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Executive Summary

This project concentrates on the development of real-time tire-road friction coefficient
estimation systems for snowplows that can reliably estimate different road surface
friction levels and quickly detect abrupt changes in friction coefficient. Two types of
systems are developed — a vehicle-based system and a wheel-based system. The vehicle-
based friction measurement system utilizes vehicle motion measurements from
differential GPS and other ontboard vehicle sensors. The whee-based friction
measurement system utilizes a redundant wheel that is mounted at a small angle to the

longitudinal axis of the vehicle.

Complete technical details on the vehicle-based friction measurement system are
presented in this report. Compared to previousy published results in literature, the
advantage of the vehicle-based system developed here is that it is applicable during both
vehicle acceleration and braking and works reliably for a wide range of dip ratios,
including high dip conditions. The system can be utilized on front/rear-wheel drive as
well as al-wheel drive vehicles. Extensive results are presented from experimental
results conducted on various surfaces with a winter maintenance vehicle called the
“SAFEPLOW.” The experimenta results show that the system performs reliably and
quickly in estimating friction coefficient on different road surfaces during various vehicle

maneuvers.

The new wheel-based system developed in this project has several advantages compared
to the popular Norse-meter which is a commercially available redundant wheel-based
system. The new wheel-based system has very few moving parts, requires no actuators
for skidding the wheel and requires no braking of the wheel. It is expected to be more
reliable and much less expensive than the Norsemeter. Experimental results presented in
this report show that the new wheel-based system works effectively in determining
friction coefficient and in measuring the change of friction coefficient during transition

from one type of surface to another.



The developed friction identification systems have many applications in vehicle safety
systems such as ABS, skid control and collison avoidance systems and are also useful
for winter maintenance vehicles in which knowledge of the friction coefficient can be

used to determine the amount and type of deicing chemicals to be applied to a winter
roadway.



Chapter 1. Introduction to Vehicle-Based Friction M easur ement

1.1 Background

The forces generated by the tires are very crucia for vehicle dynamics and controls
because they are the only force sources that a vehicle has from the ground. The
maximum forces that tires can supply are determined by the maximum value of the tire-

road friction coefficient for a given normal vertical load on the tire.

Many vehicle control systems, especially active safety control systems such as adaptive
cruise control (ACC), ABS, traction control, collison warning/avoidance control, four-
wheel-steering, and stability control system can greatly profit from being made “road-
adaptive,” i.e., the control agorithms can be modified to account for the externa driving
condition of the vehicles if the actua tire-road friction coefficient is available in red
time. For example, in the ACC system, the road condition information from friction
coefficient estimation can be used to adjust the spacing headway that the ACC vehicles

should maintain.

The identification of tire-road friction coefficient is also useful for winter maintenance
vehicles like snowplows. In the case of such vehicles, which have to operate in a harsh
winter road environment, the knowledge of friction coefficient can help to improve the
safety of operation. Further, the vehicle operator can use this information to adjust the
amount and kind of deicing material to be applied to the roadway. It can also be used to

automate the application of deicing material.



1.2 Review of Resultson Tire-Road Friction Coefficient Estimation
For agiven tire, the normalized traction force, r, isdefined as:
'FXZ + FyZ

m:= —F 1.1

z

where F,, F, ,and F,are the longitudinal, lateral, and normal forces acting on the tire.
If we consider only longitudinal motion, and then lateral force F, can be neglected, which
gives:

m:= F—X (12

z

The objective of friction coefficient estimation system is to predict the limit of force that

the tire can provide, or the maximum friction coefficient, m,, for different road surfaces.

Recently, the tire-road friction coefficient estimation has become an intensive research
area and many different approaches have been studied in literature and demonstrated
experimentally [1, 2, 3, 6, 7, 8, 9, 10].

U. Eichhorn et al. proposed an acoustic approach in which a microphone is mounted on
the car to “listen” to the tire, and the sound that the tire makes is used to infer the friction
coefficient [1, 2]. An anaysis and experimental results show that the tire noise not only
correlates to both the friction demand and tire tread deformation, but also correlates to the
parameters that affect the friction coefficient such as road type and presence of water.
However, the complex nature of the sources of the tire noise makes it difficult to estimate
friction coefficient accurately and reliably [2].

Eichhorn and Roth [1] and Uno and Sakai et al. [3] investigated another approach using
optical sensors installed at the front bump of the car to estimate the road surface types
and possible lubricants based on the information from the ground reflections. The
advantage of this optical approach is that it is able to preview the road friction

information before the vehicle reaches that point in the road. However, there are



considerable difficulties in maintaining the sensors clean and reliable under different light

and weather conditions.

In [1,2], the authors also discussed another friction estimation method using strain
sensors vulcanized into a kevlar-belted tire (to avoid signal distortion from a steel belt)
tread to measure the X, y, and z deformations of the tread as a function of its position in
the road-tire contact patch. These deformations are the direct results of the longitudinal,
lateral, and normal forces applied to the contact patch and therefore contain enough
information about the magnitude of these forces and relationships among them to
estimate the friction coefficient. While fairly promising this approach requires the

development of a sophisticated instrumented tire with embedded sensors.

The desire of avoiding additional sensors and/or instruments makes another class of
friction coefficient estimation approaches¥ dlip-based methods more attractive because

they just use the standard sensors aready ortboard an intelligent vehicle.

Tire dlip occurs whenever pneumatic tires transmit forces. According to the definition in
SAEG670e [4], the longitudinal dip is defined as the relative difference between a driven
wheel’ s circumferential velocity and the vehicle's absolute velocity V as follows:

Wr, - v

S, = m (13)

where w is the wheel speed of revolution and r, is the effective tire radius. Notice this
definition is more suitable for braking case, where the dip will be —1 (-100%) when the
whedl locks up. For acceleration, the denominator of the slip calculation equation will be

changed to be the wheel speed instead of the vehicle absolute velocity, therefore, the dip
is 1 (100%) when the wheel spins at zero velocity.

The normalized force (or friction coefficient) generated at a tire is a function of the
amount of the dip at that tire. The most famous model that describes this relationship is
the so-cadled “Magic Formula’ tire model developed by Pacgka [5], which is plot in

Figure 1.1 for different road surfaces. Here, the vertical force, F,, is assumed to be a



constant. As can be seen from the figure, for different road surfaces, the forces generated
by tire vary significantly. Near the origin, the normalized force increases with increasing

dip until a critical dip value, where the force reaches its maximum value and then starts

to decrease slowly.
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Figure 1.1: Typical normalized traction force vs. dip for different road surfaces

The basic idea of the dip-based friction coefficient estimation is to use the data collected
in the low-dlip region, or the linear part of the slip curve near the origin, to estimate the
linear relationship between measured tire force and dip, the dip-slope. And then map the

estimated dip-slope to the maximum friction coefficient m,, of the corresponding surface

by using a classifying function, which is designed based on experimental experience.

Recently, the dlip-slope based friction coefficient estimation approach for acceleration
(traction) situation has been extensively investigated and successfully demonstrated to be
able to differentiate the frictions of different road surfaces for a limited set of operating
conditions[6, 7, 8, 9].



Gustafsson first proposed the dip-slope based friction coefficient estimation method in
[6] where a Kalman filter is designed to estimate dlip-slope of the friction-dlip curves and
map the slopes to friction coefficients based on test data in the low-dlip regions. The
system works in acceleration (traction) on afront wheel drive passenger car, with the rear
wheel ABS sensor providing the absolute velocity reference and front wheels serving as
the dipping wheels. The traction contribution of rear wheels are assumed to be zero.
The dip is calculated directly from the difference between the speed of front wheels and
rear wheels. The normalized traction force, rr, is calculated from the estimated engine
torque (based on measured injection time and engine speed) ad the normal force. The
Kaman filter recursively calculates the dip-slope during acceleration. Extensive testing
on icy, snowy, gravel, wet, and dry surfaces with four different types of tires indicates
that the estimated dip-slope could be used to classify the friction levels of different road

surfaces.

Yi et a. [7] and Hwang and Song [8] aso provide more experimental evidence that the
dip-slope could be used to classify the road surface during normal acceleration. Both Yi
and Hwan employ friction estimation methods during regular traction that are quite
similar to Gustafsson’s. Yi et al. used an observer to estimate the drive shaft axle torque,
and the results show a difference between the slopes of dlip curves on wet and dry
concrete surfaces. The results from Hwang and Song indicate that the dip-sope in the
linear part of the normalized traction force vs. dip curve is significantly larger for a dry

asphalt surface than that of an artificial ABS test dlippery surface.

However, the common disadvantages for the approaches described above are they need to
use the driven wheel speed as an estimate of the absolute speed. Thiswill not be accurate
for an al-wheel drive vehicle and/or during braking (in which all wheels will dip and
contribute forces). Besides, the systems can work only in low-slip (linear part) regions
during accelerations in order to accurately estimate the dip-dopes. These limitations

considerably restrict the applicable scope for these systems.



In 2001, MUller and Uchanski [9] broadened the slip-slope friction coefficient estimation
to braking situations. A brake pressure sensor is employed to determine the brake torque
of an individual wheel, which are used to calculate the tire forces. The rear wheel brakes
of the experimental vehicle are turned off and served as the absolute velocity reference.
So, only the front wheels are considered as the source of the braking force. However, in
practice, a brake pressure sensor is too expensive to implement and al of the whedls

would contribute forces, which make this approach difficult to be applied in real life.

Besides the longitudinal slip approaches, Hahn et al. [10] proposed a lateral dynamics
approach to estimate the friction coefficient using the dip angle calculated from
differential GPS information.

In summary, the previously suggested approaches about the longitudina dlip-based
friction coefficient estimation can work for either front-wheel drive acceleration or front-
wheel braking situations (the situation where only the tires on one axle of the vehicle
contribute forces), respectively. However, in the redlity, there are many cases where all
the tires on both front and rear axle of the vehicle contribute forces such as all-wheel
drive vehicle and regular braking.

1.3 Project Contributions

This project concentrates on the development of a new dlip-based friction coefficient
identification approach, which can accommodate both front/rear-wheel drive and all-
wheel drive vehicle acceleration and braking situations, and therefore greatly expand the
applicable scope for the friction coefficient identification. Besides, the estimation system
can work in both low-dlip region (linear part) and high-dlip region (nonlinear part) as
well. Moreover, the use of GPS makes the dlip calculation more accurate and available
under all the operational conditions. In addition, several practical implementation issues

such as signal impulsive noise and bias are well addressed using severa nove filters.



1.4 Overall Project Objectives
The primary tasks involved in this project are:

Develop a unified friction coefficient estimation approach,
which can accommodate both acceleration (traction) and braking situations for both
rear/front-wheel drive and all-wheel drive vehicles.

Design a real-time estimation algorithm based on the proposed
approach, which ensures high immunity to noise and fast tracking ability.

Demonstrate the experimental performance of the developed
friction coefficient estimation system on SAFEPLOW for different road surfaces. The
SAFEPLOW is an instrumented winter highway maintenance vehicle and will be

described in the later chapters.

The rest of the project is organized in the following way. In Chapter 2, vehicle dynamic
models and tire models are studied. In Chapter 3, a Recursive Least Square identification
algorithm combined with change detection strategy is developed. Experimental
implementation of the developed identification system on the SAFEPLOW is described
in chapters 4 and 5. The experimental system hardware and software are described in
chapter 4. Detailed experimental results are presented in chapter 5. Finally, conclusions

are presented in chapter 6.



Chapter 2: Vehicle Dynamicsand Tire M odel

2.1 Introduction

In order to estimate the road-tire friction coefficient using dip-based approach, we need
to know both the dlip and the force (traction or braking force) generated by the tire. The
dip can be easily calculated according to the Eqg. 1.3 if both absolute vehicle speed and
wheel speed can be reliably measured. For the tire force, basically, there are two possible
procedures to obtain the force. The first method is to compute the complete engine,
powertrain, drive shaft axle, and wheel dynamics, and then calculate the traction force
based on those measured data as employed by Yi et a. in [7]. However, to implement
this method, a detailed knowledge of the engine characteristics and the transmission rate
of different gears and associated measurements such as pedal position, engine speed and
transmission gear position are necessary. Even more, if we consider the braking case, the
knowledge about the brake system dynamics and the actual brake effort distribution rate

between front and rear tiresis required, which is usualy difficult to obtain.

The second approach is based on the vehicle longitudinal dynamics and calculates the
total longitudinal force rather than individual tire force by just using an accelerometer to
measure the vehicle's acceleration/deceleration. However, since the dip is measured
responding to individual tires, the measured total force has to be divided between the
front and rear tires with respect to the driving wheels and the brake effort distribution
ratio as described in [11]. But the brake effort distribuion ratio is difficult to measure
and it may vary during braking.

In this chapter, a novel method that just uses the measured total longitudinal force from
an accelerometer and avoids dividing it between the front and rear tires is developed for
both traction and braking situations. The proposed method is applicable for front-wheel

drive, rear-whed drive, and all-whed drive vehicles.



2.2 Vehicle Longitudinal Dynamics
A dynamic model of the vehicle longitudinal motion can be obtained by applying

Newton’s laws. The vehicle longitudinal position is measured along its longitudina axis.
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Figure 2.1 Vehicle longitudinal dynamics schematic diagram

Consider a hicycle type model (the difference between right and left tires is ignored)
shown in Figure 2.1, ignoring the road gradient and wind speed, the longitudinal
dynamics can be represented as:

ma, =F, +F, - F - DV? (2.1)
where,
m isthe total mass of the vehicle.

a, isthelongitudinal acceleration/deceleration.
F, and F, arethe front and rear wheel traction/braking forces.

F. =F,+F, =C,,mg is the rolling resistance force with C,, beng the rolling

roll

resistance coefficient.
D, :}éerA is the aerodynamic drag force with r being the air density, V the

longitudinal velocity, C, the aerodynamic drag coefficient, and A the frontal area of the

vehicle.



L; isthedistance from c.g. to the front axle; L, isthe distance from c.g. to the rear axle.

L=L, +L, isthewheelbase of the vehicle.

The total longitudinal tire force F, therefore can be calculated as follows:

F,=F +F, =nla,|+|F |+

DaV2|, if a, 3 Oor acceleration

F,=Fs +F, =nla |- |F |-

D.V?, if a, <Oor deceleration (2.2)
Thus, once the vehicle longitudina acceleration/deceleration, a,, is measured by using

an accelerometer and corrected for bias, the total vehicle longitudinal force, F,, can be

obtained based on Eq. (2.2).

2.3 Deter mination of the Normal Force

As the definition of friction coefficient (Eq. 1.2) indicates, the normal force plays an
important role in determining the amount of the force the tire can possibly generate. For
the same road surface and tire, the bigger the normal force, the bigger the longitudinal
force could be. The mass of the vehicle contributes the major part of the normal forces
on the tires, and the other forces acting on the vehicle redistribute the normal forces
between the tires. If the vehicle is traveling in a straight line on level road, the normal
forces at the front and rear tires can be calculated using a static force model of the vehicle

as described in [12]:
_mgL, - mah- D,V°h,

F, -
L, +ma,h+D,V*?h
F, =2 — (2.3)

During cornering, the normal forces of the right and left tires on both front and rear axle
are different due to vehicle roll moment. However, since we are using a bicycle model,

the total normal forces for the front and rear axles will not change.

10



The normal force calculation method described above is based on the static force model
ignoring the influence of the vibration of the suspension. This method gives a fairly
reasonable estimate of the normal force, especially when the road surface is fairly paved
and not bumpy. However, if the road surface is very bumpy, a dynamic normal force
estimation method incorporating the suspension dynamics will provide more accurate
normal force. Such a method was proposed by Hahn and Rajamani in [10]. A two
degree-of- freedom quarter-car model of an automotive suspension is shown in Figure 2.2.

The sprung mass m, is the mass of the vehicle body, the unsprung mass m, is the mass of
the tire and axle. k and bare the stiffness and damping of the suspension and k, and

b, are the stiffness and damping of the tire.

‘ Sprung Mass, m ‘ T

k || b

‘ Unsprung Mass, m | ‘ T

kt I

ANAVAVNVAVAVVAV VYNV

Figure 2.2 Schematic diagram of an automotive suspension

The equation of motion for the unsprung mass can be written as:
nhzu =- bt(Zu - Zr)' kt(zu - Zr)+b(zs - 2u)-"k(zs - Zu) (2-4)
Thus the normal force acting on the tire can be estimated by measuring 2,, z.- z

S u?

z, - z,and then using the following equation:

11



I:z =bt(zu - zr)-'-kt(zu - Zr):b(zs' zu)+k(zs' Zu)' muzu (25)

This normal force estimation method calculates the normal force dynamically using the

dynamic relations at each wheel. It is supposed to be more accurate. However, in

practice, it would be expensive to measure the suspension deflection, z - z,, and
relative suspension velocity, z, - z,. Besides, for heavy-vehicle equipped with steel |eaf

spring suspensions, both the composite vertical stiffness and damping are nonlinear
functions of load and deflection [13], which make this method even more difficult to
implement in our test SAFEPLOW.

2.4 Tire Model
The longitudinal force (traction/braking) generated at each tire is known to depend on the
longitudinal dlip, the tire-road friction coefficient, and the normal force applied at the tire.
The “Magic Formula’ tire model developed by Pacejka et al. [5] is generally accepted as
the most accurate model in describing the relationship between tire dip and force. The
model was developed using the data from single tire experiments, all conducted on a dry
asphalt road surface. The model for the longitudinal force is as follows:

F, = Ddn{ Carctan] Bs, - E(Bs, - arctan( Bs,))]} (2.6)
where,

F, isthelongitudina force generated by individual tire,
s, isthe longitudinal tire dlip,

C =a, isthe shape factor,

D =a,F; +a,F, isthe peak factor,

B — (a3F22 + a'4Fz)e_ asFz
a,(a,F +a,F,)

E =a,F’ + a F, +a, isthe curvature factor,

is the tire stiffness factor,

F, isthe tire normal force.

a, , arethe coefficients determined through experimentation



Figure 2.3 shows the traction and braking forces vs. dip relationships for a variety of

road surfaces computed using the above Magic Formula model with some values for a, -
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Figure 2.3 Longitudinal force vs. dip computed using Magic Formula model

Notice that in order to use the Magic Formula model for a particular tire, one needs to
find out all the eight parameters a,to a, experimentally by fitting the measured testing

data of that particular tire on various normal forces and longitudinal slips to the formulae.
It would be very difficult to estimate the eight parameters in real-time, which makes it

hard to utilize this model to identify the road surface friction coefficient. However, the

13



Magic Formula model does provide basis for the dip-slope based friction coefficient
identification method. 1n the model, the coefficient D represents the peak value of the
friction curve. Itsvaue greatly dependents on the road surface and changes significantly
from dry asphalt/concrete to snow/ice. The value of the shape factor C also changes
from surface to surface with higher value on asphalt and lower value on snow. The slope
of the curve at the origin (dip=0) is called dip-slope or stiffness, which is equal to the
product BCD. Where the stiffness factor B is primarily determined by the tire
properties and independent of the changes in road surface. Therefore, the change of the
dip-slope BCD caused by the variations of Cand D could be used to indicate the
change in road surface characteristics, as shown in the dotted line block in Figure 2.3.

2.5 Friction Coefficient Estimation for Both Traction and
Braking

This section develops a unified dlip-slope based friction coefficient estimation method for
front/rear-wheel drive and al-wheel drive vehicles in both traction and braking situations
without the knowledge of traction/braking force distribution ratio between front and rear

axles,

As described in the previous section, the longitudinal force generated at an individual tire
is proportional to its longitudinal dlip in the low-dlip region or the linear part of the
friction curve for given road surface and normal force. This relationship can be described
as:

F
=_X*X=K 2.7
m=-* =Ks, 27)

where K is the dip-slope, whose value changes with road surface conditions and could
be used to predict the maximum value of the friction coefficient (or the normalized

longitudinal force), m),. However, the above equation holds only for individua tire,
which means that the longitudina force F,, normal force F,, and the dip s, in the

equation have to be the values for the same single tire. For the longitudina vehicle
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bicycle model, we can consider the right and |eft tires together, but there are still two
(front and rear) tires that will contribute longitudinal force during all-wheel driving and
braking. Thus, in order to apply the dip-slope estimation method, the forces and dlips for
the front and rear tires need to be calculated respectively.

The normal forces for the front and rear tires can be easily caculated if the static normal
force model described in section 2.3 is used. However, the longitudinal forces of the
front and rear tires are difficult to measure individually. Previous researchers who
implemented the dlip-slope method dealt with this problem in the following ways:
Estimate the dip-slope just for traction (acceleration) situation on a
front-wheel drive car in which the rear tire longitudinal force can be ignored as described
in [6, 7]. However, it would be difficult to extend this method to work in braking
stuations as well as in al-wheel drive acceleration in which both front and rear tires

contribute the longitudinal force.

Estimate the friction coefficient for braking situation by using a brake
pressure sensor to measure individua tire braking force as described in [9] or by using a
brake effort distribution ratio to dividing the measured total braking force into front and
rear two parts as described in [11]. However, the brake pressure sensor is expensive to

implement in practice and the brake effort distribution ratio may vary during braking.

Estimate the tire dip from the difference between driving and driven
wheels. As described in [6, 7], rear whedl speed is served as absolute vehicle speed
during acceleration for a front-wheel drive car. And in [9], the rear wheel brake is turned
off during braking to provide the absolute speed reference. However, for normal vehicle
braking and al-wheel drive vehicle acceleration situations, these methods would not be

able to provide the absol ute speed.

For an al-whed drive vehicle, the linear relationships between dip and normalized

longitudinal force for the front and rear tires can be written as:
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m, = = = Kfsxf (28)
=

m ===k, (29)

F,.=Fs +F, (2.10)

where, F, is the vehicle total longitudinal force, which can be calculated as described in
section 2.2. K, and K, are the dip-slopes of the front and rear tires whose values are

determined by the front and rear tire properties and road surface characteristics.
Combining the above three equations, we can get:
F.=F¢ +F, =K F;s; +K.F,s, (2.11)

If we assume that the front and rear tires are on the same road surface condition, which is

true for most driving situations, then the difference between the valuesof K, and K, is

mainly dominated by the tire properties (including the tire type and number of tires for
front and rear axles), which are independent of the road surface condition. Therefore,

K, and K, can berelated as:

K, =akK (2.12)

where, a is a ratio coefficient determined by the front and rear tire properties and

independent of road surface condition. Thus, the relationship between total force and

slips can be written as:

F,=F; +F, =K F;s, +K,F,s, =K, @F,s; +F,s,) (2.13)

r- zr=x =X

where, F,,F, F,,S;,S

zZf " oz

can be measured or calculated in rea-time, and a can be

Xr

determined experimentally for particular vehicle. For example, if the vehicle chassis
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configuration is as shown in Figure 2.4, with two tires on the front axle and four tires on

the rear axle (which is the configuration of the SAFEPLOW used in this project), and al
tires are exactly same, then a = % . If the front tires are different from the rear tires in

terms of wear level and tread pattern, then the value of a could be experimentally

determined as some value less than 0.5. But, its value will stay constant for a
considerably long time once it is determined and will not change with road surface

friction coefficient. Adaptation for a can potentially be used also.

Front

Figure 2.4 Chassistire configuration example
If the vehicle is rear-wheel drive instead of al-wheel drive, then a =0during
acceleration with ignoring the traction force of front tire and choose a as the specific

value determined by the chassis configuration during braking. If the vehicle is front-

wheel drive, the equations for K, can be derived similarly as:

Fx = Fxf +Fxr = Kf szsxf + Kererr = Kf (szsxf +1Fzrsxr) (214)
a
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where, Ly 0 or a =¥ during acceleration and a is the specific value determined by
a

the chassis configuration during braking.

Since the SAFEPLOW used in this project is a rear-wheel drive vehicle, we present the
rear-wheel drive case for the friction coefficient identification in the estimation agorithm
derivation in the following chapter. However, the same algorithm can also be used for
front-wheel drive and all-wheel drive vehicle.

The equation (2.13) can be rewritten as a standard parameter identification format as:
y(®) =j "®a ) (2.15)

where, y(t)=F

X

is the system output, q(t) =K, is the unknown parameter, and
j (t)=aF,s, +F,s, isthe measured regression vector. The only unknown parameter
K,can be easily identified in rea-time using standard parameter identification
approaches as will be addressed in the next chapter. Once the dip-slope K, isidentified,

it can be connected with the road surface condition or the maximum friction coefficient

by a classification function.

Since the above method incorporates both front and rear tire forces and dips, it can be
used to identify the friction coefficient for traction and braking situations on rear/front-
wheel drive and all-wheel drive vehicles.

Notice that the above dip-slope based approach is for low dlip region (linear part of the
friction-dip curves) only. If the dip is high, like hard braking situation, the tire will work
outside the dotted line block in Figure 2.3, which is not a linear relationship between
normalized force and dip and the dlip-slope based method will fail in this region.
Fortunately, in the high dlip region, the differences among the normalized longitudinal

forces for different road surfaces are apparent enough to classify the road surfaces. Thus,
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for the high dlip region, the normalized force m= F—X Is directly used to classify the road

z

surface friction level. Similarly, it can be written as standard parameter identification

form as;

y() =j " (t)a(t) (2.16)

with y(t) = F, asthe measured longitudinal force, q(t) = m as the unknown parameter,

andj T (t) =F," = F, asthe normal force.
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Chapter 3: Identification Algorithm Design

3.1 Introduction
From the vehicle control systems points of view, the tire-road friction coefficient
estimator has to satisfy the following desirable requirements:
The estimated friction coefficient should be close to the actua friction
coefficient with both minimal error and oscillatiors in steady state.
The estimator should have the ability to track changes in the actual
friction coefficient as quickly as possible (for sudden changes in road surface friction

coefficient).

In this chapter, an identification algorithm using the RLS method enhanced by a Change
Detection agorithm is developed. Two important filters, a peak filter and a Kaman
filter, are designed to deal with signal peak noise and bias.

3.2 Identification Algorithm Design
3.2.1 Recursive L east-Squares (RLS) I dentification
There are several different methods available to achieve online system identification,
namely gradient algorithm, recursive least-squares, extended least-squares, and recursive
maximum likelihood [14, 15, 16]. The recursive least-squares (RLS) algorithm was
selected for this project for the following reasons:

Fast parameter convergence rate, which allows quick adaptation under unknown and
changing conditions.

Relatively small computational effort requirement, which is crucia for rea-time
applications.

High immunity to noise, which enables the RLS to maintain high quality parameter
estimates.

The dip-dope model described in the previous chapter can be formulated in the

parameter identification form as:
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y(®) =i T(t)a(t)+et) (3.1)
wherej (t) isthe vector of estimated parameters, q(t) is the regression vector, e(t)isthe

identification error between measured y(t) and estimated value j T (t)q (t).

The RLS algorithm provides a method to iteratively update the unknown parameter
vector, j (t), at each sampling time, using the past input and output data contained within

the regression vector, q(t) . The RLS agorithm updates the unknown parameters in the

way of minimizing the sum of the squares of the modeling errors. The procedure of the

RLS agorithm at each step t is as follows:

Step 1: measure the system output, y(t), and calculate the regression vectorq (t) .
Step 2: calculate the identification error, e(t), which is the difference between system
actual output at this sample and the predicted model output obtained from the estimated
parametersin previous sample, q(t- 1), i.e.

et) =y(t)-j "Oal- 1) (32
Step 3: calculate the update gain vector, K(t), as

-3 ()
O ore 3 © &9

and calculate the covariance matrix, P(t), using

_1oq . p. P-Di 08 TOPE- D
P T e ey © o9

Step 4: update the parameter estimate vector, q(t) , as
a(t) =q(t- 1) + K(t)e(t) (3.5)

To ensure good estimation performance, the excitation signals need to satisfy the
requirement of persistence of excitation, which ensures that the dominant process modes
are excited and enables the estimated parameters to converge to their true values. For
example, a square wave input signal is a good candidate that contains sufficient

frequency content to excite the dominant process modes. However, the persistence of
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excitation requirement might be difficult to meet in practice. In this case, the eigenvalues
of the covariance matrix will tend to become small and cause the R.S update of the

estimated parameter to vary slowly, or the so-called covariance wind-up problem.

The parameter, | , in the above equations is called the forgetting factor, which is used to
effectively reduce the influence of old data which may no longer be relevant to the
model, and therefore prevent the covariance wind-up problem. This allows the parameter
estimates to track changes in the process quickly. A typical vauefor | isintheinterval
[0.9, 1]. The size of the forgetting factor can be intuitively understood as. the RLS

algorithm uses a batch of N = % data to update the current estimation [15]. When

| =1, the RLS uses al the previous data from the starting time to update the current
estimation. The smaller the value chosen the faster the parameters converge. However,
decreasing | will increase the sensitivity of the estimation procedure to noise, which will
cause the estimated parameter to become oscillatory. This brings a contradiction between
fast tracking ability and high immunity to noise for the RLS agorithm, which will be
addressed in the next sub-section.

3.2.2 Fast Convergence Rate and Immunity to Noise

As described before, the friction coefficient estimator is required to possess both fast
convergence rate and high immunity to noise. These are, however, contradictive for the
ordinary RLS algorithm. The rate of convergence is dependent on the value of forgetting

factor | , which reflects the variability of the system parameters in the process.

To illustrate the influence of the size of the forgetting factor on the parameter estimation
using ordinary RLS algorithm, Figure 3.1 and Figure 3.2 show the dip-slope estimation

experimental results for the same process with different forgetting factors.
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Figure 3.1: Slip-dope estimation using ordinary RLSwith | =0.995

In Figure 3.1, a relatively big forgetting factor is set as | =0.995. As we can see, the
estimated dlip-slope converges about 6 seconds after the vehicle starts accelerating. It is
quite dow for the friction coefficient estimation because the vehicle has traveled about
60-70 meters during the converging time without accurate estimation of tire-road friction
coefficient information, which cannot satisfy the requirement 2. However, on the other
hand, the estimated parameter is pretty stable and without big oscillations after it
converges, which is appealing for the requirement 1.
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Figure 3.2: Slip-dope estimation using ordinary RLSwith | =0.9

On the opposite side, in Figure 3.2, arelatively small forgetting factor isset as | =0.9.
As we can see, the estimated slip-dope converges amost immediately (less than 1
second) after the vehicle starts accelerating. This high convergence rate makes the
system more perceptive and be able to promptly respond to the sharp changes in road
condition, which is very crucia and desired for \ehicle control systems, especially those
active safety systems. However, as shown in Figure 3.2, this high convergence rate is
achieved at the expense of decreasing the system immunity to noise. The estimated dip-
slope is oscillating about + 35% around the true vaue, which is not suitable for many
vehicle control systems because reliable and stable friction coefficient information is

necessary for them to make appropriate control decisions.
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3.2.3 RLSwith Gain Switching

Notice that hhe main reason for the convergence rate becoming slow is due to the
covariance matrix (or gain matrix) becoming small. If the covariance matrix can be made
adaptive to the process changes, i.e. increase the gain just during process change instants,
it would allow the RLS agorithm to have high convergence rate during the process

transient states and high noise immunity during the steady states.

In [15], a change detection agorithm running in parallel with a Kalman filter is used to
trigger the amplification of the covariance matrix entries of the Kalman filter therefore to
increase the tracking ability of the filter during transition states. Similarly, we propose an
approach that combines the change detection algorithm in paralel with the ordinary RLS
estimator to solve the convergence rate vs. noise immunity contradiction mentioned

above.

There are several change detection algorithms available. For simplicity, the CUSUM
[17] change detection algorithm is chosen to monitor the identification error
ety =yt)-j "(g(-1. An dam signa will be generated if the absolute value of

identification errors have been bigger than a specific threshold value for a while. The

recursive formulae of this algorithm are as follows:

a =ma(a,, +|g|- d,0) (36)
a, =0 (3.7)
The input of the change detector is the ordinary RLS identification error e, and the

output isthe alarm signd a, .

If the output of the change detector a, > h, the entries of matrix P(t) will be increased

by a factor to track the sudden change of friction coefficient quickly until the absolute

value of the identification error drops below certain level and a, becomes 0. Here, drift

parameter d is used to high-pass bigger identification errors and ignore these small errors.
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The threshold valuehis used to determine when the alarm signal should be yield to
trigger the gain amplification.

The same experimental test is used to illustrate the properties of this algorithm, as shown
in Figure 3.3. A relatively big forgetting factor | = 0.995 is used. As it indicates,
after the vehicle starts accelerating (the algorithm starts to updating), the change detector
catches the great identification error and generates an alarm signal at t =13sec, which
triggers the gain amplification and makes the estimated slip-slope convergence to the true
value amost immediately. After the estimated dlip-slope converges to the true value, the
identification error becomes small enough to be high-passed by the change detector, and
the alarm signal disappears correspondingly. Then, the covariance matrix resumes its

normal value to quell the influence of noise.
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Figure 3.3: Slip-dope estimation with gain switchingand | =0.995

3.2.4 Updating Conditions

The precision of the estimate of the friction coefficient depends on the qualities of the

If the longitudinal force

estimator inputs, longitudinal force (traction/braking) and dlip.

or the dlip is very small, the tire is working around the origin of the frictiondlip curve,

where the estimate will be stochastically uncertain. Besides, since the longitudina force

is calculated from the output signal of an accelerometer, if the acceleration/deceleration is
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small, then the signal-to-noise ratio (SNR) of the acceleration/deceleration will be small,
which may lead to overestimation of the friction wefficient. Therefore, to ensure the
estimator performance, the system will stop updating the friction coefficient when the
absolute value of the measured acceleration is less than 0.3 m/s” and the absol ute value of
the dlip is less than 0.005. The experimental results verified that these threshold values

could ensure good updates for the friction coefficient estimation.

3.3 Filter Designs

Although the RLS estimation algorithm possesses much higher immunity to noise than
other estimation algorithms as nentioned in the previous section, it is still necessary to
make the signals as clean as possible before sending them into the estimator in order to
ensure the estimation quality. This section describes two filters designed to deal with
signal peaks and bias.

3.3.1 Signal Peak Filtering

Due to environmental electromagnetic disturbances and sensor inherent defects, there are
huge peaks in the wheel speed sensor signals (as shown in Figure 3.4). In order to have
good parameter estimation, these peaks have to be eliminated. Otherwise, they will bring

huge errors to the estimator and may cause the algorithm to fail.
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Figure 3.4 Noisy wheel speed sensor output signal

3.3.1.1 Low-Pass Filter Approach

Figure 3.5 shows the SAFEPLOW rear wheel ABS speed signal filtering result using 4-th
order Elliptic low-pass digital filter with the cut-off frequency as 4Hz and the sampling
rate of 200Hz. The system function of the filter is described as follows:

0.00167 - 0.00269z ! +0.00367z % - 0.00269z % +0.00167z *
1- 3484271 +4.5922°% - 2.7122 % +0.6052°*

H(2) = (3.9)

Since the peaks contain extremely high frequency component, the digital low-pass filter
does not work well due to aliasing. We may improve the performance of the filter by
greatly increasing the sampling rate. But that will need expensive hardware
requirements. Moreover, the group delay of the digital low-pass filter causes a phase lag

as can aso be seen from Figure 3.5.
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Figure 3.5 Using low-pass filter to deal with signal peaks

3.3.1.2 Median Filter Approach

Another possible approach to deal with highly noisy signal is known as running median
filter, which is mostly used in image processing. The output of a n = 2k +1point running
median filter is the median of the previous nsamples. Or, mathematically, the median
filter can be described as:

y(n) = median[x(n- 1),x(n- 2),---,x(n- 2k- 1], k=123 (3.9)

Median filtering can preserves sharp changes in a signal as long as these sharp changes
are monotonic for at least (n+1)/2 samples and can completely eliminate impulsive noise
that is monotonic for less than (n+1)/2samples [18]. These properties are illustrated in

Figure 3.6 and Figure 3.7 for a median filter of size 5, respectively. The 5-point median
filter completely eliminates the sharp changes that last for less than 3 samples and
preserves the sharp changes that last for at least 3 samples.
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samples

The size of the median filter determines the width of the pulse that the filter can
eliminate. To remove wider impulsive noise, bigger size median filter (more points) is
needed. However, on the other hand, the density of the impulsive noise aso determines
the size of the median filter. To remove al the impulsive noise close to each other, we
need to reduce the size of the median filter (less points). Therefore, there is a
contradictory requirement about the size of the median filter. This makes it quite difficult
to implement the median filter in dealing with the impulsive noise as shown in Figure
3.4, where both the widths and densities of the noise are changing with time. Figure 3.8
shows the filtering results of a 5point median filter for the wheel speed signal. As it
indicates, the median filter can eliminate most of the peaks but it fails where two peaks
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are close to each other. Besides, the median filter also introduces (n+1)/2samples

deay.
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Figure 3.8 Using median filter to deal with signal peaks

3.3.1.3 Peak Filter Approach

From Figure 3.4, one can see that the impulsive noise peaks are abrupt and huge changes
compared with the norma samples. A novel filter, peak filter, is designed to deal with
the impulsive noise by taking advantage of these noise characteristics. The main idea of
this peak filter is based on the assumption that for continuous signas, the signal
magnitude difference between two adjacent samples cannot be bigger than a specific
threshold value provided the sample rate is high enough. The filter can be described

mathematically as follows:

y(n) = x(n), if [x(n)- z(n)| £, and
y(n) = y(n- 1), if [x(n)- z(n)| >t (3.10)
z(n)=y(n-1



where, t is the threshold value that determines how big the change can be allowed
between to adjacent samples. Figure 3.9 shows the peak filter eliminates the undesired
impulsive pulse with threshold value t = 4.
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Figure 3.9 Peak filter eliminatesthe undesired impulsive noise

The pesk filter is implemented to deal with the whedl speed impulsive noise as shown in
Figure 3.10. Here, the threshold value of the peak filter is t =40. As it indicates, the
peak filter works pretty well in terms of completely eliminating all those peaks and
without introducing any delay.
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Figure 3.10 Using peak filter to deal with signal peaks

3.3.2 Estimation of Accelerometer Bias

In order to identify the friction coefficient, we not only need to accurately measure the
wheel speed, but also need to estimate the forces generated at the tires. As discussed in
the previous chapter, the forces are caculated mainly based on the vehicle's
acceleration/deceleration. An accelerometer ADXL 105 from Analog Devices is used to
measure the vehicle's acceleration/deceleration. However, there is a bias in the output
signal of the accelerometer, which may change with temperature, supply voltage, and
orientation of the device as well. Therefore, to calculate the acceleration/decel eration of
the vehicle accurately, we need to estimate and remove the bias from the accelerometer
output signal. A sensor fusion method that incorporates both accelerometer and GPS

signals by a Kaman filter is used to estimate the accelerometer bias in rea-time and

described as follows:
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Notice that the longitudinal velocity of the vehicle can be obtained from DGPS signal as:
x_cps = X (3.11)

The X can be obtained by numerical differentiation of the DGPS signal, which is quite
accurate but very dow, usualy less than 10Hz. On the other hand, the longitudina
velocity can adso be obtained by integrating the measured longitudinal acceleration

VX .- Due to bias present in the acceleration signal, the velocity obtained by integration

of the accelerometer output signal usually drifts. However, combination of these two
signals (GPS and accelerometer) provides us a way to estimate the accelerometer bias,
which is adapted from the gyro bias estimation method suggested in [19]. In the
following state space system, the accelerometer measurement is used as input and the
GPS signa as output. The states of the system include both the estimated longitudinal

velocity, V., and the estimated accelerometer bias, V.

Xx_acc_b -

&V, V C" ) -1oaev 0 g,
gvx acc bﬂ go 0@/)( acc bﬂ gonaCC

e 0
Vo=t 0V %o

g\/x_acc_b B

where, W and eare unknown process noise and measurement noise, respectively. For

(3.12)

this project, the Differential GPS is used and its signa is very accurate, therefore, it is
reasonable to set the measurement noise e =0 in this case. But for the regular GPS, the
measurement noise €could be very big due to the differentiation. The Kaman filter is
applied to the above system to estimate the system states.

The time updates and measurement updates in the Kaman filter are:

Xy = AXy +BuU, (3.13)
Pt+1|t - APt|tA + Q (3-14)
ti = 5\<t|t—l + Kt (yt - C§<t|t-1) (3-15)



Pi = R - KCRyy (3.16)
where Q, =Cov(w)is the covariance matrix of the stochastic noise w.

K, =P,..C"(CR,,C" +R) " isthe Kaman gain. R, is the covariance matrix for the

A .

x V 0
:gA X

E

0

“is the system

g/ _acc_b .

state estimate. A:g ,B=[1 0, C=[1 0],and %,

[ e}

state.

To illustrate the performance of this approach, simulation was carried out in
MATLAB/SIMULINK. In the simulation, white noise and Bias=5 was put into the
accelerometer output signal. The initial value for the accelerometer biasis set as 3. The
GPS signal was sampled at low frequency, 10Hz. The sampling rate for the smulation is

200Hz. In the simulation, the vehicle runs at 10m/ s and starts accelerating at time 5sec

with acceleration as 1 m/s®. Figure 3.11 shows the inputs to the Kalman filter.
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Figure 3.11 Kalman filter inputs¥ slow GPS speed and accelerometer output

Figure 3.12 shows the outputs (estimated speed and accelerometer bias) of the Kalman
filter. As one can see from the results, the Kalman filter can estimate both the vehicle
speed and accelerometer bias accurately after several cycles of adaptation (less than 1
second). In the project, this Kalman filter is implemented in real-time to estimate the

accelerometer bias, which is used to calculate the vehicle accel eration/decel eration.
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Figure 3.12 Kalman filter outputs¥ estimated speed and accelerometer bias

Figure 3.13 shows one of the experimental results in which the SAFEPLOW performs
both acceleration and deceleration. The Kaman filter is used to estimate the
accelerometer bias and a 4" order Elliptic digital low-pass filter is designed to attenuate
the high frequency noises in the accelerometer signal. As it indicates, both the Kalman

filter and low-pass filter work well in estimating the accelerometer bias and accel eration.
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Chapter 4. System Hardwar e and Software

4.1 Introduction
This chapter describes the system hardware and software that were used to implement the
friction coefficient estimation algorithm on the SAFEPLOW. It can be clearly divided
into two parts as:

System hardware: describes the characteristics of all the sensors and devices used in
this project.

System software: describes the software organization and the concrete function of

each module.

4.2 System Hardware

In order to experimentally implement the designed friction coefficient estimator in real-
time, the SAFEPLOW was equipped with a differential GPS system, an accelerometer,
and ABS wheel speed sensors. The Mathworks xPC system was used to serve as the
real-time system included a host PC (TOSHIBA 4200 laptop) and a target PC (DELL
GX110). The schematic relationship between these devices is shown in Figure 4.1. Each
of the components is described in detail in the following sub-sections.
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Host PC

Ethernet Card
Ethernet Card
GPS
Serial Port| [¢——
Accel erometer
PCI 6024E
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Serial Port |1 4«—— DOMINO-2 !
<—|—{ Rear ABS Sensor |

Parallel Port < <

Target PC

Figure 4.1 Schematic diagram of the system hardware

4.2.1 Accelerometer

The accelerometer used to measure the acceleration/deceleration of the SAFEPLOW in
this project is ADXL 105 from Analog Devices. It is a high performance, high accuracy
and complete single-axis acceleration measurement system on a single monolithic IC in
surface mount package. The ADXL 105 measures acceleration with a full-scale range up
to +5g and produces an analog voltage output. The resolution of this accelerometer is
2mg and bandwidth is 10KHz. Figure 4.2 shows the accelerometer output signal
measured in the still SAFEPLOW. Asi it indicates, the output signal contains both bias
and high frequency noises, which are coped with by the Kalman filter and the digital low
pass filter designed in the previous chapter.
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4.2.2 DAQ Card

The Nationa Instrument PCI-6024E is served as data acquisition device in this project.
The PCI-6024E is an analog and digital 1/0 system that communicates with a computer
through a standard bi-directional parallel port. There are 16 12-bit single-ended analog
input channels and 2 12-bit analog output channels; 8 digital 1/0 channels and two 24-bit
counter/timers. The sampling rate for the analog input channel can be as high as
200KHz. The output of the accelerometer is an analog voltage, which is converted into
digital signal by PCI-6024E and sent to the computer through paralel port
communication.

4.2.3 Differential GPS

The Global Positioning System (GPS) is a satellite-based locating and navigating utility
that determines a receiver's precise latitude and longitude by tracking signals from
satellites. The GPS constellation of satellites was declared operatiorel in 1995 and



consists of 24 earth orbiting satellites and a set of monitoring and control stations on the
ground. The satellites orbit at an altitude of 10,898 nautical miles circling the earth

approximately once every 12 hours.

GPS satellites send out two signals: a carrier and a pseudo-random code. The time it
takes from the signals to reach the receiver indicates how far away the satellite is. To
make position calculations, GPS receivers use signals from four or more GPS satellites.
The first three satellites are used to triangulate a position. The fourth is used to improve
the positions’ accuracy by factoring in the time offset between the satellite system’s clock

and the GPS receiver’ s clock.

According to classic GPS theory, one civilian receiver operating in single point mode (no
assistance from other sources) will have an accuracy of +100 meters horizontally. Thisis
far from accurate for this project. Since several errors affecting the signal transmission
will be nearly the same for two receivers near each other on the ground, a receiver at a
point with known coordinates (the monitor station) can monitor the errors and generate
corrections for the remote receiver to use (roving station). This error correction method
is called Differential GPS.

Using differential correction along with some additional signal processing involving the
phase of the GPS carrier frequencies, the MS750 DGPS system used in this project is
typically capable of pinpointing the location of the SAFEPLOW to within £2.5cm as
shown in Figure 4.3.
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The MS750 DGPS system sends out digital data string at 10Hz in serial communication
RS232 format. The GGA message string contains the following information:

Latitude

Direction of latitude

Longitude

Direction of longitude

GPS Quiality indicator

Number of satellitesin use

Age of differential GPS data record

Base station ID
The absolute speed of the vehicle can be obtained by differentiating the DGPS position
data, which is calculated from the latitude and longitude.



4.2.4 Wheel Speed Sensor and DOMINO-2

In order to calculate the wheel dip (the relative difference between wheel speed and
vehicle absolute speed), we need to measure the wheel rotational speed and the vehicle
absolute speed. DGPS signal provides a source for the absolute speed. The existing
antilock brake system (ABS) sensors on the SAFEPLOW are used to obtain the wheel
speeds. There are 100 teeth on each ABS sensor ring. The outputs of the ABS sensors
are sinusoidal signals whose magnitudes increase and periods decrease with increasing
wheel speed. Therefore, there are 100 periods per wheel revolution. Figure 4.4 shows

the output signal of ABS sensor during acceleration.

1 1 | i | i | | |
a0 0.1 0.z 0.3 0.4 0.4& 0B 0.7 08 0s 1

Figure 4.4 The SAFEPL OW whedl ABS output signal

The ABS sensor signals are used to trigger a timer in a micro-controller based
systenm?a DOMINO-2 to measure the period of each sinusoidal curve. DOMINO-2 has a
11.059MHz system clock and 2 input interrupt channels. The period measurements of
both front wheel and rear wheel are sent to the computer through RS232 serial
communication. However, there is a trigger voltage threshold value for the DOMINO-2
system. If the input voltage is too low, it cannot be triggered. Since the ABS output

signal voltage magnitude increases with increasing wheel speed, experimental results



show that it is difficult to measure the period accurately if the wheel speed is below 16
rad/s, corresponding to vehicle speed of 15mph.

4.3 System Software

In order to implement the designed friction coefficient estimator on the SAFEPLOW, the
whole algorithm including RLS, Change Detection, filters and so on are realized in xPC
Target based real-time software.

4.3.1 Real-Time System

The xPC Target versionl.3 from Mathworks serves as the real-time operation system for
this project. xPC Target is a solution for prototyping, testing, and deploying rea-time
systems using standard PC hardware. A target PC, separated from the host PC is needed
for running real-time applications. The program isfirst realized in SIMULINK using the
standard SIMULINK blocks and then the Real- Time Workshop and a C compiler will
create executable code in the host PC. The executable code is downloaded from the host
PC to the target PC running the xPC Target real-time kernel through either RS232 serid
cable or Ethernet connection. After downloading the executable code, the application can

be run and tested in real-time. The main XxPC Target features are summarized as follows:

Rapid prototyping &bility: the xPC Target can automatically convert the software
realized in SIMULINK into executable code, which dramatically cuts the time for coding.
In this project, all the software modules are implemented by using standard SIMULINK
blocks.

High task execution speed: since the xPC Target is running based on a highly
optimized kernel, it makes the target application be capable of high-speed, real-time task
execution. A small block model can run with a sample time as fast as 10 s (100 MHz).
Due to model size and system requirement, the sample frequency is chosen as 200 Hz in
this project.

Convenient signal monitoring and logging: signal acquisition is through the xPC
Target real-time kernel. Signal data for the real-time application is stored in RAM on the
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target PC, and can be visualized as curves or numbers and shown in the monitor while a
real-time application is running. Moreover, the signal data stored in the target RAM can
also be up loaded to the host PC for analysis through RS232 serial communication or
Ethernet connection. In this project, the friction coefficient information is displayed on
the monitor both numerically and graphically. Ethernet cable is used to connect the

target PC and host PC.

4.3.2 Estimation System Software
The friction coefficient estimation system software is composed by several modules.
These modules are organized as shown in Figure 4.5. Every individua module is

described in detail in the following sub-sections.
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Figure4.5 Organization of system software modules

4.3.2.1 GPS Recelving Module

Module Inputs: GPS raw data coming from the GPS system.

Module Outputs: longitude, latitude of the vehicle and GPS time.

The GPS module is used to receive the GPS signal from RS232 serial port COM1. The

main functions of the GPS module are:
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1. Initidize serial port COM1 for GPS communication and specify the data types
according to the structure of GPS signal frame.

2. Receive raw GPS data string from GPS system.

3. Parse the raw GPS data string and extract the longitude, latitude, and GPS time
information.

4. Send the extracted data to the position/speed calculation module.

The xPC RS232 Mainboard receiver module is used to receive the GPS signal. The serial
communication Baudrate is set as 9600 Hz. The GPS signal format is GGA with
updating rate as 10 Hz. 16 output pins are specified for the RS232 Mainboard receiver
according to the data structure of the GPS raw data string. The longitude, latitude, and
GPS time are extracted and sent to the position/speed calculation module at once a
complete GPS frame is well received.

4.3.2.2 Position/Speed Calculation Module
Module Inputs. GPS time, latitude, and longitude.

Module Outputs. vehicle current position in X and Y coordinate, and vehicle speed.
The main purposes of the module are:

1. Interpret the longitude and latitude information as X and Y coordinate.

2. Numerically differentiate the X and Y, and calculate the speed.

The longitude and latitude information parsed in the GPS module are first converted into
global X and Y coordinate. And then, the X and Y are numericaly differentiated in the

following way:
. X. - X
X = ¢ P (41)
TGPSC - TGPsp
. Y. Y,
V= (4.2)
TGPSC - TGPSp



where, X_,Y,arethe current vehicle coordinates, X ,Y, are the vehicle coordinates in the
previous cycle.  Tgpe.adTgpg,are the current GPS time and previous GPS time,
respectively. After obtainingthe X and Y , the vehicle speed can be calculated as:

V =4/X2+Y?2 4.3)

Since the GPS signal is updated at frequency about 10 Hz, the output of the module, X,
Y ,and V are updated about every 0.1 second.

4.3.2.3 Whedl Speed Module

Module Inputs: output signals from DOMINO-2 microprocessor.

Module Outputs: vehicle front and rear wheel speeds.

The main functions of the module are:

1. Parse the signals from DOMINO-2 into front and rear wheel pulse period signals,
respectively.

2. Calculate the front and rear wheel speeds based on the measured pul se periods.

The front whed ABS signal and rear wheel ABS signa are connected to the two input
channels of the DOMINO-2, respectively. There are two outputs from the DOMINO-2.
The first output is the channel identifier, with the value of “1” or “2”, which indicates the
measured pulse period in the second output belong to either channell or channel2. The
second output of the DOMINO-2 is the measured pulse period value with resolution as
1.085 ms. Since there are 100 teeth on both the front and rear wheel tracks, 100 pulses
will be generated per whed revolution. Thus, the wheel speed can be calculated as

follows:

iy

W, = 4.4
" 100°1.085"10° P, , 44

r

where, w,  represents the front and rear wheel speeds. P, ; represents the measured

m

pulse periods for front and rear wheel.
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4.3.2.4 Wheel Speed Peak Filtering Module
Module Inputs. measured front and rear wheel speeds, GPS speed.
Module Outputs: filtered peak-free front and rear wheel speeds.

The main function of this module is to eliminate the big peaks contained in both the front
and rear wheel speed signals. The peak filter driven by the GPS speed signal designed in
the previous chapter is implemented in this module. This module will function only if the
GPS speed isin the regular interval of [3 m/s, 30 m/g).

4.3.2.5 Accelerometer Bias Estimation Module

Module Inputs. raw accelerometer signal, GPS speed.
Module Output : acceleration/deceleration.

The main functions of the module are:

1. Estimate the accelerometer bias online.

2. Remove the bias and high frequency noise in the accelerometer signal.

The Kaman filter designed in the previous chapter is implemented in this module to
estimate the accelerometer bias. The estimated bias is removed from the accelerometer
signal and then a digital eliptic low-pass filter attenuates the high frequency noises. This
module is aso controlled by the GPS speed. It will function only if the GPS speed sin
the regular interval of [3 m/s, 30 m/g].

4.3.2.6 Normalized Force and Slip Calculation Module
Module Inputs: GPS speed, vehicle acceleration/deceleration, front and rear wheel
Speeds.

Module Outputs: regression vector, and measured system output.

As the preparation part for the RLS module, the main functions of this module are:
1. Cdculate the dip for both front wheel and rear wheel using the front and rear wheel
speed and GPS speed (vehicle absolutely speed).

2. Cadlculate the normal force for both front and rear wheds.

52



3. Caculate the traction/braking forces generated at both front and rear wheels based on
the vehicle dynamics.
4. Switch the appropriate calculate results as the regression vector and measured system

output¥2 modul e outputs.

The dlips, regression vector, and the measured system output (Normalized force) are
caculated according to the models described in chapter 2. The vehicle
acceleration/deceleration signal is used as the switching signal, which controls whether
the traction calculation results or the braking calculation results go to the module outputs

based on its polarity (positive for traction and negative for braking).

4.2.2.7 Change Detection/Gain Switch Module
Module Inputs: vehicle acceleration, wheel speed, measured system output, estimated

system output, and drift.

Module Output: RLS gain

The main functions of this module are:

1. Monitor the identification error and generate alarm signal if the road surface is
changing.

2. Switch the proper gain for the RLS module to ensure it has less variation when there
is no road surface changing and prompt convergence rate when there is road surface

changing.

The CUSUM change detection algorithm described in chapter 3 is implemented in this
module. The aarm signal triggers the gain switching mechanism. If a change is
detected, a big gain will be switched to the module output, and resume to regular gain
when the alarm signal disappears. The force calculation will become inaccurate if the
vehicle acceleration/deceleration is too small, and the ABS signal will become very
inaccurate below certain speed, therefore, the vehicle accel eration/decel eration and wheel
speed signals are used to determine whether the RLS should update the friction
information or not. If one of these two signals is below certain level, the RLS gain will



be switched as zero, and the system stops update the friction information and keeps the

old value.

4.2.2.8 RLS Module

Module Inputs: regression vector, measured system output, gain.

Module Output : estimated dip-slope.

The main function of this module is to update the estimated dip-sdope vaue in rea-time
based on the inputs and the gain provided by the Change Detection/Gain Switch module.
The RLS algorithm described in chapter 3 is implemented in this module.

4.2.2.9 Road Surface Classification Module

Module Inputs: estimated dlip-slope, normalized longitudinal force, wheel dips.

Module Output: road surface friction level.

The main function of this module is to classify the road surface friction level based on the
estimated slip-dlope or normalized longitudinal force and measured wheel dips using a
classification function, which is developed based on the experimental data. If the dip is
low, the dlip-slope is used to classify the road surface friction level. [If the dip is high, the
normalized longitudinal force is directly used to classify the friction level.



Chapter 5: Experimental Results

5.1 Introduction
After designing the estimation algorithm, extensive experimental tests were carried out to
improve and verify the estimation system performance. This chapter presents and

analyzes the experimental results.

As described in chapter 2 and chapter 3, the objective of the friction coefficient
identification system is to estimate the road surface friction level or the maximum friction

coefficient m, that the tire-road can provide during both vehicle acceleration (traction)

and braking maneuvers. Many tests were done on different road surfaces for different
operations. This chapter consists of the following parts:

Experimental results on dry concrete road surface, including both acceleration and
braking.

Experimental results on concrete surface with light snow covering, including both
acceleration and braking.

Experimental results on road surface that consists of two different friction levels,
which are used to examine the system transient response.

Experimental result for hard braking in which the tires undergo high dlip and work in
the nonlinear region of the friction-dlip relationship.

Analysis of the experimental results.

The vehicle used to conduct the experiments is a full sized snowplow (referred to as
SAFEPLOW) manufactured by Navistar International Truck Company as shown in
Figure 51. This SAFEPLOW is equipped with GPS antennalreceiver, ABS,
accelerometer, radar, and several other sensors and actuators.



The main parameters of this SAFEPLOW related to the longitudinal dynamics for the

Figure 5.1 The SAFEPLOW used for the experiments

friction coefficient identification are listed in Table 5.1.

Parameter | Total Mass | L, L, Height of C.G. | Vehicle Front Area
(Kg) m |[m | ()
Value 9834 2339 | 2716 |12 6.0

5.2 Testson Dry Concrete Road Surface
The experiments for this part were carried out on the dry concrete testing track at the
MnRoad Research Facility on sunny days. The track was well-paved concrete surface

and completely dry. So, the friction level of the surface was very good. The maximum

Table 5.1 SAFEPLOW main parameters

friction coefficient m, isaround 1.




5.2.1 Acceleration (Traction) Test

The dlip-slope based friction coefficient estimation method was conducted for
acceleration with different starting speeds. At the beginning of the test, the speed of the
vehicle was kept constant for about 6 seconds to alow the low-pass filters to initidize
and Kaman filter to estimate the accelerometer bias. After that, the vehicle starts
accelerating. Figure 5.2 and Figure 5.3 show the dip-dope estimation results for
acceleration with starting speeds at 20 mph (9 m/s) and 25 mph (11 m/s), respectively.
As the reaults indicate, the dip-slopes for the dry concrete acceleration converge to a
value of about 9.8.
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5.2.2 Combination of Acceleration and Braking Test

Experiments for the situation of sequential acceleration and braking were also studied on
the same dry concrete surface. Figure 5.4 shows one of the testing results. The
SAFEPLOW first stays at a constant speed for a while to let the filters initialize and
estimate the accelerometer bias, then it starts accelerating for about 20 seconds and then
gently brakes for about 10 seconds. As the result indicates, the dip-slope consistently

converges to about the same value around 9.8.
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Figure 5.4 Slip-dope estimation during acceleration and braking

From the experimental results, we can see that for acceleration and braking in the small
dip region, the dip-slope consistently converges to some value around 9.8 on this
surface. Therefore, we can use this dip-dope value to classify the road surface as dry

concrete, dry concrete like surface or classify the maximum friction coefficient m), as

about 1.
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5.3 Testson Concrete Surface with Light L oose Snow Covering

The experiments for this part were carried out also on the concrete testing track at the
MnRoad Research Facility, but on a day after a heavy snow day. The track had already
been plowed, but since no sat and sand were put on it, it was still lightly covered by
loose snow brought on by wind. Figure 5.5 shows the exact road surface condition for
the experiments presented in this section. The right side lane in the figure was used for
the testing. Since the road surface is dightly dlippery, the maximum friction coefficient

m, is expected to be less than 1.

= S, ¥k S

Figure5.5 Theroad surface used to conduct the experimentsfor this section

5.3.1 Acceleration (Traction) Test

Similar to the tests in section 5.2.1, the slip-slope based friction coefficient estimation
method was used for acceleration with different starting speeds on this surface with light
snow covering. Figure 5.6 and Figure 5.7 show the dlip-dope estimation results for
acceleration with starting speed as 20 mph (9 m/s) and 25 mph (11 m/s), respectively. As

the results indicate, the slip-slopes for the acceleration converge to a value about 7.0.
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5.3.2 Combination of Acceleration and Braking Test

Similar to the tests in section 5.2.2, experiments for the situation of sequentia
acceleration and braking were also conducted on the same concrete surface. Figure 5.8
shows one of the testing results. The SAFEPLOW first stays at a constant speed for a
while to let the filters initialize and estimate the accelerometer bias, then it starts
accelerating for about 16 seconds and then gently brakes for about 16 seconds. As the

result indicates, the dlip-slope consistently converges to about the same value around 7.0.
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Figure 5.8 Acceleration and braking on surface with light covering snow

Notice that the estimator stops updating the dip-slope at about 32 seconds because the
wheel speeds are below the threshold value that Domino-2 can detect. Thus, the system
just keeps the last estimated value before stopping the updating.

From the experimental results, we can see that for acceleration and braking in the small
dip region, the dip-slope consistently converges to some value around 7.0, which is quite
different from the dip-slope value (9.8) obtained on dry concrete surface. Therefore, we

can wse this dip-slope value to classify the road surface as a dightly slippery surface or

the maximum friction coefficient m, asabout 0.7.



5.4 Testson Surface Consisting of Two Different Friction Levels

The purpose of the experiments in this section is to test the system transient response
performance and ability to detect the sudden change of the road friction level. The tests
were conducted on atrack at Minnesota Highway Safety and Research Center (St. Cloud,
Minnesota). The testing track consists of two surfaces with different friction levels —
dry asphalt surface and icy surface. Figure 5.9 shows the transitional part of the track.

Figure5.9 Thetrack used to conduct the experimentsfor this section

5.4.1 Acceleration (Traction) Test

The SAFEPLOW was started at 15 mph and accelerated through the transitional part of
the testing track. The result is shown in Figure 5.10. At the beginning, the SAFEPLOW
keeps constant speed and therefore, the system does not update the friction coefficient.
At about 14 seconds, it starts accelerating on the dry asphalt and the system starts
updating the friction coefficient. The third row of the Figure 5.10 shows the dlip value of
the tire. On the dry asphalt surface, the dlip islow and the tires work in the linear region,
therefore, the dip-dope is used to classify the surface friction level. At once the vehicle



hits the icy surface, the tire dlip increases significantly and the tires work in the nonlinear

region, therefore, the mrmalized force is used to classify the surface friction level.
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Figure 5.10 System response when acceler ating through the transitional part

As the result indicates, the system can promptly detect the sharp change on the road

surface friction level and the friction coefficient converges to 0.22 for the icy surface.

5.4.2 Combination of Acceleration and Braking Test

Figure 5.11 shows the experimental result of the testing in which the SAFEPLOW
accelerates on the dry asphalt surface and brakes through the transitional part of the track.
Similarly, on the dry asphalt surface, tires work in the low-dlip linear region and the slip-
slope is used to classify the surface friction level for both acceleration and braking.



However, the wheel will lock up at once t reaches the icy surface when performing
brake. Thus, the dip will be aimost as high as 100% and the tires are working in the
nonlinear region, therefore, the normalized force is used to classify the surface friction
level. As the result indicates, the system promptly converges the friction coefficient to

0.22 at once the vehicle reaches the icy surface.
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Figure5.11 System response when braking through the transitional part

5.5Hard Braking Test

This section is used to further verify the system performance in high-slip region
(nonlinear part of the frictiondlip curves). SAFEPLOW performs hard braking on dry
concrete surface at MNROAD Research Facility. Figure 5.12 shows the testing resullt.
Since the tires are working outside the linear region, the normalized force is directly used

to classify the surface friction level. As the result indicates, the system behaviors well



even in the nonlinear region. The estimated friction coefficient converges to about 0.96
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5.5 Testson a Gravel Surface
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Figure5.13 Estimated friction coefficient on a gravel road surface

Figure 5.13 shows the estimated friction coefficient on a dirt road and on a gravel
surface. Once the snowplow starts accelerating around 12 seconds, the friction
coefficient isinitially estimated to be around 0.6 while the vehicleison adirt road. Later
when the vehicle moves to a gravel surface, the friction coefficient is estimated to be

around 0.4

5.6 Analysis of the Experimental Results

The friction coefficient estimation system was analyzed in detail to determine the reasons
that limit the system performance and methods to improve it. The following reasons
were found that limited the system performance:



1. Sensitivity of the accelerometer to the vertical vibration. In the experiments, an
accelerometer is attached on the vehicle body aong its longitudinal axis to measure the
total longitudinal acceleration/deceleration of the vehicle. However, in the testing, we
found that the accelerometer not only responds the longitudinal accel eration/deceleration
as expected, but also dightly reacts to the vertical vibrations caused by road surface
roughness and engine. The accelerometer output signal caused by the vertical vibrations
is in the same frequency band as the longitudinal acceleration/deceleration. Thus, it is
hard to remove this noise from the signa using filters.  This contaminated
acceleration/deceleration definitely will cause fluctuation of the estimated slip-slope.
Figure 5.14 shows the measured and filtered accel erometer signal when the SAFEPLOW
IS running at a constant speed, 9 m/s on a well-paved flat concrete surface. As one can
see, the accelerometer till has considerable response even the vehicle is running at a
constant speed on a quite flat road surface. If the road surface is bumpy, the

accelerometer will pick up more significant noise due to vehicle vertical vibrations.
This issue might be ameliorated if we caculate the traction force from engine,

transmission, driveline, and brake system dynamics. However, this method would
reguire more sensors and measurements, which are not accessible in this project.
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Figure 5.14 Measured and filtered accelerometer signal at constant vehicle speed

2. Wind speed influence. In the longitudinal force calculation of chapter 2, the air drag
force is set asF, =D_,V? with ignoring the wind speed. However, in case of windy
wesather conditions, the air drag force would be F, =D, (V +V,)?, with V, being the

wind speed. However, we could not measure the wind speed on the SAFEPLOW and the
wind speed is set as O in the experiments, which could introduce some error in the
longitudinal force calculation especially during windy days. In the experimental testing,
we tried to avoid the windy days, however, in the practical applications, the ignoring of

the wind speed could still cause some error. In order to obtain a more accurate F,, a

wind speed sensor is needed to measure the V,,.
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3. DOMINO-2 trigger threshold voltage value. In this project, the whed speed is
caculated from the ABS wheel speed sensor signal of the SAFEPLOW. As shown in
chapter 4, the ABS wheel speed sensor output is a sinusoidal signal whose period is
proportional to the speed and magnitude increases with speed as well. The DOMINO-2
microprocessor is used to capture the rising edges of the signal and therefore to calculate
the signal period and wheel speed. However, in order to trigger the DOMINO-2, the
voltage of the signal needs to be bigger than a threshold value (about 2v), and thus the
signal period can be precisely calculated. We experimentally found that the wheel speed
has to be above 16 rad/s to ensure adequately accurate dip calculation. If the wheel
speed is too low, the dip will be inaccurate and neither the dip-slope. However, this
limitation could be overcome by using a more sensitive microprocessor or better ABS
Sensor.

4. Sow GPS sampling rate. The GPS system we used in the project provides samples at
10 Hz. The vehicle speed is obtained from the differentiation of this GPS signal. The
sampling rate of the whole system is 200 Hz. That means the speed signal updates only 1
time while other signals update 20 times. If the vehicle travels at 20 m/s, then the
estimator will get a new speed signal every 2 meters. This low GPS sampling rate
certainly introduces lag into the system. A faster GPS could improve the system

performance.
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Chapter 6: Instrumented Redundant Wheel for Friction Measur ement

6.1 Friction Wheel

A new friction measurement system consisting of a redundant wheel mounted at a small
angle to the longitudina axis of the vehicle was developed. This wheel-based system
was found to be a good candidate for a robust, reliable and inexpensive friction
measurement system. The system requires no actuators and requires no skidding. Since
it is mounted at an angle to the vehicle axis, the wheel aways has an adequate slip angle
and was able to reliably estimate friction coefficient.

This redundant wheel-based system must be contrasted with the Norse meter, a friction
meter manufactured by Norsemeter Company, Rud, Norway. The Norse meter also
utilizes a redundnat wheel (an automobile tire) attached to the truck. This tire is
automatically skidded on the roadway surface at timed intervals (and at the operator’s
discretion) and a friction value is recorded by the Norsemeter. The disadvantages of the
Norse meter are

1) Problems with corrosion of parts, broken belts and frequent replacement of failed
components.

2) The Norsemeter is expensive. Each device costs over $50Kk.

Unlike the Norse meter, the friction wheel developed in this project has very few moving
parts, no actuators for skidding and requires no braking of the wheel. It is expected to be
much more reliable than the Norse meter and also much less expensive. The approximate

cost of all the components used in the development of the prototype whedl for this project
was less than $2000.

Figure 6.1 shows a photograph of the instrumented wheel on the Safeplow. The wheel is
pivoted and attached to the snowplow through aload cell. Lateral forces on the wheel are
transmitted to the snowplow through the load cell. A pneumatic actuator is used to apply
a constant vertical load on the tire. The pneumatic actuator utilizes the spare tank of

compressed air on the snowplow.
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Figure 6.1 Instrumented redundant wheel
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Figure 6.3 Regulator that controls vertical pneumatic force on friction wheel
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Figure 6.2 shows a photograph of the friction wheel when it has been withdrawn and
lifted off theroad. A switch near the driver’s seat activates the pneumatic actuator and is
used to deploy the friction wheel or to lift it off the road. Figure 6.3 shows the regulator
system that is used to control the vertical pneumatic force on the whedl.

6.2 Experimental Results

The friction wheel was evaluated on dry asphalt road, on gravel and during transitions
from gravel to asphalt road and vice-versa.  Figure 6.4 shows experimental data on dry
asphalt road at low speed. The friction coefficient was calculated directly from the lateral
force measured by the load cell on the friction wheel. As seen in Figure 6.4, once the
snowplow starts moving, the friction coefficient is measured to be a value around 0.85.
There is significant noise in the readings, which come from the vibrations of the
snowplow. The effect of the noise could potentialy be removed in the future by signal

processing algorithms that utilize additional vibration sensors.

Figure 6.5 shows the friction coefficient measured by the friction wheel on dry asphalt at
a vehicle speed of 25 mph. Again it can be clearly seen that the mean vaue of the
measured friction coefficient is around 0.85, though there is significant variation from the

mean due to noise in the measurement.
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Figure 6.6 show the measured friction coefficient on a gravel road close to the Maple
Grove truck station. As seen in the figure, once the snowplow starts moving, the friction
coefficient is measured to be a value around 0.4. This is clearly and significantly

different from the value measured on dry asphalt.

Figure 6.7 shows the measured friction coefficient during transitions from gravel to dry
asphalt and dry asphalt to gravel. As seen in the figure, the transition from ore type of
surface to another is measured very quickly. The friction coefficient changes quickly
from 0.4 on gravel to around 0.85 on dry asphalt and then changes back to a value of

around 0.4 on gravel.

Figure 6.6 can be compared to Figure 5.13 where the friction coefficient on gravel was
earlier measured using the vehicle-based friction measurement system. Likewise,
Figures 6.4 and 6.5 can be compared to the earlier results on dry concrete and dry asphalt
in Chapter 5. It can be seen that the friction coefficient values measured by the friction
wheel are in good agreement with the friction coefficient estimated by the vehicle-based
system.
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Chapter 7. Conclusions

This project concentrated on the development of real-time tire-road friction coefficient
estimation systems for snowplows that can reliably estimate different road surface
friction levels and quickly detect abrupt changes in friction coefficient. Two types of
systems were developed — a vehicle-based system and a wheel-based system. The
vehicle-based friction measurement system utilized vehicle motion measurements from
differentiadl GPS and other onboard vehicle sensors. The whee-based friction
measurement system utilized a redundant wheel that was mounted at a small angle to the

longitudinal axis of the vehicle.

Complete technical details on the vehicle-based friction measurement system were
presented in this report. Compared to previousy published results in literature, the
advantage of the vehicle-based system developed here is that it is applicable during both
vehicle acceleration and braking and works reliably for a wide range of dip ratios,
including high dip conditions. The system can be utilized on front/rear-wheel drive as
well as al-wheel drive vehicles. Extensive results were presented from experimental
results conducted on various surfaces with a winter maintenance vehicle called the
“SAFEPLOW.” The experimental results showed that the system performs reliably and
quickly in estimating friction coefficient on different road surfaces during various vehicle

maneuvers.

The new wheel-based system developed in this project has several advantages compared
to the popular Norse-meter, which is a commercially available redundant wheel-based
system. The new wheel-based system has very few moving parts, requires no actuators
for skidding the wheel and requires no braking of the wheel. It is expected to be more
reliable and much less expensive than the Norsemeter. Experimental results presented in
this report showed that the rew wheel-based system worked effectively in determining
friction coefficient and in measuring the change of friction coefficient during transition

from one type of surface to another.
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The developed friction identification systems have many applications in vehicle safety
systems such as ABS, skid control and collison avoidance systems and are also useful
for winter maintenance vehicles in which knowledge of the friction coefficient can be

used to determine the amount and type of deicing chemicals to be applied to a winter
roadway.
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