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A B S T R A C T

This work considers real-time estimation of the mass of ground vehicles equipped with on-
board diagnostics (OBD-II) capabilities. The mass is estimated with a recursive least squares
filter, based on vehicle longitudinal dynamics using data from a 6-axis inertial measurement
unit (IMU), OBD-II data, as well as global navigation satellite system (GNSS) positions. Only
basic OBD-II parameters from the controller area network (CAN-bus) are used, including vehicle
speed, engine speed, and engine load. This ensures a broad applicability of the presented work.
A loosely coupled fusion of IMU data, OBD-II vehicle speed, and GNSS positions is used for
vehicle state estimation. The road grade is estimated from the vehicle pitch angle, current
gear is predicted from the ratio of engine and vehicle speeds, and engine torque is estimated
from a linear regression with engine speed and load as parameters. The regression is carried
out using engine torque estimated from the vehicle longitudinal dynamics, assuming a known
vehicle mass. Model parameters are estimated from the engine torque regression, utilizing a
linear correlation between the engine torque and OBD-II engine load. A method for automatic
estimation of vehicle gearing ratio values from drive data is also proposed. The result is a
two-phase approach with an initial training phase for parameter estimation, followed by an
operational phase where the vehicle mass can be estimated. The methods are validated using
data from a modern car. Parameters and regression coefficients are first estimated from a single
test drive. Vehicle mass is then estimated using data from 18 drives on an 85 km test route,
comprising of more than 1600 km of driving under different condition, including varying vehicle
loads, tire pressures, and window openings. Using the fitted model parameters, the model is
generally able to estimate masses within ± 5% of the actual. The change in tire pressures and
windows openings do not show significant effects on the estimated masses. Ambient wind during
the test drives appears to present a significant source of uncertainty in the estimates at higher
speeds. A method for compensation of the ambient wind should be investigated.

∗ Corresponding author.
E-mail addresses: kemje@mek.dtu.dk (K.M. Jensen), ifs@mek.dtu.dk (I.F. Santos), lkhc@dtu.dk (L.K.H. Clemmensen), soren.theodorsen@ilias-solutions.com

S. Theodorsen), harry.corstens@ilias-solutions.com (H.J.P. Corstens).
vailable online 24 February 2022
888-3270/© 2022 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license

http://creativecommons.org/licenses/by/4.0/).

ttps://doi.org/10.1016/j.ymssp.2022.108925
eceived 19 July 2021; Received in revised form 26 November 2021; Accepted 1 February 2022

http://www.elsevier.com/locate/ymssp
http://www.elsevier.com/locate/ymssp
mailto:kemje@mek.dtu.dk
mailto:ifs@mek.dtu.dk
mailto:lkhc@dtu.dk
mailto:soren.theodorsen@ilias-solutions.com
mailto:harry.corstens@ilias-solutions.com
https://doi.org/10.1016/j.ymssp.2022.108925
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ymssp.2022.108925&domain=pdf
https://doi.org/10.1016/j.ymssp.2022.108925
http://creativecommons.org/licenses/by/4.0/


Mechanical Systems and Signal Processing 171 (2022) 108925K.M. Jensen et al.

r
c
u
o
u
b

b
t
m
v
i
a
V
p
m
t
a

a
o
o
e

(
m
I
a
v
p
v
p
g
n

d
w
c
a
t

T
p
I
m
p

c
a
s
d
a

u
r
o
n
a

1. Introduction

The mass of a car can provide a challenging aspect in that it can vary greatly depending on the payload e.g., in applications that
ely on vehicle dynamics such as automated safety and driving systems. Knowledge of the vehicle mass can also be of importance in
ondition monitoring systems and fleet management, as the mass can be related to the load of vehicle components as well as vehicle
sage. Especially smaller cars can have a large ratio between payload and vehicle mass e.g., the 2021 Ford Fiesta with a kerb weight
f approximately 1100 kg and a maximum allowable payload of 600 kg [1]. Determination of vehicle mass is normally performed
sing weighbridges, axle weigh pads, or weigh-in-motion (WIM) systems. For many applications relying on such technologies would
e impractical. As such, it is of great interest to be able to estimate the vehicle mass in real-time.

Different methods have been proposed in the literature addressing this problem. A summary of the different methods is given
y Fathy et al. [2]. The most popular methods are based on vehicle longitudinal dynamics [3–6], as they make use of data from
he vehicle controller area network (CAN-bus), typically through the on-board diagnostics (OBD-II) system. The European Union
ade the OBD-II system mandatory on all petrol powered vehicles sold in the European Union starting from 2001, with diesel

ehicles following in 2004. This greatly reduces the instrumentation requirements for the mass estimation, resulting in a low cost
mplementation. These methods generally use a model considering vehicle inertia, engine propulsion force, as well as rolling,
erodynamic, and gradient contributions. The use of OBD-II data however also presents a drawback of the proposed methods.
ehicle manufacturers are only required to make some data from the engine control module (ECU) available for diagnostics. These
arameters are addressed by parameter identification numbers (PID) and are defined in the SAE J1979 standard [7]. However,
anufacturers can also define their own PIDs. Data from other vehicle modules such as the anti-lock braking (ABS) module or

ransmission control module (TCM), can also sometimes be accessed on the CAN-bus. Vehicle manufacturers however usually limit
ccess to such data, requiring specialized tools or reverse engineering of the signals.

Accurate real-time mass estimation requires real-time information of vehicle longitudinal acceleration, road grade, current gear,
nd engine torque. Most of the proposed methods dealing with mass estimation using longitudinal dynamics seem to rely on the use
f non-standard CAN-bus data, primarily for the engine torque and current gear. Jensen et al. [8] proposed a method relying only
n standard OBD parameters. The gear ratio was estimated using the ratio between engine and vehicle speeds, with engine torque
stimated from intake mass air flow data. The engine torque model however only considered spark ignition (SI) i.e., petrol engines.

Various methods have been used to obtain road grade information, such as a two-antenna global navigation satellite system
GNSS) solutions [3] and map data [9]. Another approach is to use accelerometer and gyroscope data, typically from an inertial
easurement unit (IMU), which have become popular due to the advent of low cost micro-electro-mechanical system (MEMS) based

MUs. The accelerometer can also be used to provide the longitudinal vehicle acceleration instead of relying on CAN-bus data, such
s using the time derivative of the vehicle speed. OBD-II data is typically only available at low sampling rates, which along with
ehicle speed data that is only available as integer values in km/h, provides for inaccurate acceleration estimates. IMUs have been
opular in naval and aerial navigation for many years, being used for inertial navigation systems (INS), whereby vehicle position,
elocity, and orientation is calculated continuously by dead reckoning. This means the current estimate is calculated based on the
revious estimate and time integration of IMU data. However, because of the integrations, the performance of an INS depends
reatly on the quality of the sensors in order to mitigate the time dependent drift. MEMS based IMUs typically suffer from poor
oise characteristics, making them unsuitable for use in an INS without external aids.

In some applications the vehicles orientation can be estimated based on the direction of the gravity vector from accelerometer
ata. This solution however suffers from the inability to distinguish the gravitational accelerations from external accelerations,
hich will typically be present in a moving vehicle. Even with fusion of MEMS based gyroscopes and accelerometers by either

omplementary [10] or Kalman filters [10,11], orientation estimates will be inaccurate during prolonged accelerations. More
dvanced methods are required typically attempting to estimate the external vehicle acceleration [8,12]. These accelerations can
hen be subtracted from the accelerometer measurements, such that the gravitational contribution can be isolated.

A method for obtaining both high accuracy, low cost, and long term stability, is the use of aided or integrated navigation.
he typical integrated navigation system utilizes two independent sources with complementary characteristics. One source should
rovide good short term accuracy and the other good long term stability. Typically, the short term solution will be provided by an
NS. Various sources can be used for the navigation aid, both through external measurements such as radios or GNSS, or on-board
easurements such a magnetometers or altimeters. A detailed description of navigation aids is given by Titterton and Weston [13,
. 377–401].

Related to cars, a survey of navigation technologies is given by Skog and Händel [14]. Due to the simplicity, cost, and good
omplementary properties, one of the most popular integrated navigation systems for cars is the INS-GNSS solution. The combination
llows for use of lower grade, low cost and small form factor sensors, while maintaining high accuracy. The INS provides accurate
hort term solutions at a high rate, while also being self-contained such that it does not rely on external means susceptible to
isturbances. GNSS is able to provide navigation solutions with a bounded error, but at a lower rate while also relying on the
vailability of satellites.

Different approaches can be applied for the INS-GNSS integration, such as uncoupled, loosely coupled, tightly coupled, and
ltra-tightly coupled systems [13, p. 409–416]. Only the loosely-coupled system will here be considered, as it provides for simple
etrofit implementation, while also able to provide good performance and system redundancy. The integration scheme requires
nly the navigation outputs from the GNSS provided by most GNSS modules, such that the inner workings of the system does
ot have to be considered. This means the GNSS typically will be able to provide both a stand-alone solution, while also forming
2

measurement update for an integration Kalman filter. The basic filter scheme will then provide predictions from the INS at a
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high rate, with corrections performed by the measurement update whenever GNSS data is available. The INS can further be aided
by use of additional measurement updates e.g., vehicle speed data or vehicle kinematics model constraints. For cars, constraints
on the vertical and lateral velocities are typically imposed [15]. In navigation applications the system equations or measurement
equations are often non-linear, making it necessary to consider more advanced filters. Two of the most common non-linear filtering
techniques are the Linearized Kalman filter (LKF) and the Extended Kalman filter (EKF), with details provided by Jwo and Cho [16]
and Farrell [17, p. 203–211]. Skog and Händel [18] provide details for a loosely coupled INS-GNSS system using an EKF. The
primary motivations for the use of sensor fusion in the presented work, are the improved bias compensated IMU data, in addition
to vehicle pitch angle estimates that can be used to approximate the road grade and to compensate for the gravitational term in the
accelerometer measurements.

The engine torque can be estimated from engine operational parameters, such as intake air properties available on the vehicle
BD, as was done by Jensen et al. [8]. However, in standard SAE 1979 [7] it is stated that the OBD PID 04 ‘‘calculated load value’’

hould indicate percentage of peak available torque during normal fault-free conditions. It is also stated that both SI and compression
gnition (CI) i.e., diesel engines shall support the parameter. This means it should be possible to use this parameter for estimating
he engine torque for both SI and CI engines on all modern passenger cars.

The longitudinal dynamics model relies on various vehicle specific parameters. If the model is to be applied to multiple different
ehicles, determining or manually fitting the parameters can be a time consuming process. Because of this it would be highly
esirable to be able to automatically determine the parameters. In this work, a method based on the engine load parameter is
roposed, also used for the torque estimation. The method utilizes the linear correlation between engine torque and the load
arameter. The idea is then that the parameters are selected such that the fit between the engine load and engine torque estimated
rom longitudinal dynamics is optimized.

This paper seeks to build upon the work presented by Jensen et al. [8], considering the estimation of vehicle mass based on
longitudinal dynamics model. Compared with the previous work where only 6-axis IMU and CAN-bus data was considered, this

aper also includes a GNSS module. Fusion of IMU data with GNSS position data, OBD-II vehicle speeds, and vehicle kinematics
odel constraints are implemented for vehicle state estimation. The fusion is carried out with an error state extended Kalman filter

nd a loosely coupled architecture. Fusion of IMU and GNSS are well explained topics in the literature, but many of the details
re scattered across different sources, using different notations, different filtering techniques, attitude representations, and filter
easurement updates. This paper then also seeks to summarize all the necessary steps and equations for the IMU+GNSS+CAN-bus

usion in a relatively short, compact, and uniform text.
Similarly to Jensen et al. [8] only basic OBD-II parameters on the CAN-bus will be used, instead of relying on the availability of

anufacturer specific parameters. As such, the current gear and engine torque are assumed not to be directly available. The current
ear will instead be estimated using the ratio between engine and vehicle speed. The novelty of the paper lies in the more thorough
xperimental validation considering different driving conditions, as well as the engine torque and model parameter estimation.

Data used in this paper is obtained using a sensor unit mounted in a modern passenger car. A test route of approximately 85
m was used, consisting of a mix of low speed city driving, medium speed country roads, and high speed highway driving. A total
f 18 drives were performed for the mass estimation, considering various driving conditions including varying vehicle loads, tire
ressures, and window openings. A separate drive was carried out for the engine torque and parameter estimation.

. Vehicle longitudinal dynamics model

The longitudinal dynamics model used in this paper is similar to the model used by Jensen et al. [8]. The model consists of five
orce contributions

𝐹𝑖 = 𝐹𝑝 − 𝐹𝑎 − 𝐹𝑟 − 𝐹𝑔
𝐹𝑖 =

(

𝑚 + 𝐼𝑤
1
𝑟2

+ 𝐼𝑒𝐺2
)

v�̈� Inertial
𝐹𝑝 = 𝜂𝑑𝑡𝑇𝑒𝐺 Propulsion
𝐹𝑎 = 1

2𝜌𝑎𝐶𝑑𝐴0v�̇�2 =
1
2𝜌𝑎𝐶𝑎v�̇�2 Aerodynamic drag

𝐹𝑟 = 𝑚𝑔𝐶𝑟 cos (𝛼) Rolling resistance
𝐹𝑔 = 𝑚𝑔 sin (𝛼) Gravitational
𝐺 = 𝑖𝑡,𝑗 𝑖𝑑

𝑟 Effective gearing

(1)

where v𝑥 is the longitudinal coordinate in the vehicle frame, such that the time derivatives v�̇� and v�̈� are the longitudinal
vehicle speed and acceleration respectively. The remaining parameters are: vehicle mass 𝑚, effective tire radius 𝑟, engine torque
𝑇𝑒, drivetrain efficiency 𝜂𝑑𝑡, ambient air temperature 𝜌𝑎, aerodynamic drag coefficient 𝐶𝑑 , vehicle frontal area 𝐴0, gravitational
acceleration 𝑔, rolling resistance coefficient 𝐶𝑟, road gradient 𝛼, differential gearing ratio 𝑖𝑑 , and transmission gearing ratio 𝑖𝑡,𝑗 for
gear 𝑗 = [1, 2,… , 𝑁gear] with 𝑁gear number of gears. The mass moment of inertia (MOI) of the wheels 𝐼𝑤 is the total of all four
wheels, including contribution from components after the differential, such as brakes, tires, and driveshafts. The engine MOI 𝐼𝑒
includes all contributions from before the transmission, such as clutch, crankshaft, and flywheel. The MOI of components between
the transmission and differential are neglected.

Based on Eq. (1) expressions for the time varying mass, 𝑚(𝑡), and engine torque, 𝑇𝑒(𝑡), can be written as

𝑚(𝑡) =
𝜂𝑑𝑡𝑇𝑒(𝑡)𝐺(𝑡) −

1
2𝜌𝑎𝐶𝑎v�̇�(𝑡)2 −

[

𝐼𝑤
1
𝑟2

+ 𝐼𝑒𝐺(𝑡)2
]

v�̈�(𝑡)
(2)
3

v�̈�(𝑡) + 𝑔𝐶𝑟 cos (𝛼(𝑡)) + 𝑔 sin (𝛼(𝑡))
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𝑇𝑒(𝑡) =
1

𝜂𝑑𝑡𝐺(𝑡)

(

[

𝑚(𝑡) + 𝐼𝑤
1
𝑟2

+ 𝐼𝑒𝐺(𝑡)2
]

v�̈�(𝑡) +
1
2
𝜌𝑎𝐶𝑎v�̇�(𝑡)2 +

[

𝐶𝑟 cos (𝛼(𝑡)) + sin (𝛼(𝑡))
]

𝑚(𝑡)𝑔
)

(3)

It is assumed only the mass, engine torque, gearing, road grade, and vehicle speed and acceleration are time varying. The
emaining parameters are assumed constant. The estimation of these properties is covered in the following sections.

. Recursive least squares filter

Similarly to most contributions considering vehicle mass estimation, a recursive least squares (RLS) filter with exponential decay
s used, instead of estimating the mass directly from the longitudinal dynamics equation. This allows for smoothing of the estimate,
uppressing effects of noisy input signals and model imperfections. With the inclusion of a decaying term, controlled by a forgetting
actor 𝜆, previous samples are gradually removed from the estimate allowing for estimation of varying mass.

Details on recursive estimation can be found in the book by Young [19]. Considering only the vehicle mass 𝑚(𝑡) to be estimated
y the filter, the longitudinal dynamics mass expression of Eq. (2) can be rewritten as

𝜙(𝑡)𝑚(𝑡) = 𝑦(𝑡) + 𝜖(𝑡) (4)

here 𝜖(𝑡) is the estimate residual, 𝜙(𝑡) is the coefficient based on the terms related to mass, and 𝑦(𝑡) the right-hand side

𝜙(𝑡) = v�̈�(𝑡) + 𝑔𝐶𝑟 cos(𝛼(𝑡)) + 𝑔 sin(𝛼(𝑡)) (5)

𝑦(𝑡) = 𝜂𝑑𝑡𝑇𝑒(𝑡)𝐺(𝑡) −
1
2
𝜌𝑎𝐶𝑎�̇�(𝑡)2 −

[

𝐼𝑤
1
𝑟2

+ 𝐼𝑒𝐺(𝑡)2
]

v�̈�(𝑡) (6)

From previous values of the mass, 𝑚(𝑡 − 1), and filter gain, 𝑝(𝑡 − 1), the RLS filter recursively updates the gain and mass

𝑝(𝑡) = 1
𝜆

[

𝑝(𝑡 − 1) −
𝑝(𝑡 − 1)𝜙(𝑡)𝜙(𝑡)𝑝(𝑡 − 1)
𝜆 + 𝜙(𝑡)𝑝(𝑡 − 1)𝜙(𝑡)

]

(7)

𝑚(𝑡) = 𝑚(𝑡 − 1) + 𝑝(𝑡)𝜙(𝑡)𝜖(𝑡) (8)

where the exponential forgetting factor is expressed by 0 < 𝜆 < 1 and the residual calculated as

𝜖(𝑡) = 𝑦(𝑡) − 𝜙(𝑡)𝑚(𝑡 − 1) (9)

In this work an initial mass of 𝑚(0) = 1000 kg and initial gain 𝑝(0) = 1000 s4/m2 has been used.

4. Prediction of current gear

As shown in Eq. (1), the engine torque is linked to the propulsion force through the effective gearing 𝐺. This consists of the
effective wheel radius and differential gearing ratio, which are assumed constant, as well as the step-wise varying transmission gear
ratio. This means it is necessary to predict the current transmission gear. Jensen et al. [8] predicted the current gear based on the
ratio between engine and vehicle speeds. A similar approach will be utilized here.

Assuming no drivetrain slip the effective gearing can be expressed from the speed ratio as

𝐺 =
𝑖𝑡,𝑗 𝑖𝑑
𝑟

=
𝑁𝑒

v�̇�
𝜋
30

(10)

with the vehicle speed v�̇� given in m/s and the engine speed 𝑁𝑒 in revolutions per minute. Based on the speed ratio, the current
gear 𝑗 is predicted to be that which minimizes Eq. (11).

arg min
𝑗

|

|

|

|

|

𝑖𝑡,𝑗 𝑖𝑑
𝑟

−
𝑁𝑒

v�̇�
𝜋
30

|

|

|

|

|

subject to: 𝑗 ∈
[

1,… , 𝑁gear
]

(11)

Based on the predicted gear, the corresponding ratio 𝑖𝑡,𝑗 is used to calculate the effective gearing.

. Vehicle state estimation

.1. Reference frames

Commercial GNSS modules typically output positions in geodetic coordinates, while IMU measurements are expressed in the
ensor frame, attached to the vehicle. Before fusion of sensors can be carried out for the vehicle state estimation, the sensor outputs
ave to be expressed in a common reference frame. In this paper the local tangent plane (LTP) frame with north-east-down (NED)
onvention will be used as the common frame. The GNSS antenna and IMU module are installed on the same printed circuit
oard, such that the distance between them is assumed negligible. Additionally, it is also assumed that the MEMS IMU has the
ccelerometers and gyroscopes aligned with each other, with their axes completely orthogonal. The following text is primarily
ased on chapter 2 of the book by Farrell and Barth [20].
4
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Fig. 1. Illustration of relations between geodetic, earth centered-Earth fixed, and local tangent plane north-east-down frames.

Geodetic coordinates are expressed by [𝜆, 𝜑, ℎ]T, where 𝜆 is the latitude, 𝜑 the longitude, and ℎ the altitude. The altitude is
defined as the perpendicular distance above an assumed shape of the Earth, known as the geoid. In order to apply the geodetic
coordinates, the shape of the Earth must be considered, which is defined by a geodetic datum. The different GNSS use their own
datum e.g., GPS uses World Geodetic System 1984 (WGS 84) while Galileo uses GTRF (Galileo Terrestrial Reference Frame). The
major GNSS are almost identical, with only minor positional differences. The GNSS module in this work uses WGS84, carrying out
the necessary corrections internally for the respective GNSS. As such, only WGS84 will here be considered.

The shape of the Earth is approximated by an ellipsoidal with constants defined by WGS 84 [21]. In order to transform position
data for the sensor fusion, it is first transformed to the Earth centered-Earth fixed (ECEF) frame. In ECEF the coordinates are expressed
in a rectangular grid by

[

e𝑥, e𝑦, e𝑧
]T. Considering the illustration in Fig. 1, the ECEF frame is located at the center of the Earth, with

𝑧-axis going through the north pole, 𝑥-axis through the prime meridian, and 𝑦-axis chosen to complete the orthogonal right handed
coordinate system. The transformation from geodetic coordinates to ECEF can be expressed as

e𝑥 = (ℎ +𝑁(𝜆)) cos (𝜆) cos (𝜑) (12)

e𝑦 = (ℎ +𝑁(𝜆)) cos (𝜆) sin (𝜑) (13)

e𝑧 =
[

ℎ + (1 − 𝑒2)𝑁(𝜆)
]

sin (𝜆) (14)

where 𝑓 is the ellipsoid flatness, 𝑒 the eccentricity, and 𝑁 the distance from the surface normal vector to the semi-minor axis (𝑧-axis)

𝑓 = 𝑎 − 𝑏
𝑎

, 𝑒 =
√

𝑓 (2 − 𝑓 ) , 𝑁 = 𝑎
√

1 − 𝑒2 sin (𝜆)2
(15)

As defined by the WGS84 ellipsoid, the semi-major axis length is given by 𝑎 = 6, 378, 137.0 m and the semi-minor axis by
𝑏 = 6, 356, 752.3142 m.

The ECEF coordinates are then transformed into LTP coordinates with the NED convention, also known as the navigation frame
with

[

n𝑥, n𝑦, n𝑧
]T. The transformation from ECEF to navigation frame requires a reference point i.e., the origin of the navigation

frame expressed in the ECEF frame e𝐱0 =
[

e𝑥0, e𝑦0, e𝑧0
]T, as well as two rotations. The first rotation is around the e𝑧-axis by the

longitude 𝜑. This is then followed by rotation around the n𝑦-axis (east) by the latitude 𝜆. The transformation from ECEF to navigation
can then summarized as

n𝐱 =
⎡

⎢

⎢

⎣

n𝑥
n𝑦
n𝑧

⎤

⎥

⎥

⎦

= n
e𝐑 (𝜑, 𝜆)

(

e𝐱 − e𝐱0
)

=
⎡

⎢

⎢

⎣

−𝑠(𝜆)𝑐(𝜑) −𝑠(𝜆)𝑠(𝜑) 𝑐(𝜆)
−𝑠(𝜑) 𝑐(𝜑) 0

−𝑐(𝜆)𝑐(𝜑) −𝑐(𝜆)𝑠(𝜑) −𝑠(𝜆)

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎣

e𝑥 − e𝑥0
e𝑦 − e𝑦0
e𝑧 − e𝑧0

⎤

⎥

⎥

⎦

(16)

Next, the sensor and vehicle frames will be considered, illustrated in Fig. 2. The sensor frame
[

s𝑥, s𝑦, s𝑧
]T is attached to the vehicle

frame
[

v𝑥, v𝑦, v𝑧
]

, but the axes are rotated. It was attempted to mount the IMU to be aligned with the vehicle, but small offsets can
still be present and have to be compensated for by rotation.

The vehicle frame is attached to the vehicle with axes aligned with the vehicle forward, left, and up directions. The origin of the
vehicle frame is expressed by n𝐱 =

[

n𝑥𝑣, n𝑦𝑣, n𝑧𝑣
]T in the navigation frame. Three rotations are required from vehicle to navigation

frame. The first rotation is the yaw (heading), i.e. around the n𝑧-axis (down) by an angle 𝜓 . This is followed by the pitch angle 𝜙
around the 𝑦-axis (east) and finally the roll angle 𝜃 around the 𝑥-axis (north).
5

n n
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Fig. 2. Illustration of vehicle and IMU frames in local tangent plane with north-east-down convention.

Fig. 3. Inertial navigation system vehicle state prediction from inertial measurement unit.

The full transformation from vehicle to navigation frame can then be expressed as

n𝐱 = n
v𝐑𝑧(𝜓)

n
v𝐑𝑦(𝜙)

n
v𝐑𝑥(𝜃)v𝐱 + n𝐱𝑣 = n

v𝐑(𝜓, 𝜙, 𝜃)v𝐱 + n𝐱𝑣 (17)

where 𝐑∗ are direction cosine matrices around their respective axes and n𝐱𝑣 is the vehicle position in the navigation frame.

5.2. Inertial navigation system

Considering the inertial navigation system, the vehicle state vector in the navigation frame and input vector, which has been
transformed from the sensor frame to the vehicle frame, can be defined as

n𝐱𝑘 =
⎡

⎢

⎢

⎣

n𝐩𝑘
n𝐯𝑘
n𝐪𝑘

⎤

⎥

⎥

⎦

, v𝐮𝑘 =
[

v𝐬𝑘
v𝝎𝑘

]

(18)

at sample 𝑘 and

n𝐩 =
[

n𝑥, n𝑦, n𝑧
]T =

[

𝑝𝑥, 𝑝𝑦, 𝑝𝑧
]T Position

n𝐯 =
[

n�̇�, n�̇�, n�̇�
]T =

[

𝑣𝑥, 𝑣𝑦, 𝑣𝑧
]T Velocity

n𝐪 =
[

𝑞0, 𝑞1, 𝑞2, 𝑞3
]T Attitude

v𝐬 =
[

v𝑠𝑥, v𝑠𝑦, v𝑠𝑧
]T Specific force

v𝝎 =
[

v𝜔𝑥, v𝜔𝑦, v𝜔𝑧
]T Angular velocity

(19)

The attitude is represented using quaternions, where the 3D orientation can be expressed by four values

𝐪 = 𝑞0𝐢 + 𝑞1𝐣 + 𝑞2𝐤 + 𝑞3 (20)

where 𝐢, 𝐣,𝐤 are unit vectors representing the three Cartesian axes. The three terms 𝑞0𝐢, 𝑞1𝐣, and 𝑞2𝐤 describe a unit vector, while
𝑞3 describes a positive rotation about this vector. While less intuitive, quaternions have many advantages over Euler angles and
direction cosine matrices. They are singularity free, do not require trigonometric functions, require only four parameters, and are
computationally efficient. Further information on quaternions can be found in appendix D of the book by Farrell [17].

The INS uses the 3-axis input from the accelerometers and gyroscopes. The accelerometers measure the specific forces 𝐬
i.e., difference between inertial and gravitational acceleration, while the gyroscopes measure angular velocities 𝝎. The first part
of the sensor fusion is the state predictions based on the current IMU inputs, as illustrated in the diagram in Fig. 3. Considering the
noisy IMU signals, Eq. (21) can be used to describe the measurements.

�̃�𝑘 = 𝐮𝑘 − 𝛿𝐮𝑘 + 𝐰(1)
𝑘

(2) (21)
6

𝛿𝐮𝑘 = 𝛿𝐮𝑘−1 + 𝐰𝑘
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where 𝐮 are the true measurements, 𝛿𝐮 the slowly varying bias, 𝐰(1) the white measurement noise, and 𝐰(2) the white noise random
walk process noise. The bias can for example be temperature-dependent, which could be compensated using calibration tables. In
this work, it will be estimated by the sensor fusion Kalman filter. At the beginning of every time step, the sensors are calibrated
using the bias estimate

�̂�𝑘 = �̃�𝑘 + 𝛿𝐮𝑘 (22)

where the hat �̂� denotes the bias compensated IMU inputs. The gyroscope measurements 𝝎𝑘−1 are then used to propagate the attitude
𝐪𝑘−1 in time, to obtain the updated attitude 𝐪𝑘. With the quaternion representation, this can be expressed as

n𝐪𝑘 =
[

cos
(

𝑇𝑠
2

|

|

|

|v𝝎𝑘−1||||

)

𝐈4 + sin
(

𝑇𝑠
2

|

|

|

|v𝝎𝑘−1||||

)

v𝜴𝑘−1
|

|

|

|v𝝎𝑘−1||||

]

n𝐪𝑘−1 (23)

here 𝑇𝑠 is the sampling time, 𝐈4 the 4 × 4 identity matrix, |
|

|

|v𝝎𝑘|||| the magnitude of the gyroscope angular velocity vector, and v𝜴𝑘
is a skew symmetric matrix defined as

v𝜴𝑘 =

⎡

⎢

⎢

⎢

⎢

⎣

0 v[𝜔𝑧]𝑘−1 −v[𝜔𝑦]𝑘−1 v[𝜔𝑥]𝑘−1
−v[𝜔𝑧]𝑘−1 0 v[𝜔𝑥]𝑘−1 v[𝜔𝑦]𝑘−1
v[𝜔𝑦]𝑘−1 −v[𝜔𝑥]𝑘−1 0 v[𝜔𝑧]𝑘−1
−v[𝜔𝑥]𝑘−1 −v[𝜔𝑦]𝑘−1 −v[𝜔𝑧]𝑘−1 0

⎤

⎥

⎥

⎥

⎥

⎦

(24)

Based on the vehicle attitude, the accelerometer measurements are transformed from the vehicle to the navigation frame

n𝐬𝑘−1 = n
v𝐑(n𝐪𝑘−1)v𝐬𝑘−1 (25)

where the transformation matrix can be calculated from the quaternions as

n
v𝐑(n𝐪𝑘−1) =

⎡

⎢

⎢

⎣

1 − 2𝑧(n𝑞21 + n𝑞22 ) 2𝑧(n𝑞0n𝑞1 − n𝑞2n𝑞3) 2𝑧(n𝑞0n𝑞2 + n𝑞1n𝑞3)
2𝑧(n𝑞0n𝑞1 + n𝑞2n𝑞3) 1 − 2𝑧(n𝑞20 + n𝑞22 ) 2𝑧(n𝑞1n𝑞2 − n𝑞0n𝑞3)
2𝑧(n𝑞0n𝑞2 − n𝑞1n𝑞3) 2𝑧(n𝑞1n𝑞2 + n𝑞0n𝑞3) 1 − 2𝑧(n𝑞20 + n𝑞21 )

⎤

⎥

⎥

⎦𝑘−1

𝑧 =
(

n𝑞
2
0 + n𝑞

2
1 + n𝑞

2
2 + n𝑞

2
3
)−1

(26)

Assuming the estimated attitude is accurate, the transformed specific forces in the navigation frame will have the gravitational
cceleration acting only along the vertical direction. Neglecting the Coriolis effect, the vehicle accelerations n𝐚 =

[

𝑎𝑥 𝑎𝑦 𝑎𝑧
]T can

hen be calculated as

n𝐚 = n𝐬 + n𝐠 =
⎡

⎢

⎢

⎣

𝑠𝑥
𝑠𝑦

𝑠𝑧 − 𝑔

⎤

⎥

⎥

⎦

(27)

The gravitational acceleration can be estimated based on the vehicle geographical location, but in this paper it is for simplicity
ssumed constant at 𝑔 = 9.81 m∕s2. Finally, the vehicle acceleration can be integrated to obtain the velocity and position in the
avigation frame

n𝐩𝑘 = n𝐩𝑘−1 + 𝑇𝑠 n𝐯𝑘−1 +
𝑇 2
𝑠
2 n𝐚𝑘−1 (28)

n𝐯𝑘 = n𝐯𝑘−1 + 𝑇𝑠 n𝐚𝑘−1 (29)

5.3. Error state extended Kalman filter

The sensor fusion is performed with an extended Kalman filter (EKF), which is the nonlinear version of the Kalman filter. With
the EKF the state prediction and measurement models do not have to be linear functions. Instead, the EKF uses a linearization of the
nonlinear functions around the current state estimates. Additionally, the error state formulation will also be used to form the error-
state extended Kalman filter (ES-EKF). The error state formulation takes advantage of the property that the errors e.g., difference
between estimated and measured position, typically have less complex behavior than the states themselves. The states might be
highly nonlinear, but the errors are more likely to behave linearly, such that the linearized filter is able to better track the system
dynamics. More details on the EKF and optimal state estimation can be found in chapter 5 of the book by Farrell [17]. The filter
prediction is performed by the INS, while the measurement update will include GNSS positions, CAN-bus vehicle speeds, and a
vehicle model to constrain the lateral and vertical speeds.

The Kalman filter is first initialized, setting the initial states 𝐱0, sensor bias 𝛿𝐮0, and state covariance matrix 𝐏0. The Kalman filter
then performs a prediction step i.e., the sensors are calibrated using a bias estimate and the states propagated in time, as shown in
the previous section. Next, the state errors are defined as

𝛿𝐱𝑘 =
⎡

⎢

⎢

𝐩𝑘 − �̂�𝑘
𝐯𝑘 − �̂�𝑘

⎤

⎥

⎥

=
⎡

⎢

⎢

𝛿𝐩𝑘
𝛿𝐯𝑘

⎤

⎥

⎥

(30)
7
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where 𝐩 and 𝐯 are the true position and velocity, while �̂� and �̂� are their estimated counterparts. The attitude perturbation 𝝐 is
defined as a small Euler angle sequence, rotating the attitude vector prediction �̂� into the true attitude 𝐪

n
v𝐑(𝐪𝑘) =

(

𝐈3 − 𝐒(𝝐𝑘)
) n

v𝐑(�̂�𝑘)

𝐒(𝝐𝑘) =
⎡

⎢

⎢

⎣

0 −𝜖3 𝜖2
𝜖3 0 −𝜖1
−𝜖2 𝜖1 0

⎤

⎥

⎥

⎦𝑘

(31)

Based on the sensor model in Eq. (21) and state errors in Eq. (30), the error-state vector and noise input vector can be defined
as

𝐳𝑘 =
[

𝛿𝐱𝑘
𝛿𝐮𝑘

]

, 𝐰𝑘 =
[

𝐰(1)
𝑘

𝐰(2)
𝑘

]

(32)

with the propagation of the noise expressed by the discrete time state space model

𝐳𝑘 = 𝐅(𝐱𝑘,𝐮𝑘)𝐳𝑘−1 +𝐆𝑘(𝐱𝑘)𝐰𝑘 (33)

where

𝐅𝑘(𝐱𝑘,𝐮𝑘) =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝐈3 𝑇𝑠𝐈3 𝟎3 𝟎3 𝟎3
𝟎3 𝐈3 𝑇𝑠𝐒

(

n𝐬𝑘
)

𝑇𝑠nv𝐑(𝐪𝑘) 𝟎3
𝟎3 𝟎3 𝐈3 𝟎3 −𝑇𝑠nv𝐑(𝐪𝑘)
𝟎3 𝟎3 𝟎3 𝐈3 𝟎3
𝟎3 𝟎3 𝟎3 𝟎3 𝐈3

⎤

⎥

⎥

⎥

⎥

⎥

⎦

𝐆𝑘(𝐱𝑘) =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝟎3 𝟎3 𝟎3 𝟎3
𝑇𝑠nv𝐑(𝐪𝑘) 𝟎3 𝟎3 𝟎3

𝟎3 𝑇𝑠nv𝐑(𝐪𝑘) 𝟎3 𝟎3
𝟎3 𝟎3 𝐈3 𝟎3
𝟎3 𝟎3 𝟎3 𝐈3

⎤

⎥

⎥

⎥

⎥

⎥

⎦

(34)

ith 𝟎3 being a 3 × 3 matrix of zeros and 𝐒 a skew symmetric matrix similar to Eq. (31). Finally the state covariance matrix can be
updated

𝐏𝑘 = 𝐅𝑘𝐏𝑘−1𝐅T
𝑘 +𝐆𝑘𝐐𝑐𝐆T

𝑘 (35)

where 𝐐𝑐 is the continuous time process noise covariance matrix

𝐐𝑐 =
[

𝐐(1) 𝟎6
𝟎6 𝐐(2)

]

(36)

and 𝐐(1) the covariance matrix for the measurement noise 𝐰(1) and 𝐐(2) the covariance matrix for the random walk process noise
𝐰(2). Both covariance matrices are diagonal, with 𝐐(1) containing the variances of the IMU measurements, while 𝐐(2) contains the
variances of the biases.

Next, the filter performs the measurement update, where estimation errors are corrected. Typically the filter will perform many
prediction steps between measurement updates, as the IMU will have a higher sampling rate than both the GNSS and CAN-bus.
However, in this paper the inclusion of the vehicle model will cause an update to be performed at every sample. This update rate
could be relaxed, if computational power is limited.

The first step of the update is to calculate the Kalman filter gain

𝐊𝑘 =
𝐏𝑘𝐇T

𝐇𝐏𝑘𝐇T +𝐖
(37)

where 𝐇 is the output matrix and 𝐖 the measurement noise covariance matrix. These depend on the available measurements and
will be covered shortly. The observation equation for the state predictions is then defined as

𝐲𝑘 = �̃�𝑘 − �̂�𝑘 = �̃�𝑘 −𝐇𝐱𝑘 = 𝐇𝐳𝑘 + 𝐞𝑘 (38)

which states that the error between the measurement �̃�𝑘 and estimate �̂�𝑘 = 𝐇𝐱𝑘 is equal to the state perturbation 𝐇𝐳𝑘 plus additive
white measurement noise 𝐞𝑘 with covariance matrix 𝐖. The error can then be defined as

𝐞𝑘 = �̃�𝑘 −𝐇𝐱𝑘 −𝐇𝐳𝑘 (39)

With the Kalman gain and error estimate, the error-states can be updated

𝐳𝑘 =
[

𝛿�̂�𝑘
𝛿�̂�𝑘

]

=
[

𝛿�̂�𝑘−1
𝛿�̂�𝑘−1

]

+𝐊𝑘𝐞𝑘 =
[

𝟎(9,1)
𝛿�̂�𝑘−1

]

+𝐊𝑘
(

�̃� −𝐇𝐱𝑘 − 0
)

(40)

It can be seen that the state perturbations of the previous time step 𝛿𝐱𝑘−1 are set equal to zero in the update. This is because
when the updated state perturbations 𝛿𝐱𝑘 and sensor biases 𝛿𝐮𝑘 have been fed back into the filter, the errors are assumed to be
8

removed. This is also the reason why the state perturbation estimates 𝐇𝐳𝑘 = 0.
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With the updated perturbation states, the current time step state vector 𝐱𝑘 can be corrected. The position and velocities are
corrected by adding the perturbations

�̂�𝑘 = 𝐩𝑘 + 𝛿𝐩𝑘 (41)

�̂�𝑘 = 𝐯𝑘 + 𝛿𝐯𝑘 (42)

The attitude is updated using Eq. (31) where the rotation matrix n
v𝐑(�̂�𝑘) is based on the current non-compensated attitude 𝐪𝑘.

The updated rotation matrix n
v𝐑(𝐪𝑘) can then be converted from direction cosine matrix into the updated quaternions

�̂�𝑘 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑞0
𝑞1
𝑞2
𝑞3

⎤

⎥

⎥

⎥

⎥

⎦

=

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝐑3,2−𝐑2,3
4𝑟

𝐑1,3−𝐑3,1
4𝑟

𝐑2,1−𝐑1,2
4𝑟
𝑟

⎤

⎥

⎥

⎥

⎥

⎥

⎦

𝑟 = 1
2

√

𝐑1,1 + 𝐑2,2 + 𝐑3,3

(43)

where 𝑅𝑖,𝑗 indicates the element of the rotation matrix corresponding to row 𝑖 and column 𝑗. Under certain conditions 𝐑1,1 +𝐑2,2 +
𝐑3,3 ≤ 0, causing problems when taking the square root and requiring a different formulation.

The final step is then to update the state covariance matrix

𝐏𝑘 =
(

𝐈15 −𝐊𝑘𝐇
)

𝐏𝑘 (44)

5.4. Filter measurements

The last consideration for the filter is the output matrix 𝐇 and measurement noise covariance matrix 𝐖. GNSS serves as the
primary filter update, used to correct the position estimates. By providing the positions directly no integration is necessary, making
it stable long term without drifting. The additional updates primarily serve as back-ups, during periods where GNSS signals are
unavailable. With the availability of the vehicle speed on the CAN-bus, correction of the longitudinal vehicle speed estimate can be
performed.

The motivation behind the vehicle motion model is to constrain the filter by considering the application, in this case a wheeled
vehicle. A simple motion model for such vehicle can be described by considering vehicle velocities. Under ideal conditions, a wheeled
vehicle will only move in the longitudinal direction of the vehicle frame. This means the motion in both the lateral and vertical
directions can be constrained, so called non-holonomic (NH) constraints. By doing so the filter accuracy can be improved, especially
when no other aids are available as it limits non-physical estimates.

However, these velocities will not be exactly zero. The vehicle can experience some side-slip, causing a small lateral velocity,
while suspension travel causes vertical movements. The constraints then have to be relaxed, in order for the filter to be more
accurate. The lateral and vertical speeds are thus considered as pseudo-measurements, affected by additive white noise

Based on these measurements and assuming all the updates are available, the observation equation in Eq. (38) can now be
expressed as

𝐲𝑘 =
⎡

⎢

⎢

⎢

⎣

𝐲(1)𝑘
𝑦(2)𝑘
𝐲(3)𝑘

⎤

⎥

⎥

⎥

⎦

=
⎡

⎢

⎢

⎣

n�̃�𝑘
v
(

�̃�𝑥
)

𝑘
v𝟎(2,1)

⎤

⎥

⎥

⎦

−𝐇𝐱𝑘 = 𝐇𝐳𝑘 +
⎡

⎢

⎢

⎣

𝐞(1)
𝑒(2)

𝐞(3)

⎤

⎥

⎥

⎦

(45)

where the top row (1) is related to the three GNSS positions, the middle row (2) to the CAN-bus vehicle speed, and the final row (3)
o the vehicle model non-holonomic constraints. Notice that the GNSS measurements are expressed in the navigation frame, with
he speeds in the vehicle frame. The measurement matrix 𝐇 is a 6 × 15 matrix, mapping the error-states to the outputs and can be
ritten as

𝐇 =
[

𝐈3 𝟎(3,3) 𝟎(3,9)
𝟎(3,3) v

n𝐑(𝐪𝑘) 𝟎(3,9)

]

(46)

here it can be seen that the position states are mapped onto themselves, as they are already expressed in the navigation frame
f the GNSS measurements, while the velocities are transformed from navigation to vehicle frame. Finally, the zero mean additive
hite measurement noise 𝐞 =

[

𝐞(1), 𝑒(2), 𝐞(3)
]T is described by the diagonal measurement covariance matrix

𝐖 = diag
([

𝜎2GPS,x, 𝜎
2
GPS,y, 𝜎

2
GPS,z, 𝜎

2
spd, 𝜎

2
NH,y, 𝜎

2
NH,z

])

(47)

ontaining the measurement variances. Depending on the measurement availability at a given sample, the relevant rows of the
bservation equation in (45) are extracted, along with the corresponding columns of the output matrix in Eq. (46) and elements in
he measurement covariance matrix in (47). A final addition to the fusion is the use of stationary vehicle updates. When the vehicle
s stationary, the measurement variances in Eq. (47) related to the non-holonomic constraints are greatly reduced, as speeds in both
9
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directions are far less likely. In this work, the CAN-bus vehicle speed is simply used to determine if the vehicle is stationary. The
sensor fusion is summarized in Algorithm 1.
Algorithm 1: Error-state extended Kalman filter state estimation with GNSS/CAN-bus/vehicle model filter measurement updates
x0 ← Initialize states
𝛿u0 ← Initialize sensor biases
P ← Initialize Kalman filter state covariances
H ← Initialize output matrix
R ← Initialize measurement covariance matrix
h ← Initialize measurement index vector

while True do
û𝑘−1 = u𝑘−1 + 𝛿u𝑘−1 ← Calibrate sensors
a𝑘−1 = 𝑓

(

s𝑘−1,q𝑘−1
)

← Compensate accelerometers for gravity
p𝑘 = 𝑓

(

p𝑘−1,v𝑘−1, a𝑘−1
)

← Position predictions
v𝑘 = 𝑓

(

v𝑘−1, a𝑘−1
)

← Velocity predictions
q𝑘 = 𝑓

(

q𝑘−1,𝝎𝑘−1
)

← Attitude predictions
P = FPFT + GQ𝑐GT ← Update state covariance matrix

if GNSS available then
h ← Modify measurement index vector

end
if CAN-bus available then

h ← Modify measurement index vector
end
H[h, ∶], y[h], W[h, ∶][∶,h] ← Set measurement availability

K = PHT
(

HPHT +W
)-1

← Kalman filter gain
P =

(

I15,15 − KH
)

P ← Update state covariance matrix
e𝑘 =

(

y𝑘 −Hx𝑘
)

← Error
[

𝛿x𝑘
𝛿u𝑘

]

=
[

09,1
𝛿u𝑘−1

]

+ Ke𝑘 ← Perturbation state

p𝑘 = p𝑘 + 𝛿p𝑘 ← Position update
v𝑘 = v𝑘 + 𝛿v𝑘 ← Velocity update
n
vR(q𝑘) =

(

I3 − S(𝝐)
) n

vR(q̂𝑘) ← Attitude update
q𝑘 = AsQuat

(n
vR(q𝑘)

)

← Convert attitude from Euler angles to quaternions

k = k + 1
end

6. Engine torque and model parameter estimation

6.1. Longitudinal dynamics model parameters

The engine torque is estimated using the calculated engine load parameter from the vehicle OBD-II. This is motivated by the
efinition of the OBD-II PID $04 ‘‘engine load’’. Citing the description of PID $04 from the SAE J1979 standard [7]:

Characteristics of LOAD_PCT:

• Reaches 100% at WOT/Wide Open Pedal at any altitude, temperature or rpm for both naturally aspirated and boosted engines.

• Indicates percent of peak available torque during normal, fault-free conditions.

• For spark ignition engines, linearly correlated with engine vacuum at MBT spark and stoichiometry. Note that hybrid engine controls can
independently control torque.

• Compression-ignition engines (diesels) shall support this PID using torque.

Both spark-ignition and compression-ignition engines shall support PID $04. See PID $43 for an additional definition of engine LOAD.
Citation from [7, p. 119]

From the description, the engine load parameter should always be available for both petrol and diesel engines, able to provide
n indication of the engine torque for both fuel types. However, as it only provides an indication of the percentage of peak available
orque, it is necessary to convert it to an actual torque value. The peak available torque will typically be a function of the engine
peed, rather than simply being a constant value. This means the engine torque needs to be fitted against both engine load and
10

peed.



Mechanical Systems and Signal Processing 171 (2022) 108925K.M. Jensen et al.

k
T
e
t
b

a
T

r
o
a
d

r
c
e
t
e

For this, it is proposed to use the longitudinal dynamics model in Eq. (3) to estimate the engine torque using drive data with a
nown vehicle mass. At the same time, by using the longitudinal dynamics model, it is also proposed to fit the model parameters.
he motivation behind this is that since the engine load is correlated with engine torque, it should also be correlated with the torque
stimated using Eq. (3). It is thus attempted to find the set of parameters, which result in the best fit of engine torque calculated from
he longitudinal dynamics model, with engine load and speed from the vehicle OBD-II as parameters. Assuming a linear relation
etween the engine load and engine torque, along with engine speed up to (𝑛 − 1)’th order depending on the complexity of the

torque curve, the procedure can be summarized as

minimize
𝐰,𝐶𝑎 ,𝐶𝑟 ,𝐼𝑒 ,𝐼𝑤

𝑡𝑓
∑

𝑡=0

[

𝑇load(𝐰, 𝐿,𝑁𝑒, 𝑡) − 𝑇𝑒(𝐶𝑎, 𝐶𝑟, 𝐼𝑒, 𝐼𝑤, 𝑡)
]2 (48)

where the engine load regression expression 𝑇load is

𝑇load(𝐰, 𝐿,𝑁𝑒, 𝑡) = 𝑤0 +𝑤1𝐿(𝑡) +𝑤2𝑁𝑒(𝑡) +⋯ +𝑤𝑛𝑁𝑛−1
𝑒 (𝑡) (49)

with 𝐿 being the engine load, 𝐰 =
[

𝑤0, 𝑤1,… , 𝑤𝑛
]T the regression coefficients, and 𝐶𝑎, 𝐶𝑟, 𝐼𝑒, and 𝐼𝑤 the optimization parameters of

the longitudinal dynamics model engine torque 𝑇𝑒. It should be noted that by using this method, the drivetrain efficiency 𝜂𝑑𝑡 of the
longitudinal dynamics model is set equal to one, as it will be implicitly included in the torque fit. Attempting to fit this parameter
along with the torque, would simply result in an infinite number of solutions. Thus the proposed method reduces the number of
model parameters by one, but this also means the estimated engine torque will be underestimated, due to the implicitly included
drivetrain losses.

The optimization can be carried out using a grid search for the longitudinal dynamics model parameters, applying linear
regression for every combination. By applying this procedure, the vehicle mass estimation problem is split into two phases: training
and operational. In the training phase, the vehicle mass is assumed to be known and Eq. (48) is used to fit the engine torque
function and model parameters. This can be carried out in post processing. In the operational phase, the estimated torque fit and
model parameters are used to estimate the vehicle mass in real-time.

6.2. Gear ratio estimation

While the effective gearing in Eq. (10) can be calculated directly from the ratios between engine and vehicle speeds, the estimates
will fluctuate due to noise in the input signals. It is instead preferable to use Eq. (11) to predict the current gear and estimate the
piecewise constant gearing ratios. This however requires knowledge of the transmission and differential gearing ratios 𝑖𝑡,𝑗 and 𝑖𝑑 ,
s well as the outer tire radius 𝑟. The tire radius can be estimated from the tire specifications typically written on the tire sidewall.
he effective tire radius will however be slightly smaller, due to both static and dynamic loads.

For some vehicles, it is possible to find the transmission and differential gearing ratios e.g., from online sources. Instead of
elying on their availability, they can also be estimated from engine and vehicle speeds. This does however not allow for separation
f transmission and differential gearing ratios, but this is not of significance. As opposed to real-time estimation where the ratios
re estimated at each sample, more accurate estimates can be obtained by using a greater number of sample e.g., from a full test
rive. The ratios can then be estimated from the full drive data and stored for future use.

The simplest method would be to plot the engine speeds against vehicle speeds and then manually approximating the gearing
atios as the slopes of the lines passing through each cluster of samples. This is because for most automotive transmissions, except
ontinuously variable transmissions, the samples will lie on a number of straight lines corresponding to each gearing ratio. Manually
stimating the slopes can however be prone to errors and mistakes e.g., if there is a very large number of samples clustered closely
ogether. An alternative method could be to count the number of samples contained within different ranges of ratios between the
ngine and vehicle speeds

𝑁𝑖 =
𝑁tot
∑

𝑗=1
𝑥𝑗 , 𝑥𝑗 =

{

1 if (1 −𝑤)𝐺𝑖 ≤
𝜋
30

𝑁𝑒,𝑗
v �̇�𝑗

≤ (1 +𝑤)𝐺𝑖
0 otherwise

, 𝐺low ≤ 𝐺𝑖 ≤ 𝐺upp (50)

where 𝑁tot is the total number of samples and 𝑁𝑖 the number of samples contained in the interval
[

(1 −𝑤)𝐺𝑖, (1 +𝑤)𝐺𝑖
]

with 𝑤
being the interval width and 𝐺𝑖 the current gearing ratio in the interval

[

𝐺low, 𝐺upp
]

. Note that instead of using intervals of constant
width, the width increases with increasing ratios, as the spread in the samples also increases with the ratios. Having determined the
distribution of samples, large densities should appear at the ratios corresponding to the gearing ratios. The peaks of these densities
can then be found, either manually or using a peak detection algorithm.

7. Results with experimental data

7.1. Data acquisition and processing

Validation was carried out experimentally using a typical modern medium sized passenger car, similar to that used by Jensen
et al. [8]. The car was a 2018 Audi A4, with a 2.0 litre turbocharged petrol engine and 7-speed dual clutch automatic transmission,
driving the front wheels. Relevant vehicle parameters are listed in Table 1. Note that the vehicle mass was obtained by weighing
11

the car. The data was sampled using a sensor unit mounted rigidly in the trunk of the car. It was attempted mounted such that IMU
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Table 1
Vehicle specific parameters [22].

Parameter Symbol Value Unit

Vehicle massa 𝑚 1,580 kg
Engine idle speed 𝑁e,min 850 RPM
Engine max. speed 𝑁e,max 6,200 RPM
Engine max. power 𝑃eng,max 142 kW
Engine max. torque 𝑇eng,max 320 Nm
Engine displacement 𝑉𝑑 1,984 cm3

Outer tire radius 𝑟 0.319 m
Final drive ratio 𝑖𝑑 4.234 –

Parameter Symbol Value Unit

Reverse gear ratio 𝑖𝑡,𝑟 2.750 –
1. gear ratio 𝑖𝑡,1 3.188 –
2. gear ratio 𝑖𝑡,2 2.190 –
3. gear ratio 𝑖𝑡,3 1.517 –
4. gear ratio 𝑖𝑡,4 1.057 –
5. gear ratio 𝑖𝑡,5 0.738 –
6. gear ratio 𝑖𝑡,6 0.557 –
7. gear ratio 𝑖𝑡,7 0.433 –

aWeighed on scales with driver and full tank of petrol.

Table 2
Sensor fusion filter initial state covariance matrix 𝐏0 values for
Eq. (35).
Description Symbol Value Unit

Position (x, y, z) 𝜎𝑃pos 2 m
Speed (x, y, z) 𝜎𝑃spd 0.5 m/s

Attitude (pitch, roll, yaw) 𝜎𝑃atti [5, 5, 10] ⋅10−3 rad
Accelerometer bias (x, y, z) 𝜎𝑃acc,bias 0.005 m/s2

Gyroscope bias (x, y, z) 𝜎𝑃gyr,bias 0.0008 rad/s

and vehicle reference frames were aligned. Misalignments in the roll and pitch angles were compensated for by parking the car on
a flat surface and using the accelerometer to measure the gravity vector.

The sensor unit includes a 6-axis MEMS IMU, a GNSS module, vehicle OBD connectivity, as well as a microprocessor. IMU data
as sampled at 200 Hz, CAN-bus data at 4 Hz, and GNSS data at 1 Hz. IMU data, CAN-bus vehicle speeds, and GNSS positions were

used to estimate the vehicle states. Following the sensor fusion, the vehicle angular velocities and accelerations were low-pass
iltered using a linearly weighted moving average filter with 25 samples i.e., 0.125 s of data. The sensor fusion filter was initialized
ith positions and velocities of zero, while initial roll and pitch were estimated using the accelerometer with the vehicle stationary.

nitial yaw angle was estimated using GNSS position data from the first two samples after the vehicle started moving. Accelerometer
ias was initialized as zero, while gyroscope bias was initialized using the average values across 200 samples for a stationary vehicle.
he sensor fusion filter initial state covariances, as well as process and measurement noise covariances are shown in Tables 2 and
. The state covariances were chosen based on converged values after a test drive. Process noises were based on IMU data, while
he measurement noise of the non-holonomic constraints were chosen manually based on filter performance. Estimation of torque
nd mass from the longitudinal dynamics was only performed for samples where the vehicle acceleration was greater than 0 m/s2,

to avoid estimates during braking.
Data for the mass estimation was obtained from drives on a predetermined test route with a length of approximately 85 km.

More details on the test route can be found in Fig. A.1 of Appendix A. A total of 18 drives were carried out over four days. An
overview of the test drives is shown in Table B.1 of Appendix B. On the first day, three reference drives were carried out to serve as
baselines. Additionally, on each following day one additional reference drive was carried out. The reference drives seek to represent
the vehicle in standard configuration i.e., unloaded vehicle mass, nominal tire pressures, and closed windows. On the second day,
four drives with additional load were performed, using metal weight plates placed on the floor in the cabin and in the trunk. On the
third day tire pressures were varied, which should affect the rolling resistance. On the fourth day drives were carried out with one
and two of the front windows open respectively, which should affect the aerodynamic drag. The drives were chosen to represent
conditions that are likely during daily driving, to investigate the effect on the mass estimation model.

To illustrate typical data from the test drives, Fig. 4 shows a scatter matrix of some of the attributes sampled during test drive 1.
The diagonal plots show kernel density estimates. Note that the torque was calculated from the OBD-II intake mass air flow (MAF)
rate parameter 𝑄𝑎 as

𝑇MAF = 𝜂eng𝑄𝑎𝐻𝑓FA 30 (51)
12
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Table 3
Sensor fusion filter process noise covariance matrix 𝐐 values for
Eq. (36) (left) and sensor fusion filter measurement noise matrix
𝐖 values for Eq. (47) (right).

Description Symbol Value Unit

Accel. (x, y, z) 𝜎𝑄acc 0.03 m/s2

Gyro. (x, y, z) 𝜎𝑄gyr 10−5 rad/s
Accel. bias (x, y, z) 𝜎𝑄acc,bias 10−3 m/s2

Gyro. bias (x, y, z) 𝜎𝑄gyr,bias 10−6 rad/s

Description Symbol Value Unit

GNSS position (x, y, z) 𝜎𝑊GPS [2, 2, 5] m
CAN-bus veh. spd. (x) 𝜎𝑊spd 0.5 m/s

Lateral NH constr. (y) 𝜎𝑊NH,y 5 m/s

Vertical NH constr. (z) 𝜎𝑊NH,z 15 m/s

with engine efficiency 𝜂eng = 0.33, fuel heating value 𝐻𝑓 = 45 MJ/kg and fuel–air ratio FA from OBD-II exhaust air–fuel equivalence
ratio with fuel stoichiometric ratio of 14.7.

A few notable observations can be made from Fig. 4. (I) The relationship between engine and vehicle speeds can be seen to follow
a number of inclined lines, corresponding to the different gears. (II) The road grade is centered around 0 degrees indicating that
there is no significant offset in the estimate, considering that the test route is mostly symmetric i.e., driving both directions on most
of the roads. (III) The vehicle speed can be seen to have four peaks, with the first simply representing the stationary vehicle samples.
The three other peaks are a result of the test route consisting of a mix of city, country roads, and highway, with typical speed limits
of 50, 80, and 110 km/h. Finally, (IV) a linear correlation between the engine torque and load can clearly be observed. (V) The
engine load does however not appear to span the range of 0%–100%, instead seeming to peak at around 35%. (VI) During the test
drives the throttle pedal was fully pressed multiple times, such that maximum load should have been achieved. It can be observed
that the throttle position never reaches 100%, even though the pedal has been fully pressed. The throttle position OBD-II parameter
is related to the intake throttle body opening. Even if the throttle pedal is pushed down completely, this might not correspond to
a 100% opening of the throttle body. The vehicle manufacturer might also simply have calibrated the sensor such that wide open
throttle is achieved with a throttle position of around 90%. No further investigation of why the engine load tops out at 35% has
been carried out.

For the parameter estimation, a separate drive was performed on parts of the same route. The reason for this is that the drives for
the mass estimation were carried out with the intent of representing daily driving behavior. The drive for the parameter estimation
was shorter, approximately 60 min, but with a focus on obtaining data for different engine loads and high engine speeds, as well
as in every gear. The mass estimation drives do not provide sufficient data for first gear or higher engine speeds, restricting the
operational range of the fitted torque curve. Validation of the road grade estimates were also carried out with separate drive data.

7.2. Road gradient

The road gradient is estimated from the vehicle pitch angle from the sensor fusion. Due to the defined vehicle reference frame, the
sign of the road gradient is opposite to the vehicle pitch angle. Validation of the road gradient estimation was performed similarly
to Jensen et al. [8]. Due to difficulties of obtaining accurate road grade data for the test route, a separate route dedicated to the
road gradient estimation was used. The route was approximately 600 m long, mostly flat and straight, but with two inclines and two
90 degree turns. Road grades (pitch) were obtained using an accelerometer to measure the gravity vector. Fig. 5 shows estimated
vehicle pitch angles against the reference measurements.

Three test runs were performed: run 1 and 3 with low accelerations i.e., almost constant speed, while run 2 had significant
accelerations from repeated acceleration and braking. The angles can be seen to match the reference very well. The increase in
estimates before the second incline is likely from the pitching during braking, as the incline lies after a turn. Similarly during run 2
with high accelerations, the pitch angle fluctuates slightly, caused by the dynamic pitching angle during acceleration and braking.
More accurate grade estimates would require compensation of dynamic pitching, which will not be considered further in this work.

7.3. Engine torque and model parameter estimation

Estimated gearing ratios using the proposed method are shown in Fig. 6 based on the data in Fig. 7 using Eq. (50). The values
of the gearing ratios are listed in Table 4. As previously mentioned, due to the lack of first gear data, the gear ratio estimation was
performed using data specifically for the parameter estimation. The peaks were determined using the signal.find_peaks function of
the Python SciPy library. It can be seen that the estimates match the specifications very well for all gears. Even in the higher gears
where a lot of samples are clustered, the method is able to clearly detect the gears.

For the estimation of the longitudinal dynamics model parameters, Eq. (48) was applied by looping over the parameters in
Table 5. The parameter intervals were chosen such that they should cover the extremes of what is expected for typical passenger
13
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Fig. 4. Scatter matrix of select attributes during test drive 1. Torque estimated from intake mass air flow (MAF) rate using Eq. (51). The diagonal plots show
kernel density estimates of the attributes. Roman numerals are used for references in the text.

Fig. 5. Comparison of pitch angles from reference measurements against estimates from drives with low accelerations (run 1 and 3) and high accelerations (run
2).
14
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Fig. 6. Distribution of ratios between engine and vehicle speeds (gearing ratios) of Fig. 7 using Eq. (50) with interval width of 𝑤 = 0.02. Also shows gearing
ratios from Eq. (10) using specifications from Table 1.

Fig. 7. Engine speeds plotted against vehicle speeds and gearing ratios from Eq. (10) using specifications from Table 1. Samples at idle engine speed and zero
vehicle speed were excluded.

Table 4
Comparison of gearing ratios from specifications and estimates shown in Fig. 6.
Gear 1 2 3 4 5 6 7

Specifications 406.0 1
𝑚

278.9 1
𝑚

193.2 1
𝑚

134.6 1
𝑚

94.0 1
𝑚

70.9 1
𝑚

55.1 1
𝑚

Estimates 410.0 1
𝑚

282.0 1
𝑚

194.0 1
𝑚

135.0 1
𝑚

94.0 1
𝑚

71.0 1
𝑚

55.0 1
𝑚

cars. Rolling resistance coefficient of 0.01 is typical for passenger cars, depending primarily on road surface, tire pressure, and vehicle
speed [23]. Drag coefficients are typically around 0.3, with online sources stating a value of 0.27 for the Audi test vehicle [22].
Frontal area can be approximated based on vehicle width and height, with 2.2 m2 stated online for the Audi. Mrdja et al. [24]
considered estimation of engine mass moment of inertia (MOI) using two methods as well as from CAD models. Using a smaller 1.4
L 4-cylinder petrol engine, the mass MOI was reported to be around 0.13 kgm2. Finally, rough estimates of the wheel mass MOI
can be made from wheel and tire dimensions.

The estimated parameters are listed in Table 6, with the fitted torque shown in Fig. 8a along side the observations from the test
drive used for the fit. Engine speed was included up to second order, as the test vehicle appears to have a very flat torque curve. The
estimated vehicle model parameters can be seen to be close to the expected values mentioned above. The torque fit also appears to
fit very well to the engine load and speed data, with a 𝑅2 value of 0.97. In Fig. 8b the fitted torque regression function is shown
along with data from drives 4–8 with varying vehicle loads, also using the parameters from Table 6. It can be seen that even though
the torque curve and model parameters were estimated from data with only the unloaded vehicle, the torque also fits very well to
the data with varying vehicle loads. It can also be observed that most samples are at low engine speeds, with the data from the
mass estimation drives not having any samples at high engine speeds and low engine loads. This was the reason for the separate
drive for the parameter estimation, allowing for greater coverage of the torque curve.

Finally, in Fig. 9 the torque calculated from the longitudinal dynamics model is compared with the fitted torque, as well as
torque from intake MAF. Very good agreements can be seen, with the torque from MAF being slightly higher. This is expected as
the torque from the fit and longitudinal dynamics should underestimate the torque, due to the implicit inclusion of the drivetrain
efficiency. It should be noted that the torque from MAF depends on the engine efficiency 𝜂eng, which was simply selected such that
the maximum torque would be around the specified of 320 Nm.
15
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Table 5
Parameter grid for optimization of longitudinal dynamics engine torque.
Parameter Symbol Unit Lower limit Upper limit Step

Prod. of drag coef. and frontal area 𝐶𝑑𝐴0 [m2] 0.30 1.00 0.05
Rolling resistance coefficient 𝐶𝑟 [–] 0.002 0.030 0.002
Engine mass moment of inertia 𝐼𝑒 [kgm2] 0.02 1.00 0.02
Wheels mass moment of inertia 𝐼𝑤 [kgm2] 2.0 12.0 1.0

Table 6
Fitted model parameters and regression coefficients.
𝐶𝑑𝐴0 𝐶𝑟 𝐼𝑒 𝐼𝑤 𝑤0 𝑤1 𝑤2 𝑤3 𝑅2

0.70 m2 0.008 0.14 kgm2 7.0 kgm2 −17.85 N 9.64 2.50 ⋅ 10−3 1
RPM −1.44 ⋅ 10−6 1

RPM2 0.972

Fig. 8. Comparison of engine torque from longitudinal dynamics and regression function 𝑇load against CAN-bus OBD-II calculated engine load and engine speed
using estimated parameters from Table 6. (a) data from parameter estimation test drive and (b) data from drives 4–8 with varying vehicle load.

Fig. 9. Comparison of engine torque estimated from longitudinal dynamics with known vehicle mass and parameters from Table 6, from engine load using
regression coefficients in Table 6, and from intake mass air flow using Eq. (51).

7.4. Mass estimation

Considering the mass estimation and the associated drives, all the following mass estimates were obtained using the model
parameters and torque regression coefficients in Table 6. Additionally, unless stated otherwise, a forgetting factor of 𝜆 = 0.9995 in
Eq. (7) has been used.

Fig. 10 show a comparison of estimated pitch angles for test drives 1–3. For easier comparability the data is plotted against the
distance traveled, with the background shading used to distinguish city, country road, and highway driving. The distances were
16
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Fig. 10. Estimated vehicle pitch angles for test drives 1–3.

Fig. 11. Estimated vehicle masses for test drives 1–3 with unloaded vehicle.

obtained from position estimates from the sensor fusion. It can be seen that the estimates from the three drives appear to agree very
well. At around 41–45 km at approximately the middle of the test route, the vehicle first drives up and down the same hills in both
directions. For both directions the peak pitch angle is approximately ±3 degrees, indicating that the pitch angle estimate does not
have a significant bias. Due to dynamic pitching of the vehicle during acceleration and braking, some discrepancies are however
expected.

In Fig. 11 the estimated masses for drives 1–3 are shown. The estimates generally appear to be within ±5% of the true mass of
1580 kg, except in the beginning of drive 1 at around 10 km, where this boundary is briefly exceeded. A possible reason for this
will be discussed later. Otherwise, the estimates for each drive seem to be very similar.

Considering the drives with additional vehicle loads, Fig. 12 shows the estimated masses for the five drives. The mass estimation
model can be seen to be able to detect the changes in vehicle mass, for both the 125 kg and 240 kg additional load cases. It
does however appear that the mass estimates reduce on the first highway pass, while they remain relatively constant on the other
pass. This asymmetry created a suspicion that the ambient wind was causing this effect on the mass estimates. Because of the
aerodynamic drag depending on the squared speed, the effect of a headwind will have a greater effect than a tailwind of similar
magnitude. Driving with a significant headwind means the model will underestimate the aerodynamic drag, while the produced
engine torque will be higher, resulting in an overestimation of the vehicle mass. Wind data for all days where drives were carried
out is shown in Appendix C. For the load drives on the second day (2021-03-05), the wind can be seen to increase during the time
frame of the drives between 12:00 and 18:00, with average wind speeds of 5 m/s from a direction of 320 degrees. The first pass on
the highway is primarily with a south heading i.e., with a tailwind. This is in agreement with the mass estimates reducing during
the first highway pass.

With the forgetting factor 𝜆 of the RLS filter acting as a smoothing parameter, too high of a value might restrict the model from
detecting changes in mass. To investigate this, Fig. 13 shows a plot of the estimated mass obtained by putting the data of the five
load drives sequentially, for three values of forgetting factors. It can be observed how with a value of 𝜆 = 0.9999, the mass estimates
converge very slowly when the load changes. As expected with the lower value of 0.998, the estimates fluctuate greatly. The chosen
value of 𝜆 = 0.9995 then appears to present a good compromise between smoothing and sensitivity.

One important note regarding these results with varying vehicle load is that they have been obtained using model parameters
fitted to data for only the unloaded vehicle. This means the model parameters and torque regression coefficients have not simply
overfitted to the specific unloaded case only. This is important as it then appears that the training phase where the parameter
estimation is performed, can be carried out considering only a single vehicle load.

For the drives with varying tire pressures, Fig. 14, and windows openings, Fig. 15, there does not appear to be any significant
changes to the estimated masses when compared to the reference drives. The drives with the window openings seem to have the
17



Mechanical Systems and Signal Processing 171 (2022) 108925K.M. Jensen et al.
Fig. 12. Estimated vehicle masses for test drives 4–8 with varying loads.

Fig. 13. Comparison of estimated vehicle masses for test drives 4–8 sequentially with varying loads and with varying RLS filter forgetting factor 𝜆 of 0.998,
0.9995, and 0.9999.

Fig. 14. Estimated vehicle mass for test drives 9–13 with varying tire pressures.

mass estimates go up on the first pass on the highway, while the mass reduces on the second pass. This is also assumed to be caused
by the ambient wind. The wind data in Appendix C confirms that an increasing wind speed was present on the day during the
drives, with a direction of 150 degrees. Very high wind speeds were present during the tire drives, but the mass estimates can be
seen to remain relatively flat. It is believed that this is because of the wind direction being 270 degrees i.e., primarily side wind on
the highway where the wind should have the greatest influence.

7.5. Investigation of ambient wind effect

To further investigate the effect of the ambient wind on the mass estimates, two additional drives were performed. The drives
were carried out on only the highway part of the mass estimation test route, initially driving north and then south. Three north–south
trips were performed for each of the two drives. The first trip with a constant speed of 110 km/h, the second with constant 120
km/h, and the last with varying speeds from 100–120 km/h. The first drive was done on a day with very high winds, with the other
on a day with very low winds. Wind data for the two drives are shown in Appendix C. Fig. 16 shows the resulting estimated masses
for the two drives. The estimated masses clearly show a very significant difference between the drives under the two conditions. With
18
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Fig. 15. Estimated vehicle mass for test drives 16–20 with varying window openings.

Fig. 16. Comparison of estimated vehicle mass for drives on highway under high wind (direction approximately 320 degrees) and low wind (direction approx.
90 degrees) conditions. First two passes with constant speed of 110 km/h, followed by two with 120 km/h, and finally two with speeds between 100–120 km/h.

the high speeds and north heading causing a heavy headwind, the vehicle mass is greatly overestimated. Changing direction and
going south then causes the mass to decrease. However, for the drive in low wind conditions, the mass does not show significant
dependency on the drive direction. As such, it would appear that for accurate mass estimations, the ambient wind needs to be
considered in the model. This can however prove difficult, due to the stochastic nature of the wind, having greatly varying wind
speeds and directions.

7.6. Mass estimation sensitivity

As a final investigation the sensitivity of the estimated mass to perturbations of some of the longitudinal dynamics model
parameters has been considered. Figs. 17–19 show estimated masses for drive 6 for vehicle with 240 kg additional load, with
varying wind speed, product of frontal area and drag coefficient, and rolling resistance coefficient respectively. The wind speed was
simply added to the vehicle speed in the aerodynamic drag term, by projecting it onto the vehicle heading using a wind direction
of 320 degrees and the estimated vehicle heading from the sensor fusion. The plot shows how even a small constant wind term
can have a very significant effect on the estimated mass on the highway. It appears that with a wind speed of 3 m/s, the estimate
improves slightly by reducing fluctuations otherwise seen at highway speeds.

Considering the sensitivity to window openings, Buscariolo et al. [25] carried out an investigation of the effect of window
openings on the drag coefficient using simulations. Different window opening configurations were investigated, resulting in changes
in drag coefficient of around 0.02 or around 5% for most configurations. In Fig. 18 perturbations of the product of drag coefficient
and frontal area of ± 15% were applied. Such changes are noticeable at highway speeds, but assuming the true change to be closer
to 5%, it is possible that the model is not sensitive to the window openings, considering other sources of variation in the model.

Regarding the tire pressure and rolling resistance, based on empirical expressions in the books by Gilliespie and Reza [23,26],
the rolling resistance coefficient is expected to be more sensitive to a reduction in tire pressure than a corresponding increase. The
effect of tire pressure on the rolling resistance also increases with vehicle speed. The nominal pressure of the test vehicle is 2.3 bar
in the front and 2.0 bar at the rear. With a change of tire pressure of approximately 0.5 bar, corresponding to 20%–25% of the
nominal, the empirical expressions result in change in rolling resistance coefficient of 25%–50%. In Fig. 19, a change of ±50% for
the rolling resistance coefficient was applied to the mass estimates. Such changes can clearly be seen to be significant on the mass
and even if the true variation with tire pressure was smaller, it would likely still be observable on the mass estimates.
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Fig. 17. Estimated vehicle mass for drive 6 with perturbed wind speed (direction 320 degrees).

Fig. 18. Estimated vehicle mass for drive 6 with perturbed product of frontal area and drag. coef.

Fig. 19. Estimated vehicle mass for drive 6 with perturbed rolling resistance coefficient.

8. Conclusion

The problem of real-time mass estimation of ground vehicles along with model parameter estimation based on vehicle
longitudinal dynamics has been investigated. Data from a 6-axis IMU, GNSS positions, as well as vehicle speed data was processed
to provide vehicle state estimation aided by a Kalman filter based sensor fusion. Road grades were approximated from the vehicle
pitch angle provided by the sensor fusion. The road grades were validated experimentally, showing very good agreements with
maximum errors of less than 1 degree. The road grade estimate is however subject to the dynamic vehicle pitching motion during
braking and acceleration.

A two-phase approach was proposed for the mass estimation. The initial phase uses data from a drive with known vehicle mass to
estimate model parameters and an engine torque regression function. The second phase uses the estimated parameters to estimate
the mass. Validation was experimentally carried out using a modern petrol powered car. For the mass estimation, data from 18
test drives on a predetermined route was used. Parameter estimation was performed using data from a separate drive, as the mass
estimation drives did not contain sufficient data at higher engine speeds to provide for a full map of the engine torque.
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Fig. A.1. Test drive route. Generated using Google Earth Pro.

Table B.1
Overview of test drives.
Drive Date Type Odo. T. start T. end Temp. Note

01 2021–03–03 Reference 84 km 14:40 15:58 3 ◦C Full tank of petrol
02 2021–03–03 Reference 83 km 16:05 17:20 4 ◦C –
03 2021–03–03 Reference 84 km 17:27 18:41 3 ◦C Refill 16.94 L of petrol

04 2021–03–05 Reference 84 km 10:33 11:45 4 ◦C Full tank of petrol
05 2021–03–05 +125 kg load 83 km 11:55 13:06 4 ◦C –
06 2021–03–05 +125 kg load 84 km 13:34 14:48 4 ◦C –
07 2021–03–05 +240 kg load 84 km 14:57 16:11 4 ◦C –
08 2021–03–05 +240 kg load 84 km 16:35 17:46 4 ◦C Refill 29.21 L of petrol

09 2021–03–03 +0.5 bar tire pres. 83 km 11:34 12:47 5 ◦C Full tank of petrol
10 2021–03–06 +0.5 bar tire pres. 84 km 12:50 14:01 6 ◦C –
11 2021–03–06 −0.5 bar tire pres. 85 km 14:44 15:59 6 ◦C –
12 2021–03–06 −0.5 bar tire pres. 84 km 16:00 17:11 6 ◦C –
13 2021–03–06 Reference 83 km 17:33 18:43 6 ◦C Refill 28.52 L of petrol

14 2021–03–10 Reference 84 km 10:02 11:13 3 ◦C Full tank of petrol
15 2021–03–10 One window open 83 km 11:18 12:31 3 ◦C –
16 2021–03–10 One window open 84 km 12:36 13:45 3 ◦C –
17 2021–03–10 Two windows open 83 km 14:12 15:24 3 ◦C –
18 2021–03–10 Two windows open 84 km 15:30 16:41 3 ◦C Refill 28.82 L of petrol

The parameter estimation was separated into two parts: gearing ratios and longitudinal dynamics model parameters. The gearing
ratios were estimated from the distribution of ratios between engine and vehicle speeds during a drive. From the distribution, distinct
peaks appear at the ratios corresponding to each gear. All seven gearing ratios were estimated within 2% of the actual. Longitudinal
dynamics model parameters were simultaneously estimated with the engine torque regression. Assuming the engine load OBD-II
parameter to be linearly correlated with the engine torque, the model parameters were fitted to provide the best linear fit between
engine torque calculated from longitudinal dynamics and from engine load. The estimated model parameters appear to be in good
agreement with values from the literature. The engine torque from the proposed regression method shows good agreements with
engine torque estimated from intake mass air flow (MAF). The method is however expected to underestimate the engine torque, as
21



Mechanical Systems and Signal Processing 171 (2022) 108925K.M. Jensen et al.
Fig. C.1. Wind data for March 3 2021 (day 1 reference drives) at Hørsholm (located approximately at the center of the test route) showing hourly data for
average wind speed, highest 10 min average, highest wind blow, as well as direction. From Danish Meteorological Institute. Drives carried out from 14:40–18:41.

Fig. C.2. Wind data for March 5 2021 (day 2 load drives) at Hørsholm (located approximately at the center of the test route) showing hourly data for average
wind speed, highest 10 min average, highest wind blow, as well as direction. From Danish Meteorological Institute. Drives carried out from 10:33–17:46.

drivetrain losses are neglected, such that they are implicitly included in the estimated torque. Unlike the MAF method, the proposed
torque estimation should also be applicable to diesel engines. This was however not considered in this work.

A recursive least squares filter with exponential forgetting was used to estimate the mass, with estimates generally within ±
5% of the actual mass. Even though parameters and torque were fitted to data from a drive with only an unloaded vehicle, it was
still possible for the model to clearly detect the changes in mass during the drives with varying loads. The mass estimates did not
appear sensitive to varying tire pressures or window openings. By perturbing the model parameters using expected values from the
literature, it would however also appear that the opening of the windows might not have enough of an effect to be noticeable at
the considered vehicle speeds. The effect of the varying tire pressure should however likely have been noticeable, especially for
the lower pressure. However, it became apparent that ambient winds have a significant effect on the mass estimates, especially
at higher vehicle speeds on the highway. For real-world applications of the proposed mass estimator, it might not be necessary to
22



Mechanical Systems and Signal Processing 171 (2022) 108925K.M. Jensen et al.
Fig. C.3. Wind data for March 6 2021 (day 3 tire pressure drives) at Hørsholm (located approximately at the center of the test route) showing hourly data for
average wind speed, highest 10 min average, highest wind blow, as well as direction. From Danish Meteorological Institute. Drives carried out from 11:34–18:43.

Fig. C.4. Wind data for March 10 2021 (day 4 window opening drives) at Hørsholm (located approximately at the center of the test route) showing hourly
data for average wind speed, highest 10 min average, highest wind blow, as well as direction. From Danish Meteorological Institute. Drives carried out from
10:02–17:53.

constantly estimate the mass, as it should not vary significantly while the vehicle is moving. It might then be sufficient to consider
only some data after a vehicle starts moving e.g., by considering some statistical properties to determine a certain confidence in the
mass estimate. This could help negate the effect of the ambient winds at higher speeds, by not having to estimate the mass at all
times.

Regarding future aspects, compensation of the ambient wind should be instigated, as it should be able to significantly improve
the mass estimates, especially in higher wind conditions. Additionally, while the proposed torque estimation method should be
applicable in theory, it needs to be investigated using data from a diesel vehicle. Compensation of the dynamic pitching motion of
the vehicle could also be investigated, for improving the road grade estimate.
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Fig. C.5. Wind data for April 22 2021 (highway drive in high wind) at Hørsholm (located approximately at the center of the test route) showing hourly data for
average wind speed, highest 10 min average, highest wind blow, as well as direction. From Danish Meteorological Institute. Drive carried out from 10:18–12:03.

Fig. C.6. Wind data for April 28 2021 (highway drive in low wind) at Hørsholm (located approximately at the center of the test route) showing hourly data for
average wind speed, highest 10 min average, highest wind blow, as well as direction. From Danish Meteorological Institute. Drive carried out from 10:30–12:15.
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Fig. C.7. Wind data for May 17 2021 (parameters estimation drive with high engine speeds) at Hørsholm (located approximately at the center of the test route)
showing hourly data for average wind speed, highest 10 min average, highest wind blow, as well as direction. From Danish Meteorological Institute. Drive
carried out from 10:24–11:21.

Appendix A. Test route

The test route was chosen to include a mix of different road types, here labeled as city roads, country roads, and highway. It was
also chosen to include parts with considerable inclinations. The primary difference between the road types is the vehicle speed. For
the considered route, city roads have typical speed limits of 50 km/h, country roads 80 km/h, and highways 110 km/h. However,
the city roads also included stop and go situations due to traffic signals, resulting in greater accelerations. The country roads had
fewer stops, while the highway driving was performed mostly without stops.

The route begins in the city of Helsingør located in the eastern part of Denmark. It initially consists of approximately 1 km of
city driving, followed by 15 km of country roads. It then continues on the highway for 18 km, before turning off at Gl. Holte north
of Copenhagen. The route then proceeds with 15 km of city driving, which also includes the large inclinations. It then returns to
the highway for 25 km, followed by 7 km of country roads, and finally 1 km of city roads before ending at the initial location in
Helsingør.

Appendix B. Test drive overview

See Table B.1.

Appendix C. Test drive wind data

See Figs. C.1–C.7.
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