that relies on Nystrom’s method. This
leads to the reformulated predictive GP distribution (31),
with synthesized data points that are considered as the new
data ﬁldr/{,,

(30a)
(30b)

M — M,N N.,M
Fus) = KD @) (02K VKN
(M M)y —1 (M, N) —1
+ Kl i )~ Kl i ' D; (31a)
~ M M
&) = kil 1) — Wi + (K2 )07 LK ()
(31b)

with Q; i = (T_zK(M Mg WM g VM) ,'= ale and

L,uu 1,uu 1,uu

Wi = (K(M)( *))T(Kfffu M)y IK(M)(M*) By formulating
the hkehhood p(D;|U, U n;) using (31), the minimization
of the negative log likelihood gives an optimal choice of the

induced inputs and the hyperparameters 7;.

IV. LANE OFFSET MODELLING

A. DATASET

In our study, the Human-like Behavior for Automated
Driving (HLB4AV) Naturalistic Driving data set is used [39],
which contains the data of 70 drivers, out of which traffic
information (i.e., oncoming and followed objects) is available

VOLUME 13, 2025
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FIGURE 4. Test routes of the driving.

for 58. There are certain drives during which no sufficient
traffic information could be collected (i.e., no oncoming or
followed traffic was present). These drivers are filtered from
the dataset, resulting in total 41 drivers. Two test routes
were used: 18 drivers drove on Route 62 in Hungary, which
is approximately 40 km long, resulting in approximately
720 km test drive data. Meanwhile, the other 23 drivers drove
on Road 318 in Hungary, which is approximately 15 km
long, resulting in 345 km test driver data. Both route is
on a rural road with two lanes, and no physical separation
between them. There are roundabouts, which are cut from the
measurement. There are no urban sections. The map of the
test routes is shown in Fig. 4. The conditions during all test
drives are the same: dry weather, good visibility conditions,
daylight, medium, or light traffic. This corresponds to our
definition of scope shown in Fig. 1: in a single context,
we train models to test and compare their performance.

The longitudinal vehicle speed, acceleration, and yaw rate
signals ([vx ax @;]) are directly measured by an ADMA
Gen3 IMU device [40]. Road geometry (centerline position,
lane orientation, road curvature, and its gradient [8 v k! ])
is measured by a Bosch MPC2 camera system [41]. Traffic
information is manually added, based on the dash cam videos.
There are two different traffic signals:

o v° - oncoming traffic: this signal is zero by default.
If there is a vehicle that enters the preview horizon
(appears on the dash cam footage) it takes a certain
value, depending on the object type. For small vehicles
the value is 1, for trucks the value is 2, and for convoys,
including trucks the value is 3.

« vI - followed object type: this signal is also zero by
default. If there is a vehicle in close proximity of the
ego vehicle (appears on the dash cam footage), it takes
a certain value, depending on the object type. For small
vehicles, the value is 1, and for trucks, the value is 2.

A moving average filter with window size of 2.5s is applied in
both v° and vf for two reasons. First, in this way, the discrete
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FIGURE 5. Oncoming traffic interpretation of the dataset.
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FIGURE 6. Data flow of the pre-processing steps. Step 2 is only applied in
the case of static models.

valued signals are transformed to continuous variables, and
hence are easier to use in the function approximation.
Secondly, to reflect the non-constant effect of a vehicle
coming on or to be followed. This means that when another
vehicle appears, it gradually affects the lane offset selection of
the ego vehicle. Similarly, when the other vehicle disappears
(e.g., by passing the ego vehicle), the effect slowly fades out.
An illustration of the oncoming vehicle, the corresponding
signal and the filtering is shown in Fig. 5. The data set is
a collection of time series information from all inputs and
outputs (step 1). The data is preprocessed according to the
steps shown in Fig. 6, which are:
Step 1 Creating time series data (discussed before),
Step 2 Shuffle the data points (only in the case of static
models discussed in Section III-B, III-C and III-D),
Step 3 Centralization and normalization,
Step 4 Split the data to train (70%) and test (30%) subsets,
Step 5 Limitation of the data to the lane offset range 95% to
filter out outlier data points.

B. PERFORMANCE INDICATORS

The performance of the estimated models is tested through
two main indicators. First, the precision in terms of the Mean
Normalized RMS value (32) of the prediction error (35),
and secondly, the relative training time, which is the absolute
training time (in MATLAB 2024b, on a conventional laptop)
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versus the longest training time of the models.

o 1 ndr 1 n dr
NRMS = — » - » NRMS,/’ 32
2 ZNRMS G2
j=1 i=1
dr;
} RMS,’
NRMSSY = ¢ (33)

maxy (8; k) — ming(8; 1)
N

. 1 .
RMSLY = v e (34)
k=1
dr; N
el = dik — dik (35)

C. MODEL INPUTS

The selection of lane offset is influenced by various vehicle
and environmental effects. Most commonly considered inputs
are the road curvature [42], [43] [23], [44], the vehicle
velocity [22], [24] [23], [32], and lateral kinematics such as
the yawrate and the lateral acceleration [24]. The effect of
other vehicles on the lane offset selection is analized by a
few studies [34], [45], however, measuring the motion state
of other vehicles is difficult, and therefore it is not considered
in similar lane offset estimation models. In the HLB4AV
dataset [39] that we use for the model fitting, information
regarding the oncoming traffic (v°) and followed traffic (vf)
are available. We also take this information into account and
add them to the model inputs. The resulting input vector
is

Fyy ay w, k K’] (36)

u= [vo v
where longitudinal and lateral vehicle kinematics (v, ay,
w;), road geometry (k, k') and dynamic traffic information
(v°, V) are considered. Equation (36) also qualifies as a
state of the scenario, which means that all information is
available to describe the position s(¢) along the route and to
predict the future state of the vehicle, e.g., in the i node
point the vehicle speed can be predicted by using a static
acceleration model. Similarly, preview curvature information
can be calculated using the current curvature « and its
gradient k' = Z—ﬁ. Traffic information is also predictive, as the
labels of v° and vf are set whenever the given object appears
on the preview horizon (see Fig. 5). This way, (36) qualifies
as a sufficient preview horizon information and therefore
prediction of the preview node points is theoretically

possible.

D. NUMBER OF NODE POINTS

The common hyperparameters of the proposed models are
the number of node points n, and their Euler distance in the
planning frame as introduced in (11):

< path
sy = (P (el (37)
Let us denote the dedicated path points as node points, hence
{dils};lzl = {dnp,i}?zl s dnp = row({dnp,i}?zl)- (38)
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FIGURE 7. Fit accuracy using different numbers of evenly distributed
node points.

Evenly distributed node points are considered within the
preview horizon, which is chosen for dy™* = 150m. This
is an empirical value, considering the usual sensing range
of modern sensors, such as a video camera. Also, such
distance is chosen for some of the existing models [42],
[43]. Then, different number of equidistant node points are
placed between the origin of the frame and the maximum
preview distance, withn = {1, 2, 3, --- , 7}, and hence dyp =

Ldmax 2" (n_lidma dmax] According to the logic in
ig. 3, the planning procedure is repeated after vehicle
progressed As displacement along the route. Let us introduce
the planning time, instead of the planning displacement:

s(t) = s(kTyp)
s+ As = st + Tip) = s((k + 1)T}p)

(3%9a)
(39b)

As the vehicle proceeds, in each measurement sample
position, the node points are nominated and placed on the
reference vehicle trajectory, as illustrated in Fig. 3.b, with § =
$, and Tip = Ty = 50ms, the measurement sampling time.
Then, a polynomial with order n—1 is fitted on the points. The
RMS value of the error (35) is checked between the fitted and
the measured vehicle path as given in (34). The expectation is
that the higher the number of node points, the more accurate
the fit. The results are shown in Fig. 7. The y-axis of the
figure is scaled logarithmically. For n > 5 the accuracy
does not change significantly. Therefore, the number of node
points, and the distance vector are selected for n = 5 and
hp = [30.0 60.0 - -- 150.0] m

E. CONFIGURATION OF STATIC REGRESSION MODELS

The Linear Regression Model (LRM) equation is given
in (23), and the parameters are calculated through
least-square regression on the drivers’ data (20-21). The basis
function ¢* must be selected for the nonlinear regression
model (nLRM) (23). A common choice is the polynomial
function class (40).

Pu

> aijuy! (40)
j=1

In order to decide over the best order p,, of the polynomial, the
lane offset relation to the inputs are analyzed, testing model
structure estimates with different polynomial orders on the
entire dataset. The performance indicator is the normalized
RMS value of the fitting error (32). Polynomial regressors

fiw) =
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FIGURE 8. Fit accuracy on the entire dataset with different polynomial
orders.

with order between 3 and 21 are tested, only considering
odd function shapes. The results are shown in Fig. 8. The
best fit is achieved for p, = 9, further increasing the
order results in no significant improvement on the fitting
accuracy.

F. CONFIGURATION OF AUTOREGRESSIVE MODELS

Two different autoregressive models - a linear (ARX), and
a non-linear model (NARX) are tested. The ARX model
equation is given in (18). In the case of both ARX and
NARX models the number of past values n, and ns must
be selected a priori. In addition, the non-linear regressor
functions ®*(-) and ®°(-) must be selected in the case of
the NARX model. Different configuration of the number
of past values have been tested, between values of 1 and
10. Both the number of past input and output values n,
and ns have been varied, independently from each other,
resulting 100 different configuration of the models. For
each configuration, the modeling accuracy (32) is checked.
The models are implemented in MATLAB 2024b, using
the System Identification toolbox functions arx(-) and
narx(-) to fit the model parameters. The best accuracy is
achieved for n, = 10 and ns = 1 for both ARX and
NARX models. One of the most commonly used non-linear
regressors for NARX models is the polynomial function.
The degree of the polynomial function shall be selected
priorly. By testing a few settings, where the degree is varied
between 3 and 21 (similarly as for nLRM) the optimal
order (i.e., best fit accuracy and lowest computational time)
is deg(®) = 3.

G. CONFIGURATION OF THE GAUSSIAN PROCESS MODEL
The full Gaussian Process Model (GPM) produces kernel
slices for each training input points. The computational
time increases qubicly with the number of data points. That
prevents the implementation of the learning cycle on a normal
desktop computer, thus the number of training data points
is reduced. As introduced in Section III-C, an option is to
reduce the training time is to filter similar data points in
terms of (29). The algorithm given in Section III-D is applied,
where the value of ey threshold is chosen by checking the
estimation accuracy (32) along with different values of ey.
The results are shown in Fig. 9. Please note, that the data is put
through the preprocessing steps shown in Fig. 6, and filtered
to contain only data points where the output offset falls in
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FIGURE 9. Choosing the right threshold of the data point reduction,
in terms of the mean NRMS value of the fitting accuracy on the test set.

its 95% confidence range. This way, outlier data point are
eliminated from the dataset. The Eucledian-distance metric
is calculated per the algorithm of Section III-D, and scaled
by 6, the range of the data channels. Hence, the normalized
distance falls in the range of O — 1. Then, ey = 1.000 means
letting all data points to be added to the reduced set, while
ey = 0.000 means excluding all points. The accuracy starts
to worsen for ey > 0.05, while the corresponding training
time gradually falls between ¢y = 0.01 and ¢y = 0.05.
Thus, the choice is ey = 0.05. By that, the approximate
number of training sample points 20000 is decreased by one
magnitude to approximately 1000. The average training cycle
time is approximately 11s per GP, using an ordinary desktop
PC. Selecting the right kernel function is crucial for the
good estimation performance. The function class of the kernel
reflects to the generic behavior of the process to be estimated
by the GP. The most commonly used kernel functions are
squared-exponential, linear, polynomial and periodic kernels.
All are defined as radial basis functions (RBF). The linear
regression form of the GP mean function (28) can be rewritten
as

N
Filw) =" o ® (Nl — wl). (41)
j=1

where ®“(-) : R”™ +— R a smooth function, which maps
the vector norm of u — u’ (i.e., the distance to known data
point ' where the basis is centered) to the kernel value.
A few possible kernels are given in Table 1. It must be noted,
that the sum and multiplication of these kernels are also
RBF kernels. The Squared-Exponential (SE) kernel function
is widely used. When enough number of data points are
available, SE kernel is a good choice as the similarity between
the points are described by normal distribution. The further
the test point, the less effect the data point has on the
estimation output. On the other hand, SE kernel has weak
extrapolation capabilities. If the test point is out of the range
of the training points (i.e., the data point is not represented
in the training data), the posterior distribution resides in
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TABLE 1. Commonly used kernel functions [36].

Kernel Name Kernel Function and its hyperparameters

(=T AGx—x")

Squared- kSE(xy).C/) = er?gp_ ?\4
Exponential (SE) with A = diag(\) € R
nse = [0y A] € RMH!

TFHX;X I )

kper (x,x") = opexp(— 5 sin?(
with pper = [0y A p] € R3
kLin (e, x7) = o7 (x — )TAGR" —¢)
with A = diag(\) € RM
andrin = [0y ¢ A] € RMF2
kpps(x,x’) = UfQ-max(O, 1—ry T3 f3(r)

Periodic (Per)

Linear (Lin)

l:)‘fcri‘)”n‘;zl with f3(r) is the third order
thif d o); der (PP3) piecewise polynomial function and

r2=(x—-x)TA2(x—x')

zero-mean and oy variance. Therefore, other kernels with
better extrapolation capabilities are also often used. In order
to find the right kernel combinations, test data is generated
from the measurements. First, for each input signals the
test vector is calcluated, using R number of points between
the minimum and maximum value of the corresponding
mput:

ut_est

[ = col({minuj + r Au}f_) (42)

where
max uj — min uj
R

Then, for each pair of inputs j,/ a special input matrix

Ul fest e RR*m s generated, where column j equals to it;eft

(i.e., the r element of vector it;.e“), column / equals to i,
and ug™ = 0 Vg # j,I, which is reasoned by the fact
that the data is centered to zero-mean. Then, for such input
test series data, a vector of the estimated lane offset vector
Sitr = ﬁ(Uj‘elS‘r) is calculated. For all r € Z* with r €
{1,...,R}, S/J,r is calculated, forming a matrix A;; € RExR
With this algorithm, the relation between the lane offset value
$, and any of the two inputs can be visualized, providing
intuitive insight to what kernel combinations shall be chosen.
The illustration of the above algorithm is given in Fig. 10.
Finally, the results are shown as a surface. A few function
surfaces of the GPM test fit are shown in Fig. 11. In the
case of the lane offset - road curvature (§ — k) the relation
is close to linear. In the case of the lane offset - vehicle speed
(8 — vy) there is no clear relation, while in the case of the lane
offset - road curvature gradient (§ — «’) the relation is close
to an odd function, e.g., a polynomial with odd order. These
observations give some information of which kernel function
shall be selected for further analysis. A few kernel function
combinations are tested on the basis of the aforementioned
observations. These are:

e ki(, ) = ksk(, )

o ka(,+) = ksg(-, *) + kLin(:, *)

o k3(-,-) = kpp3(, )

o ka(-, ) = kpp3(-, ) + kLin(:, *)

Au; = 43)
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FIGURE 10. Computation chain of the test inputs for checking the shape
of the fitted mean function. The entire dataset is transformed to a special
test set, where only two variables are non-zero at the same time. These
two variables have values increasing from their minimum up to their
maximum value in the estimation dataset to show the function surface
over the data range.

a) b)

FIGURE 11. Visualization of the mean functions for a few representative
examples: a) data of Driver 12, b) data of Driver 11, c) data of Driver 15.
These are randomly selected examples, the function shapes for different
drivers are similar.

o ks(-,-) = kpp3(-, ) + ksg(-, -)

o ke(-, ) = kLin(-, -)
Then, the fitting accuracy of the train and validation data,
according to (32) for all drivers are calculated. The results
are shown in Fig. 12. The best fitting accuracy is reached
with k3, k4 and k5, with no significant difference. As the
number of hyperparameters (and hence, the complexity of
the kernel function) is the lowest for k3 = kpps, i.e., a third-
order piecewise polynomial kernel function, k3 is the selected
kernel for further study.

H. CONFIGURATION OF THE SPARSE GAUSSIAN PROCESS
MODEL

The Sparse Gaussian Process Model (sGPM) relies on the
approach introduced in Section III-D. The GPM defined in
Section IV-G is used as the basis to design the sGPM. The
number of the inducing inputs must be selected with respect
to the least degredation of the estimation accuracy. First,
M = 100 inducing points are selected, and the estimation
is checked. An example scenario is shown in Fig. 13.a, using
the PP3 kernel. The estimated mean function frequently goes
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FIGURE 12. Accuracy on the train and test data using different kernels:
a) prediction accuracy on train data and b) on the test data.

back to zero mean, and at the same time the 95% confidence
bound equals to 20y. As the number of inducing data points
is much lower than in the original data, information is lost,
therefore the approximation fails. In practice this means that
the sSGPM extrapolation capability, outside the training data
range, is insufficient. Considering the results of Fig. 12,
another good choice of kernel function is k4 which is a
combination of the PP3 and the linear kernels. The fitting
result, using M = 100 inducing points and the same scenario
as in Fig. 13.a is shown in Fig. 13.b. Adding the linear
kernel significantly improves the extrapolation, no zero-
mean sections are observed in the estimation anymore.
Please note that using a pure linear kernel is not a good
choice, considering the fitting accuracy of k¢ in Fig. 12.
Fig. 13.c illustrates the vehicle path during simulation. Thus,
for the sGPM the kernel is modified to k4. Then, sGPM
hyperparameters are fitted using different number of inducing
points and the estimation accuracy (32) and the training
cycle time are checked. The results are given in Fig. 14.
The higher the number of inducing points the better the
estimation results. There is no clear ‘elbow’ point, above
which the fitting accuracy would not change significantly.
Compared to the full GP (GPM) model the training time is
lower, though. Until M = 500 the training cycle time is
below 500s, after M = 500 the cycle time starts to increase
significantly. Thus, the number of inducing points is chosen
as M = 500.

I. PARAMETRIC MODELS IN THE LITERATURE

The Linear Driver Model (LDM), a parametric and static
driver model is proposed in the literature, that predicts lane
offset in three preview node points based on the preview
road curvature [42]. The Extended Linear Driver Model
(ELDM) is an improved version of the LDM [43]. The major
improvement is that the left and right curve behavior are
separated in the model structure. In both cases, the node point
offset values are calculated as the linear combination of the
average road curvature values between the node points. The
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FIGURE 13. Using a combination of polynomial and linear kernels the
extrapolation quality increases significantly, along with the same number
of inducing points: a) using only polynomial third-order kernel, b) using
the combination of polynomial third-order and linear kernels, c) the
vehicle path in the corresponding data set part.
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FIGURE 14. Estimation accuracy on the test set, for different number of
inducing points, and the related training time. The training time is shown
with logarithmic scale.

model equation of LDM is given as
MPM: i) = g, (44)

with & € R¥3, and u = [€on Kpum Ky | being the average
curvature between the origin and near, near and mid- and
mid- and far node points, and § = [5,1 Sm (Sf] is the output
vector, lane offset in the near, mid and far node points.
In the case of ELDM, the same model structure is applied for
left and right curve scenarios. In the case of these models,
there are only three node points, that are fixed at dyp =
[10.0 39.0 136.0] m.
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J. NON-PARAMETRIC MODELS IN THE LITERAUTRE

There are solutions in the literature that use the concept of
locally calculated node points. These solutions use Neural
Networks to infer the node point offsets to the centerline.
The Generalized Regression Neural Network (GRNN) model
was introduced by Aoxue et al. [22]. The model predicts
the lane offset in one single preview point. Hence, n = 1.
The distance of this single node point dynamically changes
over time. To compare the implementation with our proposed
model structures, the following aspects are important to be
mentioned:

o In the study of Aoxue et al., the test road length is
approximately 322m, and the maximum test speed was
50]% ~ 14%. On the other hand, in our study the
average speed is ~ 901% ~ 258,

o The maximum preview horizon length of [22] is

transformed to a maximum preview time Thax = =
32— 235
4 =

o Then, considering the actual vehicle speed in our study,
the preview time is transformed back to the maximum
preview horizon length dl‘:;i‘z = Vyk T;?:;(iew'

This results in a maximum preview distance. When the
vehicle drives through a curve, the preview distance is further
limited by the visibility conditions, i.e., the sight distance,
of the road [22]. The concept is illustrated in Fig. 15, with
TP being the tangential point, the farthest visible point of
the inner line of the curve. This model structure divides the
lane offset modeling task of (15) into two stages. The lane
offset is predicted by a linear regression model (45a), with
ns = 2. The coefficients of the linear model are calculated
by the Generalized Regression Neural Network (GRNN)
fGRNN(Mk) . R3 — RQ:

ns

Filwie, Gi—¥in ) = D £ N@i)in, (458)
j=1
having input vector
u= [vx K dnp]. (45b)

In the study of Li et al., there were 10 experienced drivers,
accomplishing the test drive multiple times at 4 different
speed levels. All in all, there were roughly 23 runs for
each driver with each speed level. The coefficients of the
linear model are calculated for each of these runs. This way,
each drives will result in one training point, while the train
input is the mean speed, road curvature and sight distance
of the given drive. In our database, the driving is recorded
continuously for one given driver, none of the sections are
driven multiple times. To compromise between the two data
selection approaches, we divide the driving of our one given
driver into snippets of 322m length, calculate the linear
model coefficients and mean input vector for each snippets
separately, and then use the snippet parameters as training
data of the GRNN model.

The Long-Short-Term-Memory Neural Network Model
(LTSM-NN) was introduced by Aoxue Li. et al. [23] and it is
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FIGURE 15. The tangential point (TP) and focal point (FP) interpretation
of the PHTPM model. The figure is recreated based on Fig. 14 of [24].

an improved version of the GRNN model [22]. There are two
significant differences in the model structure. First, there are
two node points. The first node point is always at the origin of
the planning frame, and the second one is 4.24m ahead of the
vehicle, thus n = 2 and dy, = [0.00 4.24] m. Secondly, the
linear regression model of the GRNN approach is neglected
and the model predicts the lane offset values based on the
input vector uy directly. The model equation is

e = 5™y, {Si,kfj}]w:])

with w = 5 being the historical window length of the
sequence input and

(46a)

u= [vx K] (46b)

being the network input and output, respectively.

The Preview Horizon Trajectory Planning Model
(PHTPM) was introduced by Jian Zhao et al. [24] and it is on
the same basis as the LSTM-NN approach by Axoue et. al.
There are two main advantages of this model. First, the LSTM
structure of the LSTM-NN has been extended to formulate
an encoder-decoder structure. Secondly, the model inputs
were further extended, adding the focal point and tangential
point angles, based on the work of Salvucci and Gray [13],
as well as the lane offset and lane orientation values in the
previous planning cycle. Lane orientation means a relative
orientation between the tangential line of the lane centerline
and the longitudinal axis of the vehicle. The tangential and
focal point angles are illustrated in Fig. 15. In the study
by Zhao et. al., the best performance was achieved using a
historical window length of w = 10, while the prediction
horizon was T,y = 1.5s, considering the sampling time of
Ts = 0.1s, which gives n = 10. The preview horizon length
depends on the speed of the vehicle; therefore, the preview
point distance vector dyp is not fixed. Taking into account
an average speed of 257, the preview point distances are
approximately dy, ~ [2.5 5.0 ---35.0 37.5] m, varying as
the speed varies.

K. COMPARISON
The proposed model structures and models available in the
literature are summarized in Table 2. All combination of the
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considered parametric/non-parametric, linear/non-linear and
static/dynamic model structures are represented.

All models are estimated and implemented in MATLAB
2024b. The model parameters are fitted individually for each
drivers, using the data given in Section IV-A. In all cases,
the data is put through the preprocessing steps shown in
Fig. 6. Then, the estimated lane offset values are compared
to the reference (34-35), and the performance indicator (32)
is calculated. The results are shown in Table 2 column 6-9.
In general, nonlinear models have higher fit accuracy. The
GPM has outstanding accuracy, while sGPM, NARX and
the PHTPM models have also remarkable fit accuracy.
On the other hand, GPM has the largest training time,
approximately 30-50 times larger than that of the PHTPM
and sGPM. This makes GPM a less desirable model
structure, assuming that real-time application is important.
Linear models: LRM, LDM, ELDM and nLRM model have
similar fit accuracy. However, their training time the best,
as their complexity is very low. Interestingly, ARX model
does not have good fit accuracy on the validation data.
Considering the training time, parametric models are very
good candidates for real-time application purposes. The rest
of the models (GRNN and LSTM-NN) have either worse
fit accuracy, or worse training time than the other model
structures.

Besides comparing the estimation accuracy, the gen-
eralizability of the different model structures is tested.
Generalizability in machine learning means the model fit on
data that is significantly different from the training dataset.
Five of the test drivers (Driver 1, 2, 3, 12 and 17) of the
HLB4AYV database [39] have been measured once again, on a
different test route. The new data is significantly different
from the training dataset. Using the models trained earlier, the
lane offset values were estimated for the new test route. The
error was calculated as given in (32). The results are shown in
Table 2 column NRMS®™". As expected, data-based solutions,
especially PHTPM and sGPM have lost relatively a lot from
their estimation accuracy. Linear, static models, such as LRM
and LDM/ELDM have better results, relatively. Due to the
nonlinear extrapolation outside the training range, nLRM and
NARX models are the worst in terms of generalizability.

The driver model outputs (i.e., the node point offset and
hence the node points) are connected to a path planner
algorithm, as given in Fig. 1. The end result is a local path
(curve), which can be tracked by an appropriate vehicle
controller. In this simulation environment, the controller is
assumed to be ideal, which means the vehicle path equals to
the planned path, without any tracking error. Note, that the
GRNN and the LSTM-NN predict one and two node points,
respectively. A curve cannot be fitted on these points directly,
therefore these models are neglected during the analysis.
The LDM/ELDM and the PHTPM model structures are
considered though, as well as the ARX/NARX, LRM/nRLM
and sGPM models. First, an appropriate planner is designed,
following the concept of Fig. 3. There are multiple options
to select the curve type. Most commonly used curve
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TABLE 2. Summary of the model structures and their hyperparameters, estimation results on the train and test data, and generalizability results on extra
test data. Models are fitted individually on each driver’s data. Notations: P/NP stands for parametric/non-parametric, L/NL linear/non-linear and S/D

static/dynamic models, respectively.

‘ ‘ Model name ‘ l\éll(:::l ‘ Hyperparameters Inputs ‘ NRMS ™" | NRMS™" tﬁéf‘in ‘ NRMS®*"
| £ | LRM | PLS | n=5dup=[30 150] m | | 00883 | 00956 | 0.0000 | 02269 |
=
=} _ o f
= nLRM PNLS | _ . _”[?;) % 150] m R 0.0760 0.0830 | 0.0000 | 0.5977
— Yy Unp — X» Hx Wz
% S —5 K, K’
& ARX P-L-D neb5 d ""__[3‘0"5 - 150] m 0.0813 0.1435 0.0003 0.4717
a0} - s Unp —
n,=2.ns =2 1
NARX PNLD | o dnp = [30 150] m 0.0323 0.0450 0.8585 NaN
k(-,+) = kpp3ara, ev = 0.300
GPM NP-NL'S | 1= 5. dup = [30 -~ 150] m 0.0129 0.0355 1.000 0.2684
k(:,+) = kpp3ara + kLiNard»
sGPM M =300,n =5, 0.0487 0.0543 0.0336 0.2633
dnp = [30 150] m
| o | LIDMM43] | , ¢ [ n=3dop=[10 39 136]m | Ron Aum.Fm¢ | 00872 [ 00937 [0.0000 [ 01512 |
o | DML 1 py
=
= P —4 1 —=left —left —left
5 | ELDM [44] o ;f[’lp 72['150X 13% 6] m AL I 0.0857 0.0924 | 0.0000 | 0.1563
:i - - on > nm > My
ng =2
GRNN [22] NP-NL-S n=1, Vs K, dnp 0.1297 0.1974 0.1012 0.2307
dnp = dl)p(t7VX1 Ky )
nrsT™ = 2, nPid = 300
Ainit = 0.0001,
LSTM-NN [23] | 1 \poD Nepoch = 3000, K, Vx 0.1054 0.1269 0.3474 0.1747
w=>5n=2,
dnp = [0.00  4.24] m
NLSTM = 2, nglljd =100,
it =50,
Atnit = 0~01vpdr0pout =125, Orp, OFp,
PHTPM [24] Kdropout = 0.1, Npageh = 32, Vi, Gy Wy 0.0462 0.0485 0.0236 0.1894
Nepoch = 350, w = 10 5,0
n =10,
dnp ~ [25 5.0 37.5| m

representations are polynomials [15], [16], clothoids [14],
[46] and splines [47], [48]. Polynomial representation is
selected, as its fitting is computationally efficient, the
coefficients are intuitive. Let us recall the bath definition
of (6):

~path

Py.s(5) (%) = 8(x, Bs) 47

where g is the polynomial in 7, 8; € R>@*D is the parameter
vector collecting its coefficients, and:

(0, B) = [x(0) y0)1=1[0 01,
g(x(w), Bs) = [ x(r) () 1.

and the separation of the lane offset values and the centerline
of (8):

(48a)
(48b)

PR (1) = Pl (1) + Ay a()(x(zi), 8(1i))  (49)

and

— sin(®F  (x(z)))(z7)
cos(@™f

ol s | OV

Aps s(5)(x(1), 8(T7)) =
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The proposed driver models predict the lane offset values
8(t;). Then, by using (8), the path node points ﬁgfgz)(x(ri))
related to d;; = 7; are calculated. Then, using (6) the
local path curve is fitted. The polynomial coefficients Bs
are calculated by least-squares regression on the path node
points. The main hyperparameter of the regression is the
degree of the polynomial g. Necessarily ¢ < n, i.e., order
of the path polynomial is lower than the number of node
points, which means ¢ < 5 for ARX/NARX, LRM/nLRM
and sGPM, ¢g < 10 for PHTPM, and ¢ < 3 for LDM/ELDM.
In order to have a good selection of g, the following aspects
are considered:

« the larger g, the more accurate fit on the node points,
i.e., bigger part of the modeled process is covered, on the
other hand, this may lead to high oscillation in the path,

o the smaller ¢, the smoother the path, however, the
degree-of-freedom regarding the path is lower, which
may result in approximation and even oversimplifica-
tion, of the represented dynamics.

These effects are illustrated in Fig. 16. Taking into account
the following aspects, g = 5 is selected for all models,
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FIGURE 16. Polynomial fitting onto the output node points.

where n > 5, and ¢ = 3 is selected (highest possible
value) for LDM/ELDM. The output of the lane offset model is
attached to the path planner, and the coefficients 8 are fitted.
Then, according to Fig. 3 and mapping of displacement to
planning time (39a-39b), the planning procedure is repeated
after Typ replan time. Based on a few experimental runs,
Tip = 0.5s is selected, which means the vehicle follows the
planned local path for approximately 10 — 12m (considering
vehicle speed of v, = 901%) before having another round of
replanning. The simulation loop is implemented in MATLAB
2024b, utilizing the implementation of the driver models.
The test scenario is taken from the measurements, i.e., the
scenario in the dataset is exactly reproduced. An illustration
of one scenario is shown in Fig. 17 using the measurement
of Driver 11. In this example, the vehicle travels through an
S-curve, first left then right turns. A few vehicles come on
in the opposite lane. The snapshots help the understanding
of the scenario better. By using the measurement data for
the simulation, it is possible to directly compare the planned
path to the drivers’ own, measured path. Such a comparison
is shown in Fig. 18. The results illustrate, that most of
the models are able to capture certain characteristics of the
driver’s own lane offset selection. For instance, curve cutting
effect is nicely reproduced in the simulation by all models.
Considering the accuracy, training time and generalizability
of the models, we draw the following conclusions:

« the best fit accuracy and training time combination is
achieved for PHTPM and sGPM, both having weak
relative generalizability, but their performance may be
increased by better selecting the training data,

o linear models, like LRM, LDM and ELDM have all
very small training time while providing acceptable fit
accuracy and generalizability, which makes these model
structures favorable for real-time application,

« non-linear parametric models, like nLRM and NARX,
as well as ARX, have either worse fit accuracy than
others or weak generalizability,

o even though GPM has exceptional fit accuracy, its
training time is too large therefore this prevents efficient
practical application.
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FIGURE 17. Input signals in the example scenario using data of Driver 1.
The vehicle travels through an S-curve (first left, then right), while few
other vehicles comes on in the opposite lane.

By these observations, we focus on PHTPM, sGPM and LRM
structures only in the rest of the paper.

V. DRIVER GROUP MODEL

A. DRIVER CLUSTERING

In the previous sections, we have introduced various lane
offset models and compared them to solutions in the
literature. The model parameters were fitted on real driving
data of 18 drivers, individually. This means, that each test
drivers had different model parameters. The driver models
shall be connected to a real-time path planning algorithm
in order to reproduce human-like local path for the lane
keep system. Having individual models would lead to highly
personalized lane following behavior. Nevertheless, it would
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FIGURE 18. Illustration of path planning offset to the centerline, for all
analyzed models, in the scenario introduced in Fig. 17.

Reference ‘

make the validation and verification difficult for any practical
application, because the software would be released with
loose parameters that are further refined during usage.
To overcome this issue drivers are clustered to form groups
that represent different curve path selection policies. This
way, personalization is still realized, yet validation and
verification efforts are kept low, as the number of different
parameters are limited to the number of clusters. In the
literature, models are trained on the entire driving data set,
collectively for 15-30 test drivers [23], [24] or the collection
of experienced drivers [22]. They do not separate driving style
groups. On the other hand, in other application areas, such
as traffic analysis, clustering is a known approach to define
driving styles. There are papers that use measured driving
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data, such as time-to-collision (TTC) [49], longitudinal speed
and acceleration [31], [30], longitudinal speed in curves [28]
and space kept to other vehicles [30] to differentiate between
driving styles. However, there is no solution yet that combines
driver modelling and clustering. Therefore, we propose
a novel approach, in which the model parameters are
first fitted on the individual driving data, then the drivers
are clustered by their individual model parameters. It is
proven that each cluster holds specific behavioral features
and that clusters equally qualify as driving style groups.
In the case of a new driver - for instance, the user of the
vehicle - the individual driver parameters can be learnt, and
the driver can be classified into one of the driving style
groups.

Clustering works nicely when the number of cluster
elements is high. However, in our database there are only
18 drivers available. This is not less than in most of the lit-
erature, however, drawing thorough conclusions by such low
number of cluster elements is difficult. Moreover, clustering
algorithms may fail when the number of parameters (i.e.,
cluster variables) is high and the number of elements is low.
To overcome both issues we only use the Linear Regression
Model (LRM) for clustering, where the number of model
parameters is only 7 per node point. Then, we show how
the clusters’ centroid parameters can be be associated with
behavioral differences between the clusters. This way, the
clustering explainability is proven. A well-known clustering
method is the k-means approach. K-means is used by many
driver clustering solutions [28], [29], [30], [31], [30], [49].
The only hyperparameter of k-means is the number of target
clusters, K. In the context of driving, number of clusters is
the number of different driving styles. There are often 3 to
5 clusters in similar papers, mostly associated with dynamic,
neutral and cautious driving styles [28], [29], [30], [49].
Using the fitted model parameters of LRM, we cluster drivers
into 2, 3 and 4 groups. Then, the silhouette value of the
cluster elements, and the mean silhouette are calculated. The
results are shown in Fig. 19. When targeting only 2 clusters,
in cluster 1 there are only three drivers. In the case of using
3 clusters, Cluster 3 only contains 3 drivers. Cluster 1 and 2 in
this case both seem to be valid group of drivers. When using
4 clusters, Cluster 1 and 4 seem to be groups of outlier drivers.
Therefore, we choose K = 3 clusters, and highlighting
that in practice most probably one cluster is only an outlier
group. However, due to the low number of drivers, this cannot
be verified properly. The cluster centroid parameters are
calculated. These are al‘lRM, a{rzRM, al‘RM € R>*7, For each,
the £, norm of the columns (i.e., the coefficients of the linear
relation between the given input and the output offset values
of the node points) are calculated to judge which input has
the largest impact on the node point offsets. The values of
the centroid parameters and the norms are given in Table 3.
There are a few observations based on the parameter values,
especially focusing on Cluster 2 and 3 with high number of
elements:
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FIGURE 19. The element and mean silhouette values of the clusters, with
different number of clusters.

TABLE 3. Parameter matrix values for Cluster 2 and 3.

aVo aVf a’x o a® a o

n: a}‘lRM. number of elements: 3

1 -0.0272 -0.1036 -0.0458 -0.0044 0.2104 -0.0893 -0.0336

2 -0.0282 -0.0980 -0.0423 -0.0118 0.2296 -0.1070 -0.0295

3 0.0296 -0.1216 -0.0812 -0.0387 0.7427 -0.3542 -0.0828

4 0.0295 -0.1225 -0.0712 -0.0383 0.8094 -0.4309 -0.0654

5 0.0328 -0.1243 -0.0587 -0.0350 0.8451 -0.4736 -0.0477

£o norm: 0.0660 0.2561 0.1379 0.0659 1.4205 0.7449 0.1241
e Q[I"ZRM‘numbcr(vl'clcmcn(a: 19

1 -0.0555 0.0166 -0.0033 0.0239 -0.0313 0.0895 -0.0325

2 -0.0521 0.0146 -0.0033 0.0220 0.0480 0.0112 -0.0278

3 -0.1412 0.0926 0.0324 0.0590 0.2983 -0.0924 -0.0646

4 -0.1194 0.0794 0.0222 0.0543 0.2421 -0.0388 -0.0420

5 -0.0981 0.0698 0.0209 0.0461 0.1236 0.0721 -0.0213

£o norm: 0.2227 0.1422 0.0447 0.0980 0.4076 0.1529 0.0907
n: oc‘IéRM. number of elements: 19

1 -0.0730 -0.0854 -0.0725 0.0068 -0.0057 0.1231 -0.0252

2 -0.0701 -0.0897 -0.0691 0.0034 0.0244 0.0898 -0.0139

3 -0.0371 -0.0323 -0.0885 -0.0405 0.1055 0.2173 0.0104

4 -0.0328 -0.0388 -0.0997 -0.0316 0.1024 0.2075 0.0401

5 -0.0293 -0.0383 -0.1087 -0.0222 0.0805 0.2141 0.0715

£ norm: 0.1164 0.1391 0.1990 0.0565 0.1695 0.3992 0.0875

« the lane offset selection of Cluster 2 drivers are impacted
by the oncoming traffic, the yaw rate and the road
curvature the most,

« the lane offset selection of Cluster 3 drivers are impacted
by the road curvature, speed and yaw rate the most.

In order to illustrate the behavioral differences between
the clusters, an approximately 2.5 km long S-curve was
simulated, and the planned lane offset is plotted for the
3 clusters separately. First, the traffic effect is eliminated
by setting v° = 0 and vf = 0. The results are shown in
Fig. 20. The mean cluster behavior is depicted with bold
line, while lane offset standard deviation (+/ — o) is shown
with a higlighted area. Cluster 2 drivers pull the vehicle
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TABLE 4. Behavioral differences between clusters.

straight traffic traffic traffic leftcurve  right curve
line .
drivi effect effect effect cutting cutting
rving -straights -left curve -right curve
Cluster2 | Sightly push to small high moderate none
left negative
Cluster 2 centered push.lo moderate high high moderate
negative
TABLE 5. Kinematic comparison of driver clusters.
13 o, 15 max@)®  min(a) w2 ol B
Cluster 2 0.24 -0.26 3.79 -3.40 23.78 0.36
Cluster 3 0.28 -0.34 3.30 -2.95 2242 0.33

slightly on the left side of the road (positive lane offset
between 1.3235 - 10°m and 1.32435 - 10°m) in the straight
section, while Cluster 3 drivers drive slightly on the right.
Then, in the left curve, both clusters cut the curve, with
difference in the peak offset (Cluster 2 drivers have a peak
of 0.65m, Cluster 3 drivers have a peak of 0.9m). Also,
in the right curve, the Cluster 3 drivers have much larger
curve cutting (—0.5m) than Cluster 2 drivers (0.0m). Cluster
1 contains only 3 drivers, therefore their behavior is not
analyzed separately, but it is noted that their behavior is
somewhere in between Cluster 2 and Cluster 3. Then, traffic
effect is added, and the same S-curve is simulated again. The
results are shown in Fig. 21. In the straight section, when
there is no oncoming traffic, Cluster 2 drivers drive slightly
on the left side of the centerline. However, when there is
traffic in the opposite lane (e.g., between 1.32345 - 10°m and
1.3247 - 10°m or 1.3243 - 10%°m and 1.32455 - 10°m) they
pull the vehicle slightly to the right. In the same situation,
Cluster 3 drivers behave similarly, however they drive on the
right side anyway, therefore the effect of oncoming traffic
is not significant. During the entry and tip point of the left
curve, there is oncoming traffic (between 1.3243 - 10°m and
1.32455 - 10°m). Therefore, the curve cutting profiles from
Fig. 20 are modified: Cluster 3 drivers have smaller peak,
almost with no difference from Cluster 2 drivers (both having
approximately 0.65m lane offset peak values). However,
in the right curve, when there is oncoming traffic, too, the
curve cutting extent of Cluster 3 drivers is larger (—1.05m)
than that of Cluster 2 drivers (—0.5m). The observations are
summarized in Table 4. These observations indicate, that the
selection of lane offset in the case of Cluster 2 drivers is
highly influenced by the fear of the road side (i.e., pull away
from the right side of the road). Also, these drivers modify
their lane offset slightly to the right, when there is oncoming
traffic. On the other hand, Cluster 3 drivers have a dynamic
lane offset selection for both left and right curves, and neutral
lane offset selection in straight line, however, when there is
oncoming traffic, they significantly change their path even if
it means getting closer to the right side of the lane. In order to
further analyze driver behavior, a few kinematic quantities are
statistically evaluated. These are the average acceleration and
deceleration, the maximum acceleration and deceleration,
and the mean speed. The results are shown in Table 5. Cluster
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FIGURE 20. The lane offset selection of the driver clusters, considering
only variance of the curve geometry (curvature and its gradient).

2 drivers have higher average speed, maximum acceleration
and deceleration, as well as higher lateral acceleration. These
differences in the vehicle kinematics in combination with
the path geometry comparison observations indicate the
following conclusions:

e Cluster 2: is a driver group preferring less lateral
movement, possibly due to fear of road side objects and
generally more aggressive motion behavior.

e Cluster 3: is a driver group preferring more lateral
movement, possibly due to fear of oncoming traffic, and
comfortable motion behavior.

These groups cannot be assigned to one proper definition
of driving styles (e.g., dynamic or cautious drivers), but
yet shows remarkable differences between the behavior of
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FIGURE 21. The lane offset selection of the driver clusters, considering
only variance of oncoming vehicles.

the drivers from these groups. This indicates, that driver
separation is possible, yet a complex, multi-faceted problem.
Once their behavior is learned, it can be used to personalize
an automated driving system.

B. MODEL FITTING

After introducing the two major driver groups in Section V-A,
the model parameters are fitted on the data of all driver of
the given group. The hyperparameter selection introduced
in Table 2 remains unchanged. Three models are tested this
way: LRM, sGPM and PHTPM. For each model structure,
we get two fitted models: Cluster 2 model and Cluster
3 model. Then, these models are evaluated on the data of the
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TABLE 6. Accuracy of the driver group models on the test dataset.

\ Model || LRM | sGPM | PHTPM |

test
cluster—1

NRMS

Soaratest

NRMS,paster—2 || 00777 | 0.0744 | 0.0659 |

|| 0.0706 | 0.0681 | 0.0679 |

clustered drivers. The results are given in Table 6. The LRM
fitting accuracy improved to its individual model fit shown in
Table 2. This is a very promising result, indicating that simple,
linear static model structures can be efficient solutions for the
lane offset modelling problem, even with larger amount of
data. The fit accuracy of the PHTPM structure got slightly
worse than its individual model fit. Even though, this model
is still more accurate than the LRM, the degradation in its
fitting accuracy indicates that the model structure, or the
training hyperparameters shall be changed to handle the
higher variance in the training dataset. The sGPM structure
underperforms w.r.t. the other two significantly and shows
relatively high degradation compared to its individual model
fit results. It is assumed that the number of selected inducing
points, i.e., number of basis functions (M = 500, as given
in Section III-D) is too low with the increasing training data
points. Increasing the number of inducing points can improve
the fit accuracy, however, the training time as well as the run
time of the model prediction will significantly grow, too. That
further prevents the efficient realization of the model.

VI. CONCLUSION

In this paper, the topic of modeling drivers’ curve path
selection has been discussed. Modern lane driving systems
keep the vehicle in the center of the lane, however, this often
feels unnatural, as human drivers like to deviate from the
center. Therefore, the real-world driving data of 18 drivers
have been recorded and analized. The problem of lane
keeping has been transformed to the problem of lane offset
selection (position offset to the centerline). The lane offset
is planned in locally nominated node points that are used to
fit the planned curve path. A thorough comparison of various
model structures, including parameteric and non-parametric,
static and dynamic, linear and non-linear model structures,
have been conducted. Vehicle kinematics (longitudinal speed,
acceleration and yawrate), road geometry (road curvature and
curvature gradient) and traffic information (oncoming object
type and followed object type) have been considered as model
inputs. These proposed models have been compared to state-
of-the-art, neural-network-based solutions in the literature
and simple, but robust linear driver model solutions. Main
conclusions are the following:

o The full Gaussian Process Model (GPM) produces the
best fit accuracy, however its training time is overall
the largest. The static, linear regression model structure
(LRM) is simple, robust, and provides good generaliz-
ibility along with acceptable fitting accuracy. Therefore,
this model is recommended for applications where
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calculation time is important. The Preview-Horizon-
Trajectory-Planning-Model (PHTPM) from the litera-
ture and the sparse Gaussian-Process Model provides
very good fitting accuracy along with acceptable
training time.

o Via selecting the kernel function of the Gaussian
Process Model (GPM), it has been shown that the
function describing human drivers’ lane offset selection
is composed of a dominant third-order polynomial and a
linear part. This verifies the fact that linear functions are
indeed suitable to model the lane offset selection, while
further increase of the accuracy is achievable by adding
polynomial functions to the model.

o Using the Linear Regression Model (LRM) parameters,
drivers were clustered using the k-means algorithm. Two
driving clusters were separated. The model parameters
are significantly different between the two clusters,
and behavioral differences were shown by simulating
a complex S-curve scenario, as well as evaluating the
vehicle kinematics for the cluster drivers.

During the analysis, we have used the data of 41 drivers.
The relatively low number of test drivers sets limitation of
the work. The proposed models have been fitted on the data
of rural road segments, under fairly constant circumstances.
However, the selection of homogeneous driving contexts
were intentional, in order to prove that the proposed solution
works for real driving data. In the future, extending the
analysis to further contextual scenarios and more drivers, the
concept can be generalized. As a next research step, the higher
level relations between the contexts (e.g., different weather
and traffic conditions) and the curve path driving modes can
be analysed, extending the driver model structure proposed in
this paper with another, higher level model component.
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