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System Identification and Adaptive Steering of Tractors
Utilizing Differential Global Positioning System

Andrew Rekow,” Thomas Bell," David Bevly,:c and Bradford Parkinson®
Stanford University, Stanford, California 94035

A real-time gradient-based method of identifying parameters defining the dynamic response of a farm tractor
is presented. By use of a linear state-space model of the vehicle, four parameters are identified with carrier-phase
differential Global Positioning System as the primary sensor for position and attitude, and a linear potentiometer
is used to measure steering angle. The resulting real-time estimates of the vehicle parameters are used to redesign
linear control gains. This adaptive estimation and control scheme achieves a 25% improvement in lateral error
standard deviation over a conventional fixed-gain controller.

Introduction

HE advent of relatively low-cost, Global Positioning System-

(GPS-) based centimeter-level position sensors has caused a
profound change in the world of vehicle guidance and control. It
is possible to determine accurately the position and orientation of
a ground vehicle without sensor drift, using a single, high-integrity
system.

At Stanford University, automatic tractor control using carrier-
phase differential GPS (CPDGPS) is an outgrowth of research in-
volving aircraft' = and the need for high-accuracy (i.e., relative to
accuracy that can be achieved by an expert human operator un-
der ideal conditions) control of farm tractors on the modern farm.
High-accuracy guidance and control of a tractor over an arbitrary
trajectory makes it possible to reduce row overlap and therefore
wasted time, fuel, and chemicals under a wider range of weather
conditions. It also may provide relief to operators who must work a
very difficult job under long hours and grueling conditions.

Through this research the sensitivity of the control algorithm to
operational conditions has become apparent. Factors such as vehi-
cle configuration or soil type and condition greatly influence the
dynamic response of the vehicle to commanded inputs. This added
uncertaintyin the system introduces unaccounted-forerrors that de-
grade the performance of the guidance and control system.

One possible solution to this challenge would be to recalibratethe
vehicle prior to every operation. This approach is undesirable for
two main reasons. Operational conditions can vary over time spans
on the order of several minutes. Furthermore, the time necessary for
and the complexity of performing a calibration run is not practical
in a realistic setting.

Another possible response to accommodate changes in the sys-
tem dynamics is to perform a system identification of the vehicle
during model operation and develop a very robust controller from
that model. The Observer—Kalman Identification (OKID) algorithm
has been applied to the system in an attempt to provide a robust
fixed-gain controller that works under a variety of conditions’ The
OKID algorithm is an off-line system identification algorithm and
therefore would have to be run periodically as a batch process for
real-time use. A disadvantage of the OKID algorithm is its black-
box approachto system identification. As a result, it is very difficult
to infer physical meaning to any of the parameters. Although this
is an attribute when little is known about the system, it is a liabil-
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ity when the user would like to introduce knowledge of the system
before the identification.

In this work a gradient-based on-line parameter identification al-
gorithm is used because it allows knowledge to be incorporated
into the identification process while keeping the computation re-
quirements suitable for real-time implementation. The objective is
to identify a small number of parameters within a state estimation
filter and then to use the estimated parameters to recalculate the
controller and estimator gain.

System Model

The vehicle model is a slightly modified version of the model
developedby Wong® and refined by O’Connor.' The lateral position
y is influenced by the heading, which is influenced by the steering
angle (see Fig. 1).

The Wong model accounts for all lateral tire forces and vehicle
inertia. O’Connor simplifies this by assuming small lateral tire slips.
This reduced model treats the coupling between the heading and the
steering angle as a first-order lag and the actual steering angle slew
rate as a first-order lag system of the commanded slew rate. The
vehicle model is
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where y is the lateral error from the desired trajectory, W is the
heading error, €2, is the yaw rate, § is the steering angle, w is the
slew rate, v, is the forward velocity, and p,—ps are the unknown
vehicle parameters. These parameters come directly from Ref. 1
and are based loosely on the Wong bicycle model,® with an assump-
tion of small tire slip. O’Connor’s parameter p; was defined as the
derivative of the linearized lateral velocity with respect to heading.
This parameter is verified theoretically and experimentally to be 1
by O’Connor.! Because this parameter already has been shown be
invariant, it is left out of the model. For consistency with previous
work, we retain the enumeration for the remaining parameters. A
precise definition of what these parametersrepresentis presentedin
the Identification Algorithm section.

The measured states are lateral position error, heading error, and
steer angle. The resulting observation equation is
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Fig.1 Kinematic model.

The vehicle parameters (p,—ps) are unknown, vary over time, and
are highly dependenton factors such as soil, implement, ballast con-
figuration,and tire selection. Real-time identification of p,—ps, vital
to improving controller performance, is the focus of this research.

Identification Algorithm

The identification algorithm is an extension of the least mean
square (LMS) algorithm developed by Widrow and Hoff and pre-
sented in Ref. 7. The LMS algorithm utilizes gradient estimation
techniques to minimize a quadratic cost function. The algorithm
minimizes the variance in sequential innovations by adjusting the
estimate of p,—ps. The algorithm presented here has been extended
to this particular system.

The algorithm requires state estimates at every epoch. These es-
timates are generated with the standard linear Kalman filter:

Kalman Filter Step
Given
X1 =2(P) X + T (pup + wy, Z, =CX; 4+ v
Elw,]=0 and E[v]=0 3)

E[wkwkT]zQ and E[vkva]zR

where X € R"*!,Z € R"*!',T € R"* and ® and I are both
functions of the unknown vector )4 (system parameters) and are
evaluatedwith the mostrecentestimate of p, n is the number of states
modeled, m is the number of measurements included, and i is the
number of inputs. Note that @ and I" are the discrete representation
of A and B from Eq. (1). The optimal estimate of X, . |, given X,
for a fixed ® and I" then is calculated in two steps.
1) Time Update:

X =omXY +T(pu, P =oPo"+0Q @)

2) Measurement Update:

=) ) -1
L=P\C"-(CP\CT +R)
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Pk(:)l = -LC)- Pk(+)1

Parameter Estimation Step

If ® and I" are not evaluated using their optimal values, there will
be a mismatch in the dynamics of the filter and the dynamics of
the system. The vehicle will behave differently than the model for
a given input. This mismatch will cause a serial correlation in the
innovation. The information that is provided by this correlation is
leveraged to back out a better estimate of the parameters.

The performance cost function is defined as the mean squared
error of the measurements.

J=E[e"e]
where
e
g=|e/ | =@-u-0-C- (X' =XP)) = Az — A%
ES

(6)

with

Az =27 —Zx—1 and Aik =C- (Xl((_) — X]((t)l)

If the identified parameters accurately represent the system dy-
namics, the error will contain only system noise, which introduces
no bias.® Because J is simply the inner product of the measure-
ment errors, it is sufficient to minimize the variance of each element
within the error. This aids the identification process by decoupling
the parameters from each other.

Identification of pa
The parameter p, canbe interpretedas the influence of yaw rate on
the lateral velocity. Calculating the gradientof e” with respectto p,;
"2 N2 oy . N
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To a first-ordertrapezoidalapproximation(7 is the sampleinterval),

AV T rem o
R — Q 8
o, 2[k+k_1] (8)
Therefore,
2
ae) R -
) ~Te [ + Q7] ©)

ap,

From this result, Newton’s method can be used for updating p:
P2 pat+2-py- Te,f |_§21(<+) + le(f—)lJ (10)
where p is a learning coefficient to be discussed latter.

Identification of p3 and pa

The parameter p; is the time constant associated with the lag
between the actual yaw rate and the steady-state yaw rate, whereas
p4 defines the yaw accelerationachieved from a given forward speed
and steer angle. The gradients of e with respectto ps and p, are
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Again using a simple trapezoidal integration,
0AW T2 rac L a
Ty L] (120)
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resulting in update equations of
Py < Py — 3 €) 'T2/2'[§2,((+)+§AZ,((+_)1] (13a)

po—pitpa-el T2 20 - [60 +8P]  (3b)

Identification of ps

The parameter ps representsthe lag between the actualsteer-angle
slew rate and the steady-staterate.

This parameter manifests itself within the steeringangle error, ¢°.
The gradientis

a(et)’ ) (&) v aad, _ _2658A§k

— (14)
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The trapezoidal integrationis slightly different because of the addi-
tion of the zero-order hold on the input:

IAS T2 oy, -
8pk %—T-[wf’)-i—wf’_)l —2uk_1] (15)
s

leaving the final update equation as
ps < ps—us-ep -T2 [0 + o — 2u ] (16)

Discussion of Lo —4s

In each of the update equations (10, 13a, 13b, and 16) there are
learning coefficients p. The OKID algorithmis gradientbased. The
change in each of the parametersis directly proportionalto the esti-
mated gradient. The learning coefficients scale the size of the steps
to be taken. A large learning coefficient will resultin rapid learning.
Unfortunately, with rapid learning there is little noise rejection and
the variance through time of the parameter estimates is large. When
1 takesona value largerthan a critical value, the algorithmdiverges.
The value of this critical learning coefficient is determined from the
eigenvalues of the input correlation. The evaluation of this critical
value is covered very well by Widrow and Stearns.” In practice,
the values to use for the learning coefficients often are determined
empirically.

Experimental Results

The OKID algorithm was implemented on the farm tractor shown
in Fig. 2. The vehicle was equipped with CPDGPS to measure both
positionand attitude (roll, pitch, and yaw) to within2 cmand 0.1 deg
(1 o), respectively. Position was measured using a high-integrity
CPDGPS and attitude was measured using the four-antenna sys-
tem. Note that the attitude system determines its measurement via
internal baselines. It does not require a fixed reference station to
provide position measurements at each antenna. This means that
the attitude system is not dependent on the positioning system.’
Also, the attitude antennas are mounted on a very rigid frame, elim-
inating any attitude baseline variations. A linear potentiometer was
fitted to the steering linkage to measure the front wheel angle. An
Intel Pentium-based personal computer running the Lynx real-time
operating system provided the control.

The adaptiveestimator was run for approximatelyhalfan hourand
allowed to converge. The feedback controllerused the estimated pa-
rameters to calculate linear quadratic regulator (LQR) control gains
and the subsequentcontrol signal in real time. These feedback gains
were used to regulate about several curved rows (shown in Fig. 3),
utilizing Bell’s curved trajectory control algorithm.!® This control
algorithmis essentially an LQR in which the future reference states
are generated for N steps. These reference states then are backprop-
agated to the current epoch to generate a series of feedforward con-
trol inputs. This algorithm is repeated at every epoch, and only the
current epoch’s control input actually is used to control the vehicle.

For the test, the tractor was fitted with a six-row hitched cultivator,
arelativelylarge and heavy tool that noticeably affected the tractor’s
handling. As a comparison, a fixed controller developed by Bell

Fig.2 Test tractor.

Table1 Lateral error comparison

Fixed controller Adaptive controller

Row no Mean, cm Std. dev., cm Mean, cm Std. dev., cm
1 2.40 5.08 3.17 3.46
2 2.16 3.81 1.59 2.78
3 3.00 4.38 3.88 3.46
4 2.83 391 1.38 2.74
5 2.15 4.63 3.88 3.11
6 2.35 4.26 1.39 3.00
Average 2.48 4.35 2.55 3.10
90
80
E’ 701 4—Row 6
£ 60
8
A& 50
g
E 40
4
Row1 —Pp
30
20 T T T T
0 50 100 150 200 250
East Position (m)
Fig.3 Test trajectory.
20% T T
€ [l P ol
81.5% H Adantive m T
21.0% T L
g T LLL
505% iﬂ:f pns
o ru_“J
0.0%

2o 145 40 5 0 5 10 1B 2
Lateral rror (cm)

Fig.4 Lateral error histogram.

et al.'” was used over the identical trajectory. This controller was
developedby utilizing the fixed parametersidentified by O’ Connor!
on the same tractor but without any implement and on firm ground.
Table 1 shows the performance of each controller on each row.
Figure 4 shows a histogram of the overall distribution of lateral
errors. The lateral error distributionshown in Fig. 4 is both narrower
and more regular. This indicates less searching by the regulator
because of improperly modeled dynamics. Both Table 1 and Fig. 4
show a 25% improvement in the lateral error distribution. This is
attributed primarily to the large effect on the steering effectiveness
(parameter p,) that the heavy implement has on the vehicle.

Conclusions

A real-time parameter identification technique has been devel-
oped for an autonomous farm tractor. The 25% controller accuracy
improvementillustrates the potential of system identification for an
autonomous farm tractor. This improved controller exhibited fewer
large deviations from the requested trajectories, thus requiring less
controller energy. This may help to reduce wear and tear on the
vehicle. It may also provide the ability to reduce operational costs
to the user by reducing wasted time and chemicals. This work has
also demonstratedthe viability of CPDGPS for real-time vehicledy-
namic model identification. An accurate model of vehicle dynamics
was generated using differential GPS as the primary sensor. This
model was generated autonomously and was able to recalibrate for
different vehicle setup with no direct operator input, a feature that
definitely would be attractive to any commercial end user.
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