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Nullspace Adaptive Velocity Controller for Ground Vehicles: Theory

and Experimental Evaluation

Allan H. Elsberry'?", Jeremy J. Dawkins®", and Louis L. Whitcomb®

Abstract—We report a novel stable Model-Based Adaptive
Velocity Tracking Controller (AVTC) for ground vehicles capable
of asymptotically exactly tracking longitudinal and yaw reference
velocities and simultaneously adaptively identifying unknown
plant parameters and actuator parameters. The reported AVTC
is developed for velocity control of the commonly accepted three
degree-of-freedom second-order dynamic “bicycle” model for
ground vehicles.

A Lyapunov analysis shows asymptotic stability of the velocity
tracking error in longitudinal and yaw velocities, boundedness of
all signals, and convergence of the adaptive parameter estimates.
A performance evaluation of the proposed AVTC is reported
including numerical simulation evaluation and experimental
evaluation that corroborates the analytical predictions of stability
and tracking, and compares its performance to its non-adaptive
counterpart and two alternative controllers.

AVTC only requires body-frame velocities and control in-
put signals, and robustly detects, quantitatively identifies, and
compensates dynamically in real-time for faults arising from
changes to plant, actuator, and environmental parameters during
operations.

Index Terms—Robust/adaptive control, underactuated robots,
model parameter identification, model-based control

I. INTRODUCTION

HIS letter addresses the problem of stable trajectory-

tracking velocity control for ground vehicles for which
plant parameters (such as mass, moment-of-inertia, payload,
rolling resistance) and actuator parameters (such as motor
torque constants and tire cornering stiffness values) are a
priori unknown. Fixed model-based control approaches to this
problem require previous identification of the ground vehicle
plant and model parameter values, and their stability and
performance may degrade if model parameters are not known
exactly, or change during ground vehicle operation.

This letter reports a novel stable model-based Adaptive Ve-
locity Tracking Controller (AVTC) for underactuated ground
vehicles capable of asymptotically exactly tracking time-
varying reference longitudinal and yaw velocities and simul-
taneously adaptively identifying unknown plant parameters
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and actuator parameters. The reported AVTC is developed for
velocity control of the commonly accepted Three Degree of
Freedom (3-DOF) second-order dynamic “bicycle” model for
ground vehicles.

We report a mathematical stability analysis showing asymp-
totic stability of the velocity tracking error in longitudinal and
yaw velocities, boundedness of all signals, and convergence
of the adaptive parameter estimates.

We report the first performance evaluation of the proposed
AVTC including numerical simulation evaluation and experi-
mental evaluation, which corroborate the analytical predictions
of stability and performance, and compares its performance to
its non-adaptive counterpart and two alternative controllers.

AVTC provides the following advantages:

1. Stable Tracking Control in Presence of Unknown, Changing,
and Faulty Plant and Actuator Parameters: Adaptive model-
based control algorithms can provide fault-tolerant control
that adapts to changes and faults in vehicle parameters (e.g.:
changes in mass or inertia due to mission payload, or changes
in tire cornering stiffness due to tire wear) and environment
interaction (e.g rolling resistance and cornering stiffness) to
provide more accurate and robust control in comparison to
non-adaptive control [13].

2. Mathematical Stability and Performance Guarantees: The
proposed model-based AVTC guarantees real-time online sta-
bility and convergence of tracking error and parameter es-
timates, in contrast to the three other controllers evaluated
herein which do not estimate plant or actuator parameters
online, and two of which do not have stability proofs. It is also
in contrast to general Machine Learning/Artificial Intelligence
(ML/AI) approaches, which may not mathematically guarantee
stability, require large training data sets, and do not provide
short-term real-time online learning.

3. Safety: Adaptive control approaches can provide more stable
control that adjusts to changing vehicle and environmental
parameters when operating on slippery road surfaces [1] or
performing collision avoidance maneuvers [2].

4. Fault Detection, Isolation, and Compensation: Online quan-
titative identification of changes in vehicle plant, actuator,
and environment parameters enables real-time fault detection,
fault-isolation, and fault-tolerant control [16].

5. Minimal Instrumentation Requirements: The proposed
AVTC requires the signals of vehicle body-frame velocities
and control input signals only, in contrast to model identifica-
tion techniques such as least-squares that additionally require
the signal of vehicle body-frame accelerations.

The remainder of this letter is organized as follows: Section
IT reviews relevant previous literature. Section III introduces
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the dynamical vehicle plant and actuator model, and the AVTC
controller. Section IV reports numerical simulation results,
tracking performance, and convergence of the AVTC estimated
parameter values to the true parameter values. Section V
reports a comparative experimental evaluation of AVTC and
three other controllers with a 1/10%" scale ground vehicle.
Section VI summarizes and concludes.

II. LITERATURE REVIEW

The most common reported approaches to estimate ground
vehicle model parameters from experimental data are through
Least Squares (LS) regression, the extended Kalman filter
(EKF), or the Unscented Kalman filter (UKF).

In [22] the authors use LS to estimate the yaw moment of
inertia. In [10] the authors use Recursive Least Squares (RLS)
to estimate the vehicle mass and yaw moment of inertia. Both
approaches require measurements of lateral acceleration and
yaw angular acceleration. While their studies did not include
experimental validation, they demonstrated the feasibility of
estimating geometric parameters using these methods. For
many vehicle control applications, estimates of the tire forces
are required to optimize performance. In [3] the authors report
a linearized RLS algorithm for online estimation of tire-road
friction coefficients, utilizing an EKF with the vehicle model
to estimate the tire forces and feed those estimates to the RLS
algorithm. In [4] a LS approach is reported for estimating tire
cornering stiffness during operation with batch processing.

In [20] the authors report an EKF algorithm to act as an
observer for vehicle states and to estimate the mass parameter
of a passenger vehicle. This approach is shown to be effective
in estimating the mass parameter of the vehicle and as the
mass parameter improves, the state estimation observer also
improves. In [8] the authors utilized two coupled UKFs to
estimate the sprung mass and the moments of inertia of the
roll and yaw of the vehicle; experimental data from a passenger
car was used to validate this approach.

In most previous studies, parameter estimation is decoupled
from the controller. However, the authors of [12] show in a
simulation study that using RLS, the estimates of yaw moment
of inertia and cornering stiffness can be used with an H,
controller to improve the robustness of yaw rate tracking
performance. In [13] the authors also report the performance
of a RLS algorithm to estimate the tire cornering stiffness
coefficients and to estimate the parameters of a dynamics
model used for Model Predictive Control (MPC).

LS parameter estimation from experimental data of second-
order mechanical systems such as ground vehicles requires
three sets of instrumented signals: linear and angular body-
frame velocity, linear and angular body-frame acceleration,
and control inputs such as motor commands and steering
commands. Measurement of body-frame linear acceleration is
complicated by the large 1 g gravity signal.

More recently, ML/AI approaches have been studied for
learning the vehicle dynamics models and control policies
from experimental data. In [18] the authors report and compare
several deep reinforcement learning methods to control au-
tonomous vehicles to include Q learning and Deep Determinis-
tic Policy Gradient (DDPG) methods. While these approaches
can be effective, [11], these methods require significant data

collection and computational resources, which may not be
available for online updates. Most ML/AI approaches do not
mathematically guarantee stability, require large training data
sets that ideally cover the entire operating range of the vehicle
[14], and do not provide short-term real-time online learning.

In [9] the authors acknowledge the limitations of online
ML/AI and report a vehicle controller that combines a simpli-
fied bicycle dynamics model for a path-following MPC. The
simplified model allows for MPC with limited computational
resources, and uses a Gaussian process regression to learn
model error in different operating envelopes.

In [15] a nullspace adaptive trajectory tracking controller
for fully-actuated 6-DOF underwater vehicles is reported. This
study reports a mathematical stability proof and numerical
simulations showing asymptotically stable convergence of
position and velocity trajectory tracking error. Full 6-DOF
trajectory tracking is generally not possible for underactuated
vehicles. As examined in [21], control of underactuated sys-
tems often requires a different problem formulation and control
approach than for fully-actuated systems.

In [5] a Nullspace Adaptive Identification (NS-AID) algo-
rithm is reported that estimates plant and actuator parameters
including mass and tire cornering stiffness coefficients for an
underactuated ground vehicle that requires only vehicle body-
velocity signals and control input signals.

The AVTC reported herein builds on the NS-AID algorithm
reported in [5]. This AVTC controller is capable of estimating
plant and actuator parameters online in real-time and also
provides asymptotically stable longitudinal velocity and yaw
rate tracking control. Unlike LS parameter estimation methods,
the AVTC algorithm does not require acceleration signals. Un-
like ML/AI approaches AVTC does not require large training
data sets, can provide real-time online model parameter iden-
tification with minimal computational resources, and AVTC
is proven mathematically to provide stable online parameter
estimation and asymptotically stable velocity tracking.

I1I. GROUND VEHICLE MODEL AND ADAPTIVE VELOCITY
TRACKING CONTROLLER
Section III-A presents a 3-DOF ground vehicle dynamical
model, Section III-B reports a non-adaptive model-based con-
troller for known plant and actuator parameter values, Section
III-C reports the AVTC controller, and Section III-E reports
an AVTC stability analysis.

A. Dynamic Ground Vehicle “Bicycle” Model

A 3-DOF ground vehicle dynamical model in which the
lateral and yaw dynamics are based on the widely accepted
“bicycle model” [19] takes the form

. Im, Orrj; .
i= K" = = g (1)
m m
o Cuplp = Coply . Capli +Carll . Coyly
__Lagt _ 2
v T.i T vt 0@
Ca + Car . Ca Iy — Carlr 7 Ca .
= el oy - el =2l ) 3)

where the loggtudinal dynamics (1) has the control input of
motor current, I,,, [A] , and the lateral dynamics (3) and yaw
dynamics (2) have the control input of front wheel steering
angle, § [rad]. Eq. (2) and (3) represent the bicycle dynamics
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TABLE I: State Variables and Control Inputs

T Longitudinal velocity m/s
Y Lateral velocity m/s
P Yaw rate rad/s
Im Motor Current A
é Front tire steering angle rad

TABLE II: Plant (P) and Actuator (A) Model Parameters

ly Distance, center of mass to front wheel m P
Iy Distance, center of mass to rear wheel m P
m Vehicle mass kg P
J. z-axis moment of inertia kg - m? P
Ky Motor drive-train torque constant N/A A
Crr Rolling resistance coefficient N -s/m P
Coy Front tire cornering stiffness N/rad A
Car Rear tire cornering stiffness N/rad P
Ca Cof — Car N/rad P
Cx Caf + Cor N/T'ad P

model as reported in [19]. Tables I and II define system
variables and plant and actuator model parameters. The model
parameters, C's; and Ca, can be defined as

CE :Caf+car CA :Caf *Cozrv (4)
and substituted into (2) and (3) for simplification. Additionally,
the center of mass for our vehicle is located at the center of

the longitudinal axis such that [y = [, = [, thus
Crrx

I
T=K— - + 9 (5)
m
- cAz__czz Ol
V=g Jj;¢+ 7.0 ©
. Cs. Cal. C,
=i s i, @

We note that C,, ]ﬁg still }?rlesent in the simplified equations
as an actuator model parameter for a linear mapping between
the steering control input signal and the actual steering angle.

Defining the velocity state vector as

120 ¢ y|TeR? ®)
results in the final body-frame velocity dynamics of

j’:‘ KIm _ TT:i _I_yw
i= 0] = | -GS | o)
y CE CAlw‘i‘ uf5 ’l/)

B. Non-Adaptive Velocity Tracklng Controller (VTC)

This Section reports the design of a non-adaptive model-
based controller capable of tracking longitudinal and yaw ve-
locity reference signals with known vehicle plant and actuator
parameters. Defining the parameter vector, § € R7*1, as

02 [m, J., Ki, Cp, Cay, Cs, Cal’  (10)
where all elements are real, and all elements except Ca are
positive, and defining the Positive Definite Diagonal (PDD)
mass matrix, M (6) € R3*3, as

m 0 0
M@ 2|0 J. 0 (11
0 0 m
and the control input vector, v = [[,, d]7 € R2*!, the

system dynamics from (9) can be written in the form

5= M) [f(%,0) + BAO)u] (12)
where )
- r'r‘:t + my¢

f(2,0) = —&~HCagl — Cgipl?) (13)

— mzﬁ

—&"Y(Cxy — Catdl)

and
10
B=10 1| A= By 00 (14)
0 1 0 Cos

The VTC controller is designed to track smooth, bounded,
time-varying reference velocities in i4(t) and v4(t), with
¥a(t) = 0, which in the sequel, for simplicity, we will omit
the explicit dependence on t. The desired state vector is

2a® [Ea Ya G . (15)
The controller’s objective is to control &(¢) and ) (t) to track,
respectively, @q(t) and v)4(t), with bounded (t), thus we
define the reduced-dimension state vector and plant model as

t2 [ g E2[E ¢] (16)
202 [ta Wa]  Ea2[Ea dd) (17)
moslr 9 7Y am
T iy _Crri' + myw
Je0= [—i(CAyl + Cxdi2) 4

The tracking error coordinates are
A2 233, N323—3, (20)
ANzE&2%Z -3, ANZ2%Z— 7, 21)

The dynamics for the reduced-dimension state vector Z can be
written as
5 =101 '(0)[F(2,0) + BA(O)u). (22)

The VTC for Az for the ground vehicle (12) utilizing known

plant and actuator parameter values, 6, takes the form

w=A"YOB '[M(0):— F(.0)] — K.A3  (23)
where K. £ diag([ks, k;]) € R**? is a PDD feedback gain
matrix.

The term [M(0)z4 — f(2,6)] in (23) is linear in the
parameter vector # (10) and can be written as the product of 8
and the regressor matrices W, (Z4) € R?*" and W € R?¥7
defined as, respectively,

Wit (Za) = Do[M(0)z4],
such that
M(0)za = Wy(2a)0, f(2,0) =Ws(2)0  (25)
where Dy is the Jacobian operator of its argument with respect
to . Substituting (24) into (23) results in the form

Wi(2) = Do[f(2,0)], (24)

w=A"YOB  Wy(Za) - Wi(2)]0 — K.AZ (26)
Defining the control regressor W,(%4, 2) € R**7 as
We(Za, 2) & Wiy (Za) = Wi(2), (27)
the control law (26) can be written in regressor form as
u=AY OB 'W.(4,2)0 — K.AZ (28)

which with known true parameters, 6, results in the controlled
system dynamics of
. [Az _M*(e)EA(a)K Az
AzZ=|"|= CCn . Cal
z A w + af(; ,(/)

m:v

(29)
The error dynamics of AZ = —M 1(0)BA(9)KCA§ are ex-
ponentially stable at A% = 0 because —3  (0)BA(0)K. is a
diagonal matrix whose negative entries are its eigenvalues and,
moreover, Ax(t) and Ay (t) are decoupled (non-interacting).
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The smooth, continuous, bounded reference signals, Zq and
Z4, arguments in Section III-F guarantee that Ve > 0, (¢) >
e Vt >0, and the VTIC system (29) provides asymptotic
convergence of Az to 0 and boundedness of all signals.
C. A Novel Adaptive Velocity Tracking Controller (AVTC)
This Section reports a novel adaptive model-based AVTC,
(III-B), for the ground vehicle plant (9) (also (12)) that does
not require exact knowledge of the true parameter vector 6
that is required by the non-adaptive model-based VTC (23),
provides for asymptotic convergence of Az 2 [Az A to
zero and boundedness of all signals. The AVTC takes a form
similar to (28) of
uw=A"B W, (34, 2)0 — K.A3 (30)
where é(t) € R7 is an adaptive estimate of the true parameter
vector 6, and A1 = A(4(t))"! where A : R7 — R2%2 jg
defined in (14). In the sequel for simplicity we will denote
A= A(f), and M = M(0).
The AVTC parameter update law takes the form
0=NA02 AW, (34,2 0)TAz (31)
where WZ(,?d72,é) is defined in (36) and A € R™*7 is a
PDD parameter adaptation gain matrix. Larger A causes faster
parameter convergence. Defining error coordinates
AO2O—60 and AALA— A, (32)
and noting the property AA~! =T — AAA~!, the controller
(30) and the plant error dynamics (22) result in AVTC closed
loop system error dynamics of
MAZ = W,o(54,2) AO—AAAT W, (54, 2)0—BAK Az, (33)
Defining a new regressor
WA(éd, z, é) 4 DAQ[AAA_lwc(Ed, Z)é],
and substituting § = 6 + A# into (33) yields
MAZ = [Wo(3q,%) — Wa(34,2,0)]A0 — BAK,AZ  (35)
which can be simplified by defining W (%4, 2, é) € R?X7 as

(34)

Wz(édréaé) £ Wc(Zd,Z) _WA(édaZaé)' (36)
The regressor W, (Z4, 2, é) (36) takes the explicit form
w,_ |fa—¥9 0 a & 0 1’91; g] a7
0 wd 0 0 (65) =
where the «; are
ar = —K; N (Crpi + 1(iq — ¥9)) (38)

ag = —(Cosi) "N (Ctl® + Cagl + Joibai)
Substituting (36) into (35) results in AVTC controlled system
error dynamics of
AE =TT '[W,(34,20)A0 - BAK.AZ]  (39)
thus identical to non-adaptive VTC error dynamics (29) if
0=W.,(34 2,0)A0. (40)
D. Equivalence of VIC and AVTC
This Section reports the requirements the estimated param-
eter vector, é, must meet for the AVTC controller to produce
the same dynamics as the non-adaptive model-based VTC with
known parameters. It is easy to show by direct computation
that 0 is in the persistent nullspace of W (Z4, 2, 0), ie.
6 € null(W, (24, £,0)), thus (40) simplifies to
0=W. (4,2, 0)0. (41)
Substituting (41) into (39) and multiplying by A yields

AN =T '[AW, (54, 2,0)0 — ABAK.AZ].  (42)

Using the Jacobian operator to define

Wo(Za, 2,0) £ Ds[AW. (34, 2,0)0] 43)
we can rewrite (42) as
ANE =TT '[Wy(54,2,0)0 — ABAK,AZ].  (44)

Finally, we can show that if ¢ is in the persistent nullspace of
Wo(Zq,2,0), i.e. 0 = Wy(Z4,2,0)0, then the AVTC system
error dynamics will take the form

AN = M 'ABAK,A: (45)
AE = —M "BAK,A: (46)
which is identical to the VTC error dynamics (29).
Wo(Z4, 2,0), also denoted as Wy, takes the form
61 0 52 _Kt.').i' 0 0
. j | @7
0 —Castba 0 0 B3 *C“fT-l% *% @0
where (31, B2 and (33 are defined as
B1 = —Ki(ia —¥y) (43)
By = Crpii: + mitg — miby (49)
Bs = & (Cxthl® + Cagl + J.qi). (50)

Similar to (37), Wy has a persistent nullity of 2, where the
nullspace can be represented as the span of linear combinations
of vectors that contain the true parameter values .

null(Wy) = spanﬂ Tg }) fgt Co C(if 692 (,9A }T} (51)
and any nonzero linear combination of § such that § €
null(Wy(Z4, 2,6)) will result in asymptotically stable velocity
tracking of continuous, smooth, bounded iq(t) and t)q(t)
signals, identical to the VTC in III-B. As reported in [7],
the ‘true’ parameter values needed for ideal controller per-
formance include not just one set of values, 6, they can be
any element 6* of the set P(6) defined as

PO) 2 {0* € R™ - Wy(24,%,0)0" = 0}.

E. AVTC Controller Lyapunov Stability Analysis

This Section reports a Lyapunov stability proof for the
AVTC ground vehicle controller. With the AVTC controller
dynamics (39), the full system error dynamics are

. [AZ] |- N W. (34, 2,0)A0 — BAK,AZ
Az—{y]— Co Ol Cay ¢
*myfmlb‘i’?(s?l}’l/)
where A%, AZ,  and 2 are defined in (20), (21), (9) and (8).
Given a smooth bounded reference velocity and acceleration
signals, Z; and Zg, the Lyapunov function of Az and Af is
V(AzZ,Af) = %AETMAé + %AGTA’lAG (54)
where A € R™*7 is the PDD adaptation gain matrix from (31).
V(Az,Af) € C*, positive definite, and radially unbounded.
The time derivative of V (Az, Af) is
V(AZ,A0) = AZTMAE + AGTATIAG.
Substituting AZ from (39) yields
V = AZT[W. (54, 2,0) A0 — BAK AZ]+ AT A~ A, (56)
Substituting the parameter update law (31) into (56) yields
V(AZ A0) = —AZTBAK A%z <0, (57)
which is negative definite in AZ, and negative semi-definite in
the full error state (AZ, Af).
Given that V(Az, A§), (54), is a continuous and radially

unbounded function of Az and A#, is bounded below by zero
and, in consequence of (57) is bounded above by its initial

(52)

(53)

(55)
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value, Az and A# are bounded, i.e. € £>°. The boundedness
of Az and A6, (21) and (32), and the boundedness of z; and
# imply that Z, é, and A are € £,

Section III-F shows that for sufficiently small initial condi-
tions Az(0) and A(0), @(¢) is bounded below by a positive
constant, thus the i(¢)~! terms appearing in W.(Z4, 2) in
(30) are defined and bounded. Section (III-G) shows that
for sufficiently small initial conditions all parameter estimate
terms, éi(t), (10), are bounded below by a positive constant.
Given that all terms on the right hand side of (30) and (39)
are bounded, the signals u(t) and AZ are € L.

Denoting a5, > 0 as the minimum entry (and eigenvalue)
of the PDD matrix BAK, € R?*? appearing in (57) we have

/M|A2(7)\2d73/ a b Vir)dr (58)
0 0
< o, (V(co) = V(0)).

= “min
Thus Az(t) € L2 L> and AZ € L, and from Corollary
2.9 of [17] we can conclude lim; o, AZ(t) = 0.

The asymptotic convergence of AZ(t) to zero and the

boundedness of all other terms of the parameter update law
(31) implies that lim,_, 6(t) = 0.
F. Boundedness of Longitudinal Velocity i(t)

This Section reports a proof showing that given the con-
trolled system dynamics in (53), for any € > 0 there exists a
local set of initial conditions of AZ and A# and a reference
signal bound %4(t) > 2¢ Vt > 0, where ¢ is a positive constant,
such that the longitudinal velocity will remain positive and
bounded below, &(t) > ¢ Vt > 0. This argument is necessary
to conclude that all signals in (9), (30), (31), and (53) are
bounded, which is a requirement for the Lyapunov stability
analysis in Section III-E.

If the initial condition of Az(0) and Af(0) are such that

. 1
V(AZ(0), A(0)) < 5me? (59)
then from (57), it follows that
. 1
V(Az,A0) < 5m62 vt > 0. (60)
From (54) and (59) we have
1 o . 1 1
5AzTMAz + iAGTA*1A0 < 5me? (61)
Expanding the terms in AZ results in
1 1 . 1
—mAZ% + L AY? + A0TATIAG
2 2 2
. 1
< V(AZ(0),46(0)) < 5me®, (62)
Ai? < €2, (63)
thus
|6 — | < e. (64)
Either &4 > @ or &4 < &. In the case of 4 > &, then
Tg— T <€ (65)
- <e—agq (66)
T > Zq— €. 67)
If the following condition is satisfied by the reference signal
Tq(t) >2¢ V>0 (68)
then ©(t) > € VYt >0.1If &4 < &, (68) ensures that
z(t) > 2 Vt>0, (69)

thus we conclude if the initial conditions in (59) and the
reference signal condition in (68) are satisfied, then i(t) > e.

G. Boundedness of Parameter Estimate 0(t)

This Section reports a proof showing that if the initial
conditions Az and A@ are sufficiently small then the elements
of the parameter estimate 0(t) appearing in A~ in (30) will
remain positive and bounded below. This ensures that At
exists and is bounded, and the control signal u(t) is bounded.

Denoting \; > 0 as the diagonal entries in the PDD matrix
A in (31), Apin > 0 as the minimum diagonal entry (and thus
the minimum eigenvalue) of A, and 6,,,;,, > 0 as the minimum
of the absolute values of each of the elements in the parameter
vector 6 (10), if the initial conditions of Az(¢) and A6 of the

Lyapunov function in (54) are such that

V(AZ(0), AB(0)) < 1AL (9";”

2 mzn
it follows that

)? (70)

V(Az,Af) < QAmL,(e’"?m)? vt >0 (71)
Expanding the A terms in V (AZ, Af) results in
V(AZ, AB) =1A2TMA2+ (72)
7
Do gan s (P2
thus Vi € {1... 7} =
f)\ LAG? g% "(9”;”)2. (73)
and since Apip < Ai
lAminMQ < I (Bmin 2 (74)
2 2 2
AGF < (9";">2 (75)
|AG;] < Gm# (76)
Recalling from (32) that Af,(t) = 6;(¢t) — 0;, thus the 6;(¢)

are all positive and bounded below

0;(t) > 9’”7" (77)

This property guarantees that the term At appearing in (30)
exists and is positive and bounded and, with the boundedness
the other terms of (30), guarantees that u(t) is bounded.

IV. AVTC CONTROLLER SIMULATION EVALUATION
This Section reports simulation evaluation of AVTC control
(30) (31) in comparison to VTC, Velocity Tracking Controller
with Integral Feedback (VTC-I), and Active Disturbance Re-
jection Controller (ADRC). VTC-I takes the form

w= AN OB W, 2)0 — KA — K / Ai(r)dr (78)

0
where K, = diag([O.S, 0.7]) and K; = diag([0.9, 1.2])
are the proportional and integral feedback gains, respectively.
The ADRC velocity tracking controller used herein follows
the design of [6]. Using the notation of [6], the observer
states for velocity tracking are z, € R? and z3 € R2
The observer state update laws take the form 2z = 23 +
bou — Pozfe and Z3 = —fy3fe; where the gains are defined
as [z = dlag([lo 10])7 Boz = diag([QO, 20}), and
by = diag([Kt, lC’af]). The error terms are defined as
fe= fal(e,0.5,0.5), fe; = fal(e,0.25,0.5), and e = 20— 24
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Fig. 1: Simulation: AVTC performance evaluation and comparison to VTC, Velocity Tracking Controller with Integral Feedback
(VTC-D), and Active Disturbance Rejection Controller (ADRC). Vehicle “true” parameters change at ¢ = 60s to simulate two
simultaneous parametric faults arising from changes in surface conditions and payload.

TABLE III: Simulation Reference Velocities

&q(t) = 1.5+ 1.0sin(0.71¢)
$a(t) = 1.25in(0.43¢)

m/s
rad/s

TABLE IV: Simulation Tracking Comparison

Az(t) RMS  A(t) RMS
Controller (m/s) (rad/s)
AVTC 0.0001 0.0001
Steady-state VTC 0.0344 0.0417
90s < t < 120s VTC-I 0.0293 0.0145
ADRC 0.0098 0.0064

where fal(e,a,d) is the fractional power function defined
in [6]. The virtual control input, ug and control input, wu,
is computed as uy = Zq — kqarcAZ and u = by (ug — 23)
with controller gain, k,4.. = diag ([1007 25]). Table III gives
the reference velocities used for the simulation of our 1/10
scale vehicle, whose peak velocities of 2.5 m/s correspond
to full-scale vehicle peak velocities of 25 m/s (90 km/h).
Sinusoidal variation of reference velocities is employed be-
cause Persistence of Excitation (PE) of the regressor signals
is known to improve parameter convergence [7], [17]. The
true parameter vector, § = [4,0.07,5,2,15,35,—5]7 and
adaptation gain matrix, A = diag ([1,1.5,0.5,0.1, 50, 10, 500])
were used for the simulation.

The 120 second simulation was computed with ODE45 in
MATLAB. The estimated parameters 6(t) were initialized at
t = 0 to +/-20% of the true parameter values. At ¢ = 60s two
simultaneous faults were simulated: the tire slip parameters
were reduced by 40% to simulate change in surface conditions
and the vehicle mass was decreased by 15% to simulate change
in vehicle payload.

Fig. 1a shows the simulated vehicle velocity and reference
signal and Fig. 1b shows the simulated vehicle velocity
tracking error converging asymptotically to zero, corroborating
the stability proof in III-E. Fig. Ic shows the normalized
AVTC parameter estimates to converge to the normalized

true parameter set P(¢) defined in (52). AVTC thus provides
real-time fault detection and fault-tolerant control. Table IV
compares the Root Mean Squared (RMS) velocity tracking
error for the AVTC, VTC, VTC-I, and ADRC controllers.

Additional simulations, not shown herein due to page lim-
its, demonstrated that AVTC achieves asymptotically stable
tracking of the reference velocities and parameter convergence
to the true parameter set when every element in the initial
parameter estimate was initialized to a value within +50%
of the true parameter values or when any single element in
the initial parameter estimate was initialized to a value within
+700% of the true parameter value.

Parameter vectors 6 and 6 are normalized hereafter to facil-
itate visualization and comparison of the parameter estimates.
Normalization requires separating the parameter vector into
two distinct components, 6; and 91&’ defined as

T T
0; = [m K, C’W] 0y = [Jz Coy Cx C’A] (79)
and normalizing each data point ¢, to obtain 0;; and %i as
5 O 5 0
Oii = CAYES . (80)
10zilla” 0" (10,12

The simulation results corroborate the stability proof of the
AVTC in Section III-E and in addition, show the parameter
estimates converging to the true parameter set defined in (52).

V. AVTC CONTROLLER EXPERIMENTAL EVALUATION

This Section reports an experimental evaluation of AVTC
performance. Section V-A describes the experimental setup.
Section V-B reports the experimental performance results.

A. Ground Vehicle Experimental Setup

We used a brushless computer-controlled 1/10th scale model
vehicle for the experimental evaluation, Fig. 2. The vehicle
mass was 4.378 kg, the length from front to rear axle was 0.28
m, and the center of gravity was located in the longitudinal
center of the vehicle such that | = 0.14 m. A Vedder’s
Electronic Speed Controller (VESC Project, B. Vedder) was
used so that servo pulse commands were linearly proportional
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Fig. 2: Experimental Ground Vehicle

TABLE V: Experimental Reference Velocities

Trial 1 z4(t) = 1.05 m/s
Constant Yaw Rate ha(t) = 1.1 rad/s
Trial 2 Fa(0) = 1.5 + 0.1sin(0.711)  m/s
Sinusoidal Yaw Rate  1)g(t) = 1.2+ 0.1sin(0.43t)  rad/s

to a motor current, I,,, [A], between -15 and +15 [A] . Vehicle
steering, ¢ [rad], was controlled with servo pulse commands
to the front wheel steering servo.

The experiments were conducted in a laboratory outfitted
with a Qualisys 7+ Series Motion Capture System (Qualisys,
Goteborg, Sweden) with an operational area of 9.7 m x 6.7
m. The lab’s motion capture system provided vehicle position
and orientation data at 50 Hz. The position signals were
differentiated and converted to the vehicle body-frame to
provide the (), ¢ (t) and (t) velocity signals at 50 Hz.

Though a more complex reference velocity trajectory similar
to that employed in the numerical simulation in Section
IV is preferred, the experimental evaluation reference signals
were simplified to ensure that the vehicle would stay inside
of the motion capture operational area. Table V defines the
experimental reference velocities, whose peak velocities of 1.6
m/s correspond to full-scale velocities of 16 m/s (57.6 km/h).

All four controllers, AVTC (30), Non-adaptive VTC
(28), VTC-I (78), and ADRC [6], were implemented in
Python running on a Raspberry Pi 4 Model B (Rasp-
berry Pi Ltd, Cambridge, England), which sent the servo
pulse commands to the VESC and steering servo. All
controllers used the same initial parameter vector, =
[4.378 0.0715 7.0 2.0 20.0 30.0 10.0]7 with the ve-
hicle at a standstill at the beginning of each experiment.
In order to avoid a division by zero error, a constant 15A
signal was sent to the motor until the vehicle reached a
minimum longitudinal velocity of 0.1 m/s. The vehicle was
then controlled with each controller for 120 seconds. The 50
Hz data was logged and plotted without any post-processing.

B. AVTC Controller Experimental Evaluation

The AVTC controller gain (30) was set to K, =
diag([0.9, 0.6]) and the parameter update law (31) used the
adaption gain A = diag([0.5, 0.01, 0.5, 0.1, 100, 20, 20]).

Fig. 3a shows the Experimental Ground Vehicle sinusoidal
longitudinal velocity and yaw rate tracking performance with
the AVTC, Non-adaptive VTC, VTC-I, and ADRC controllers.
Fig. 3b shows the corresponding velocity tracking error, and
Table VI compares the RMS velocity error for the final 30

TABLE VI: Experimental Tracking Comparison

Az(t) RMS  Ai(t) RMS
Controller (m/s) (rad/s)
AVTC 0.0282 0.0388
Steady-state VTC 0.2983 0.1709
90s < t < 120s VTC-I 0.0844 0.0501
ADRC 0.0324 0.0405

seconds of the experimental trial to evaluate the steady-state
performance of the controllers. Fig. 3c shows the normalized
parameter estimates for the AVTC controller during the trial.

The experimental data show that the AVTC velocity tracking
error converges near zero, as expected from the Lyapunov
stability analysis of Section III-E. The parameter estimates
converge to constant values within 80 seconds. Table VII
compares the initial and final normalized parameter values.
Note that most of the “true” parameters are unknown.

TABLE VII: AVTC Experimental Parameter Estimates

Parameter Initial 6  Final 6 Units
m 4.38 3.72 kg
J. 0.0715  0.0717 kg -m?
K¢ 7.0 10.2 N/A
Crr 2.0 1.46 N-s/m
Cuy 20.0 9.05 N/rad
Cxy 30.0 31.87 N/rad
Ca 10.0 6.94 N/rad

VI. CONCLUSION

This letter reports a novel Adaptive Velocity Tracking
Controller (AVTC) for ground vehicles capable of identifying
plant and actuator parameters and providing a mathematical
proof of asymptotically stable longitudinal and yaw velocity
tracking, boundedness of all signals, and convergence of
parameter estimates. The AVTC ground vehicle controller is
particularly useful for ground vehicles for which exact prior
knowledge of vehicle, actuator, and environmental parameters
is not available, and for detecting and compensating for real-
time faults due to changes in plant, actuator, and environ-
mental parameters. AVTC was evaluated in comparison to
its non-adaptive counterpart and two alternative controllers.
The analytical, simulation, and experimental results show the
following:

1) Non-adaptive VTC and adaptive AVTC are mathemat-
ically proven to be stable and provide exact reference-
velocity tracking.

2) Adaptive AVTC outperforms non-adaptive VTC and
VTC-I for tracking time-varying references when
true plant and actuator parameters are unknown, and
marginally outperforms ADRC.

3) Adaptive AVTC parameter estimates are shown to con-
verge in a mathematical stability proof, in simulation,
and in real-world experiments.

4) Adaptive AVTC robustly detects, quantitatively identi-
fies, and compensates dynamically in real-time for faults
arising from changes in plant, actuator, and environmen-
tal parameters during operation, and thus provides fault
detection and fault-tolerant control.
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