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Abstract—We address the problem of estimating online the
longitudinal jerk desired by a human driver piloting a car. This
estimation is relevant in the context of suitable identification
of driver intentions within modern Advanced Driver Assistance
Systems (ADAS) such as the co-driver scheme proposed by some
of the authors. The proposed architecture is based on suitably
combining a Kalman filter with a scaling technique peculiar of the
context of “high-gain” observers. The scaling is appealing because
it allows for an easy tuning of the trade-off between phase lag and
sensitivity to noise of the resulting estimate. Additionally, we show
that using engine-related experimental measurements available in
the CAN bus, it is possible to provide a more reliable estimate
of the driver-intended jerk, especially in the presence of gear
changes. The proposed scheme shows very desirable results on
experimental data from a track test, also when compared to a
brute force approach based on a mere kinematic model.

I. INTRODUCTION

The derivative of the acceleration, the jerk, has recently
gained more attention within the automotive community, both
for longitudinal and lateral dynamics, and some works that
explicitly take the jerk in consideration are [23], [22] and [20],
[13]. In the first three references, the jerk was used as a very
informative signal to extract the strategy behind the driver
maneuver. In particular, in [23] the behaviour of an expert
driver was studied from the jerk viewpoint to come up with a
new control strategy, and in [23, Sec. 2.2] the additional benefit
of considering the jerk signal was pointed out as compared
to using only the steering angle speed or the yaw angular
acceleration. In [13] the jerk signal was monitored in order to
check that the safety and comfort requirements were satisfied.
A similar use of the jerk (monitoring) was made in the different
context of CNC machines in [17].

Still, one of the main drawbacks when using the jerk
is that jerk sensors are neither off-the-shelf nor widespread
(although a jerk sensor is proposed in [21]). Therefore, jerk is
typically obtained through suitable filtering of the acceleration
like in [13, Sec. IV.B] or [23, Sec. 5.2] (see also the improved
approaches proposed in [17] and [14]). A natural approach
to obtain the jerk is then to estimate it by means of Kalman
filtering, as done in [15], where the Kalman filtering scheme
was tested in simulations. Another approach may be to use
high-gain techniques for numerical differentiation, as in [6] and
[4], and our approach could be seen as intermediate between
the previous two since it employs acceleration measurement, in
the context of asymptotic observers. Our work provides a jerk
estimate validated on experimental data, and the estimation
paradigm is a Kalman formulation enriched by a high-gain-
inspired scaling. While in the typical high-gain approach the
scaling parameter ` is taken large (“high”), we exploited here

the key idea of using it to move the location of all the
eigenvalues of the error dynamics (placed with a Kalman
approach). In this way by means of the scalar knob ` suitable
trade-offs between the convergence rate of the estimation error
and the sensitivity to noise can be easily obtained.

Another strong motivation for this work is to bring the
driver intention into the picture of jerk estimation problems.
In contrast to standard approaches, like [12] and [16], the
driver can be modeled within the conceptual framework of
subsumptive control architectures (outlined in [3]), where low
level optimized motor primitives are combined into more com-
plex (subsumptive) behaviors to achieve strategic and tactical
goals (for a review of driver modeling, see [5, Sec. II]).
According to this subsumptive paradigm, a co-driver (defined
in [5, Sec. I.A]) was developed within the European project
interactIVe [1]. Intention inference is the key point in order to
develop applications that properly warn or support the driver
in his/her task. This is done by the co-driver using actively the
estimated jerk ̂ of the vehicle, resulting from the driver current
maneuver. In particular, based on the current state of the
vehicle and the available information from the environment,
the co-driver hypothesizes a set of different possible high-
level maneuvers (generated by solving corresponding optimal
control problems according to human-like objective functions)
and assumes as current driver maneuver the one in the set
whose jerk has the least mismatch with ̂. This is motivated
by the fact that different high level maneuvers map to different
jerk evolutions of the vehicle. The inference about the current
maneuver is then naturally used to assess the associated level
of risk and issue suitable warnings (as in the interactIVe project
[1]) or intervene directly (as in the running adaptIVe project
[2]). It is then evident that inaccurate jerk estimates may
lead to dramatically wrong driver intention inferences and
consequently to false or missed alarms, or worse, to wrong
interventions. In light of this discussion we emphasize that we
are interested in the jerk related to the longitudinal dynamics
as it is perceived by the (typical) human driver. In this sense
(intention-oriented jerk estimate) the current work improves
upon the jerk estimation algorithms of [5] (to which our work
is intimately related), and will enhance the current co-driver
scheme.

The paper is organized as follows. In Section II the model
for the longitudinal dynamics of the vehicle is presented and
the torque request signal is introduced, which is fundamental to
capture the driver intention. Based on the difference between
the torque request and the engine torque, we build in Sec-
tion III our intention-oriented model for the jerk signal. This
model is cast into a Kalman formulation in Section IV, where
we also introduce a high-gain-like enhancement starting from



the Kalman formulation. In Section V the intention-oriented
approach is validated on experimental data from a track test.
Section VI concludes the paper and outlines future work.

II. LONGITUDINAL VEHICLE DYNAMICS AND DRIVER
INTENTION

Consider (from Newton’s equation) the following standard
model for the longitudinal dynamics:

Mv̇ = τTe −Mg sinα︸ ︷︷ ︸
=:Fs

−CrMg cosα︸ ︷︷ ︸
=:Ff

− 1

2
%SCxv

2︸ ︷︷ ︸
=:Fd

(1)

where v and α are respectively the longitudinal velocity of the
vehicle and the road slope, Fs, Ff and Fd are respectively
the dissipative forces due to the road slope, friction and
aerodynamic drag, τTe is the force actuated by the engine
and transmitted to the wheels via gearbox and driveline, with
transmission coefficient τ corresponding to:

τ =
1

rr
ηgηdτgτd, (2)

and finally all other physical parameters are listed in Table I.

Parameter Symbol

Vehicle mass M
Rolling radius rr
Gearbox efficiency ηg
Driveline efficiency ηd
Gearbox transmission ratio τg
Driveline transmission ratio τd
Gravity g
Rolling friction coefficient Cr

Air density %
Reference area S
Drag coefficient Cx

Table I: Physical parameters for the longitudinal dynamics.

A few notes are in order: (i) because of the term
CrMg cosα, the model (1) is valid only when the vehicle
is moving. (ii) The gearbox transmission ratio τg depends on
the specific gear engaged, but it is assumed that the latter is
known from the electronic control unit (ECU) as a function of
time. (iii) The parameters Cr and %SCx, which are typically
known with a high degree of uncertainty (e.g., variations in the
vertical loads, tire wear and inflation), are stated here only for
the sake of explanation, but their knowledge is not needed for
estimating the driver’s desired acceleration and jerk, as we will
point out in Remark 2. (iv) Due to space constraints we only
consider the engine traction torque Te, but the braking action
could be similarly obtained by way of suitable coefficients
from the brake pressure.

It is reasonable to assume that the road slope α is suffi-
ciently small (less than 10◦) in most urban and extra-urban
roads that do not involve mountain routes, so that we may
approximate (1) as

Mv̇ = τTe −Mgα− CrMg − 1

2
%SCxv

2, (3a)

and the validity of this assumption on α in our study can be
checked a posteriori directly on the data themselves as per
Figure 1. Alternatively, the analysis carried out here can be
repeated by replacing state α with another state sα = sin(α).

Measured quantities come from accelerometers and odome-
ters. The measured acceleration from the accelerometer is

y1 = v̇ + g sinα+ d̄a ≈ v̇ + gα+ d̄a, (3b)

which illustrates that the accelerometer measures not only the
derivative v̇ of the longitudinal velocity, but it is also affected
by the road slope and by a bias term d̄a due to a possible
(static) misalignment of the sensor. As from (1) to (3a), sinα
has been again approximated by α. The longitudinal vehicle
velocity that we consider as output is

y2 = v, (3c)

and is obtained as the product between the rolling radius rr
and the average of the rotational velocities of the two non-
traction wheels, because these velocities are less prone to slip
phenomena (for this practice see, e.g., [18] or [11, Sec. 2.4]).
We did not want to model the longitudinal slip in this work
mainly because the typical human driver neither perceives this
type of dynamics nor can control it (see the motivations behind
the introduction of traction control and ABS in, e.g., [8])
and here we are interested in a driver-oriented modeling. The
wheels rotational velocities are measured by odometers.

Remark 1: A number of phenomena that have mild effects
on the longitudinal dynamics (as resulting from a typical
human driver) have been neglected here: among them, sus-
pensions and pitch motion, load transfer, interactions with the
road and lateral dynamics. In Section IV, these effects will
be taken into account by lumping them into appropriate noise
terms. y

To embed the driver intention in the longitudinal dynamics
model (3a), we first need to bring the driver’s torque request
into the picture. To this end, we first note that the considered
vehicle operates with a robotized gearbox and electronic clutch
that may modify the requested torque to adapt to operating
conditions. In modern vehicles, the driver provides the ECU
with a torque request, Tr, by acting on the throttle pedal. In
most cases, the ECU complies with the driver’s torque request
Tr and exerts it on the engine (if one neglects the engine
dynamics that is far faster than the mechanical dynamics in
(3a)). However, sometimes the ECU intervenes enacting a
torque that is computed according to the ECU’s own logic
(which is unknown to us), based on the whole state of the
engine and of the powertrain (and not only based on slower
time-scale quantities, as the driver does). Typical cases when
this decoupling occurs are gear changes, when the ECU
smooths out the transition between the actual gears via direct
control of the engine torque, or when standard Active Vehicle
Control Systems intervene, like ABS or ESP. A couple of
illustrative transitions when a gear change takes place will be
represented in Figure 3 in Section V, where the signals Tr and
Te will be displayed.

The key aspect that allows us for the following intention-
oriented modeling is that both signals Tr and Te are measur-
able on the CAN bus of the vehicle, which is a common feature
in modern vehicles. In this sense, the decoupling induced by
the ECU can be thought of as a torque disturbance Td that is
obtained from signals Te and Tr as

Tr + Td = Te,

where Td denotes a measurable disturbance, so that intuitively
it accounts for all the torque generation dynamics that are



too fast for the human driver to control, i.e. beyond his/her
actuation capabilities, while Tr reflects the driver intention.

If the driver’s requested torque Tr were actuated by the
engine with no in-between interposition, then, following (3a),
we would have

Mv̇i = τTr −Mgα− CrMg − 1

2
%SCxv

2. (4)

According to this equation, vi is the travel speed of the vehicle
that would be obtained resulting from mere driver’s actuation,
which we call intended speed, after the actual Fs, Ff , Fd of
(1) are subtracted from τTr.

III. INTENTION-ORIENTED MODEL

In this Section we state the equations of our intention-
oriented model, and we provide the kinematic model used in
[5] as a means of comparison in Remark 3.

Although we introduced the insightful Equation (4) for the
intended speed vi and in the following we will use quantities
that are derived from vi (namely the intended acceleration
and jerk, ai and ̄i), we do not want to include vi as state
variable. The state vector we are going to define is instead
xi = [v ai oa ̄i]

T .

From the intended speed vi, the intended acceleration and
jerk are defined from classical mechanics as ai = v̇i and ̄i =
ȧi, respectively.

Combine (3a) and (4), obtaining

Mv̇︸︷︷︸
:=Ma

= τ(Te − Tr) + Mv̇i︸︷︷︸
:=Mai

, (5)

and define the accelerometer offset oa as

oa = gα+ d̄a, (6)

i.e. as the sum of the two effects (static misalignment and
slope) that prevent the accelerometer measurement in (3b) from
being exactly the derivative of the longitudinal velocity. From
(5), using the definition ai = v̇i, we get

v̇ = ai +
τ

M
(Te − Tr), (7a)

which is our first state equation. Then the jerk definition yields

ȧi = ̄i. (7b)

Consider the dynamics of oa in (6): for the term d̄a we
have that ˙̄da = 0 is true except from very slow drifts (e.g.,
temperature-related) while for α, we still write α̇ = 0 since
the slope is slowly time varying as compared to the dynamics
of mechanical quantities like v, vi etc. (for this practice in
slope estimation see, e.g., [18, Eq. (13)]). Thus

ȯa = 0, (7c)

for which a note is in order. The plant model (7a)-(7d) will
be used in a Kalman-like estimator in Section IV, and state
equation noise terms ∆v, ∆ai, ∆oa, ∆̄i will be added
respectively to Equations (7a), (7b), (7c), (7d). As it is standard
practice in Kalman filters, the introduction of a high variance
for the noise ∆oa takes into account the intrinsic unreliability
of (7c), which otherwise would imply that the slope is constant
even though the actual slope is slowly time-varying.

Finally, we consider for the intended jerk:

˙̄i = 0, (7d)

which is motivated by the following considerations. (i) A first
intuition is that drivers tend to settle to a constant value of
the pedal (which reflects their intentions) if the traffic scenario
remains unchanged, but they act linearly on the pedal with
respect to time when the scenario changes. (ii) As already
noted for Equation (7c), we do not claim that the model
˙̄i = 0 is exact, indeed we take into account approximations by
suitable variances selections comprising, e.g., that (7d) is less
reliable than (7a) and (7b), especially when the traffic scenario
changes and the driver pursues another high level maneuver.
Thus, the variance of noise ∆̄i will be larger than those of
∆v and ∆ai in our Kalman-like estimator. (iii) Experimental
evidence shows that the optimal feedback control laws for
typical motor tasks obey a “minimal intervention” principle
where inaccuracies of the executed motion are corrected only
when they interfere with the task goals (see, e.g., [19] and
[22]).

With the choice of state variables xi = [ v ai oa ̄i ]
T , it is

straightforward to reformulate measurements (3b) and (3c) as
a suitable linear output:

y1 = ai +
τ

M
(Te − Tr) + oa (7e)

y2 = v (7f)

using (5) and definition (6) for the accelerometer offset oa.

Remark 2: From Equations (7) it is evident that the only
physical parameters we are required to know beforehand
according to this formulation are the transmission coefficient
τ in (2) and the vehicle mass M . Moreover, the nonlinearities
due to aerodynamic drag force Fd in (3a) disappear. y

Since Equations (7b), (7d) involve quantities that are de-
rived from the intended speed vi and in (7e) Equation (5)
(descending in turn from (4)) was directly employed, this
should motivate why we claim that our jerk estimate ̄i
accounts for the driver intentions.

Remark 3: The following kinematic model is stated here
mainly as a means of comparison with the previous intention-
oriented model and was implemented in [5, Eq. (27)] to obtain
an estimate of the longitudinal jerk. We will see in Section V
to which extent the intention-oriented model improves the
kinematic model. Using oa in (6) again, the state equations
are

v̇ = a (8a)
ȧ = ̄ (8b)
ȯa = 0 (8c)

˙̄ = 0, (8d)

with the same motivations behind Equations (8c) and (8d) as
the ones behind Equations (7c) and (7d), respectively. In the
three Equations (8a), (8b) and (8d), that correspond to a triple
integrator, v, a and ̄ are the effective kinematic quantities of
the vehicle considered as a point mass, hence the name of this
model, and do not embed any information about the driver
intentions. Measurements (3b) and (3c) are reformulated as

y1 = a+ oa (8e)
y2 = v. (8f)



using the state xk = [ v a oa ̄ ]
T and (6). y

IV. STATE ESTIMATION OF JERK IN AN ENHANCED
KALMAN APPROACH

In this Section we first introduce a Kalman formulation
for the state estimator of the jerk, and second we will enhance
that scheme using a high-gain-inspired scaling parameter `,
which serves as tuning knob for a suitable trade-off between
the phase lag and the noise filtering action of the observer.

A. Kalman formulation

One can check trivially that Equations (7) and (8) can be
both represented as the linear dynamical system

ẋm = Axm +Bmu (9a)
y = Cxm +Dmu, (9b)

where the index m ∈ {i, k} stands either for intention-oriented
or kinematic model, so that

u = Te − Tr, xi = [ v ai oa ̄i ]
T
, xk = [ v a oa ̄ ]

T (10)

and then, from (7) and (8)[
A Bi Bk
C Di Dk

]
=

 0 1 0 0
0 0 0 1
0 0 0 0
0 0 0 0

τ/M
0
0
0

0
0
0
0

0 1 1 0
1 0 0 0

τ/M
0

0
0

 . (11)

Output y remains clearly the same physical quantity for both
models m = i or m = k, even though it is generated in a
different way starting from xi and u or from xk. Note that the
two models share the same matrices A and C.

Since in the design of the observer gain L in (14) only
matrices A and C play a role, the coincise formulation in
(9) allows us to carry out a single design procedure for both
models (7) and (8). The whole following observer tuning is
sound in light of the observability of pair (C,A) (see, e.g.,
[9]).

Remark 4: If we were to choose the state as xi =
[ v ai α d̄a ̄i ]

T with α̇ = 0, ˙̄da = 0 and y1 = ai+
τ
M (Te−Tr)+

gα+ d̄a (giving rise to matrices Ã, B̃, C̃, D̃), we would lose
the observability of pair (C̃, Ã). In particular, contributions α
and d̄a cannot be distinguished from one another at the output.
The same would hold in the case of the kinematic model.
Nonetheless, distinguishing between the two is not necessary
for the current type of application. y

According to a Kalman formulation, we introduce suitable
noise terms ∆x and ∆y on the state and output equations of
(9), obtaining

ẋm = Axm +Bmu+ ∆x (12a)
y = Cxm +Dmu+ ∆y, (12b)

where the covariance matrices of ∆x and ∆y are (using the
expected value E[·])

Q = E[∆x∆T
x ], R = E[∆y∆T

y ] (13)

and the corresponding observer structure for (12) is

˙̂xm = Ax̂m +Bmu+ L[y − Cx̂m −Dmu] (14)

where x̂m is the estimate of state xm.

As from Kalman theory, Q and R in (13) are known
parameters but their identification is a cumbersome process
(some approaches are summarized in [7, Introduction]). A
more pragmatical approach is to consider diagonal Q, R and
regard their elements on the diagonal as design parameters
(see, e.g. [9, page 229]) that can account for how trustworthy
the corresponding state or output equation is. This kind of
approach was explained after (7c) and (7d) assuming ∆x =
[ ∆v ∆ai ∆oa ∆̄i ]

T . This pragmatical approach may be seen
legitimately as a way of tuning the observer gain L using
Linear Quadratic techniques, that indeed make use of matrices
Q and R, instead of, for instance, pole placement techniques.

In conclusion, given the plant matrices A and C and the
“design” parameters Q and R, solving the algebraic Riccati
equation allows tuning a gain

LK =

[
Lva Lvv

Laa Lav

Loa Lov

Lja Ljv

]
(15)

that places the eigenvalues of A−LKC in a specific location
and will be further employed in IV-B.

Consider the estimation error x̃m = xm− x̂m between the
true state in the Kalman formulation (12) and its estimate (14).
The dynamics of x̃m can be conveniently written as follows
in the absence of external perturbations:

˙̃xm = (A− LC)x̃m. (16)

If we select L = LK , positive definiteness of Q and R imply
that all eigenvalues A − LKC have negative real part. We
will suitably scale this error dynamics in the next section by
proposing a parametrized selection of L, based on LK .

B. “High”-gain enhancement

This subsection deals with finding a convenient selection
for matrix L in (14) that combines the Kalman approach (that
has led to the gain LK in (15)) and the need of a single tuning
knob ` that allows to easily obtain a trade-off between the
tracking speed and the noise rejection in the estimates.

From the error x̃m = [ ṽ ãm õa ˜̄m ]
T (as before, am or ̄m

are ai or ̄i for the intention-oriented model and a or ̄ for the
kinematic model) define the “high”-gain scaled error as

e =


v
am

òa
`
̄
`2

 =


1

1
`

1
`

1
`2

 x̃m. (17)

Remark 5: The name “high”-gain is motivated by the fact
that a similar scaling in the inverse powers of a coefficient `
takes place in high-gain observers (for a full perspective on
high-gain observers see, e.g., [10]). Historically, the parameter
` was chosen large (or “high”) to dominate over the effect of
uncertain or known nonlinearities. Here the parameter ` can
be chosen large to increase the speed of convergence if LK
was tuned too conservatively, or small to improve the filtering
action of the observer with respect to the action of noise: these
two possibilities are exemplified in Section V. y

The selection for L is

L =

[
1
`
`
`2

]
LK [ 1

` ] (18)



Using (17), (18) and (16), it can be straightforwardly verified,
after some calculations, that the dynamics for the scaled error
e is given by

ė = `(A− LKC)e, (19)

which reveals that the eigenvalues of the scaled error dynamics
are exactly the eigenvalues “placed” with the Kalman approach
in Section IV-A for the matrix A − LKC, scaled altogether
in the complex plane by the factor `. Error x̃m undergoes
the same change in its dynamics because it is related to `
by the similarity transformation in (17). Once the baseline
gain LK is fixed, tuning ` allows for shifting in the left-half
plane the whole set of the observer eigenvalues to the right
(better rejection) or to the left (better tracking) as compared
to their original positions. It is emphasized that this shifting
is obtained by acting on one parameter only. We note that the
scaled dynamics (19) could be obtained thanks to the peculiar
structure of matrices A and C.

Remark 6: The intuition behind the chosen scaling of error
in (17) is the customary one adopted in the high-gain scaling
domain. Since (a subpart of) dynamic matrix A corresponds
to a triple integrator, subsequent states are related by a simple
integral relation (except for the jerk). Then appropriate scaling
of the roots of the characteristic polynomial of the error
dynamics is obtained by using in its coefficients increasing
powers of the scaling factor. This is why the scaled error in
(17) is necessary for a suitable representation. Finally, oa could
be scaled arbitrarily but it is convenient to scale it in the same
way as the accelerations ai or a because they are algebraically
correlated in the output equation. y

V. VALIDATION ON EXPERIMENTAL TEST

The validation of the estimation approach in Section IV
was performed on experimental data collected on a test track.
The track test consisted of two laps, and was mainly designed
to check the validity of this estimation approach in the case
of normal driving of a typical human (in particular away
from maneuvrability limits) since we are interested in inferring
driver intentions in a continuous way and in the context
of preventive safety. In this sense (i) the current study was
preliminary and clarifies the possible use of this estimation
approach within the (semi)autonomous-driving context of the
European project adaptIVe [2], (ii) even if the performance of
our jerk estimation was analyzed offline, our filtering scheme
is as such apt for future online usage. The values for the
parameters are M = 1500 kg, and τ1 = 13, τ2 = 6.9,
τ3 = 4.3, τ4 = 3.1, τ5 = 2.5, where the subscript corresponds
to the engaged gear. As mentioned in Section II the vehicle is
equipped with a robotized gearbox and an electronic clutch.
The matrices in (13) were chosen as

Q =

[
10−8

10−6

10−2

1

]
, R =

[
1

10−3

]
. (20)

Mainly to illustrate the whole dataset, we depict in Figure 1
the quantity ôa

g
180◦

π , i.e. the (normalized) estimated accelerom-
eter offset converted in degrees. The light blue parts correspond
to the time intervals when a gear change occurs: the darker
areas correspond to the times when the clutch is disengaged
from the engine, the lighter areas correspond to re-engagement.
The periodicity in the depicted signal is related to the two
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Figure 1: (Normalized) estimated offset ôa for the intention-
oriented (int) model for different values of knob ` (ell).

track laps. The three different curves correspond to the three
different values of ` = 2, 1.4, 0.8.

In Figure 2, we present the three most relevant quantities,
based on which we comment the jerk estimate that we can
provide. At the top of the figure we have the estimated
velocity v̂, together with the measurement y2 in (7f), which
is barely distinguishable from the estimates. In the middle
of the figure we have the intended acceleration âi together
with the measurement y1 in (7e): the estimates differ from
the measurement because of the direct feed-through from the
input u = Te − Tr. The difference Te − Tr bears not only
the torque smoothing operated by the ECU (as pointed out
in Section II) but also all the dissipation torques induced
within the engine by the fluidodynamic and mechanical forces
(engine friction). The latter account for the slowly time varying
offset visible in the middle plot. Already from the middle
plot, but even more from the bottom plot, the smoothening
effect of parameter ` is evident. We would like to emphasize
that with the parameter ` at hand, we could set the values of
matrices Q and R in (20) based on high level considerations
(the entries of Q reflect the fact that the first state equation
is the most reliable one, as noted in Section III, while the
ones in R that the measurements from the odometers are
more reliable, as compared to the measurements from the
accelerometers, in the considered application) and then readily
adjust the filtering action through ` (small ` means large
noise rejection at the cost of introducing a larger time-delay
in the estimation). In this sense we partially overcome a
commonly perceived limitation in the Kalman approach, i.e.
that the covariance matrices are unknown in most cases. Let
us comment on the effectiveness of the jerk estimate in the
bottom diagram. As a first approximation, the velocity can be
considered piecewise linear, giving rise to acceleration steps:
thus the jerk signal is typically zero, which is consistent with
the minimum intervention principle [22]. Even in the presence
of noise, the essence of the maneuver is caught by the jerk
estimate: in particular notice the amplitude slightly different
from zero between 80 s and 87 s that justifies the mild drift
in the acceleration. The relevant intention changes of the
driver occur at about 78 s, 88 s, 102 s, when s/he sets off an
acceleration phase, then leaves the car coasting, and finally
accelerates again. All these changes are well captured by the
jerk estimate presenting some bumps at the relevant times.

To show how the intention-oriented model improves upon
the kinematic model of Remark 3, we present two gear changes
in Figure 3, where in addition to the quantities of Figure 2 we
plotted the signals Te, Tr and the signal τ

M u = τ
M (Te − Tr),
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Figure 2: State estimates v̂ (top, together with measurement y2), âi (middle, together with measurement y1), ˆ̄i (bottom) for the
intention-oriented model (7) and three different values of `.

that accounts for the driver intention. In the gear change at
171 s, the driver is still letting the car coasting, as witnessed
by the evolution of the velocity (which decreases until 172 s),
of the acceleration, and of the requested torque (which remains
flat until 172 s). Therefore, no change of the intention is
taking place in the driver’s understanding until 172 s. This calls
for the almost-flat jerk estimate (red dashed line). According
to the decreasing velocity, the ECU decides to engage a
lower gear and, to smooth the consequent re-engagement,
induces a small burst in the engine torque (top plot). This
causes a temporary acceleration of the vehicle, that is detected
by the accelerometer. Therefore, if we used the kinematic
model and its jerk estimate to infer the driver intentions, the
process relative to the gear change would be misinterpreted
and (erroneously) credited to driver intentions, resulting in a
:-shaped evolution at 171 s in the jerk estimate (blue solid
line). Specular considerations can be made for the gear change
at 145 s, where the effectiveness of the jerk estimate of the
intention-oriented model lies in the fact that the jerk estimate
remains negative just after the gear change, while at that
point the kinematic model produces a remarkably positive (and
erroneous) estimate. This estimate would be erroneous from
the viewpoint of the intentions because it is in contrast with
the maneuver (constant velocity, and then deceleration) the
driver carries out immediately after, between 145 s and 148 s.

VI. CONCLUSION AND FUTURE WORK

In this paper we employed effectively the torque request
signal (available on the CAN bus of modern vehicles) to per-
form a driver-intention oriented estimation of the longitudinal

jerk signal. The interest in the longitudinal jerk is motivated
by the fact that (i) typical drivers tend to map high-level
maneuvers into different jerk evolutions, (ii) a newly devised
ADAS (co-driver) based on the jerk signal was already imple-
mented in the European project interactIVe. The structure of
the proposed jerk estimator is based on a Kalman formulation,
but we added a knob (inspired by high-gain scaling techniques)
to suitably tune a trade-off between tracking speed and noise
rejection in the resulting estimates. Finally, we validated the
effectiveness of our jerk estimation on experimental signals. In
future work, the improvements that we showed here in terms
of compliance with the driver intentions will be illustrated
in the co-driver architecture. Future work also includes using
this same estimation paradigm (with scaling) for the lateral
dynamics, where nonlinear effects can not be neglected. To this
end, parameter ` could be tuned online according to a suitable
adaptation logic. Another topic that we want to further study
is to trace back the driver intentions analyzing directly throttle
and brake pedals information, like pressures or positions.
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Figure 3: Illustrative transitions corresponding to two gear changes for the intention-oriented model (7) and the kinematic one
(8) with fixed ` = 1.4: torque signals Te, Tr, τ

M u (first from top), v̂ and y2 (second), âi, a and y1 (third), ˆ̄i and ˆ̄ (fourth).
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