JOURNAL OF GUIDANCE, CONTROL, AND DYNAMICS
Vol. 32, No. 4, July—August 2009

Feedback Dual Controller Design and Its Application

to Monocular Vision-Based Docking

Jinwhan Kim#
Optimal Synthesis, Inc., Los Altos, California 94022
and
Stephen Rock?
Aerospace Robotics Laboratory, Stanford University, Stanford, California 94305

DOI: 10.2514/1.41957

A novel stochastic feedback control approach, which is capable of considering the presence of uncertainty during
the controller design phase, is developed and applied to the automatic docking problem for an unmanned vehicle with
a monocular vision sensor. A typical procedure for linear stochastic control employs a two-step approach that
separates estimation and control: estimate the system state using noise corrupted measurements, and control the
system based on the estimated state. However, for nonlinear stochastic control systems and adaptive control systems
with uncertain parameters, control and estimation are often not separable because control inputs can affect not only
the system state but also the quality of the state estimation. Dynamic programming and search-based methods are
general solution techniques for solving these types of control problems, however, those solution techniques are often
infeasible for real-time applications due to the huge computational requirements even for small problems. In this
paper, a new systematic, suboptimal control algorithm is presented, which can be implemented as an online feedback
controller for a stochastic control problem of moderate dimension. For an application example, automated docking
of a nonholonomic vehicle with a monocular vision sensor is considered. The results from a series of numerical

simulations and experimental tests are presented.

L

OST dynamic systems operate under the influence of

uncertainties, such as environmental disturbance and mea-
surement noise, and, because of this, their control laws must be based
on best estimates of their system states. Typical control strategies are
based on the certainty equivalence (CE) assumptions that the choice
of control actions does not affect nor is it affected by the estimation
uncertainty. This leads to a two-step approach: estimate the state of
the dynamic system from noise corrupted measurements using a state
estimator such as the Kalman filter, and calculate control inputs
assuming that those estimated states are true, using a conventional
control technique that is valid for deterministic systems. This
approach often works quite well and is, in fact, optimal in the sense of
minimum mean square error if the system is observable and the linear
quadratic Gaussian (LQG) assumptions apply. That is, the system is
linear, the cost criterion is quadratic, and the noise is Gaussian.
However, the assumptions may not hold for a control system that
involves nonlinearities or for an adaptive control system that
contains uncertain system parameters in its dynamics.

To achieve better performance for these types of control systems,
so-called dual effects need to be considered. This concept was
discussed by Feldbaum [1,2]. He pointed out that the control input
has two purposes that may conflict with each other. One is to achieve
the control goal of system stabilization, and the other is to improve
knowledge of any unknown parameters and/or the state of the system
[3]. When these conflicting control goals are closely coupled and not
separable, the quality of estimation affects the quality of control and
vice versa. Dynamic programming and search-based approaches are
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the general solution techniques for solving this type of control
problem. However, in many cases, those solution techniques are
practically of little use, because the computational burden even for a
small problem is commonly prohibitive [4,5].

In this study, a new stochastic control algorithm is suggested that
incorporates a cost incurred by the system uncertainty into the
performance index and applies a linear quadratic control technique,
which provides a linear feedback control law with the quadratic
performance index considering the dual features. This will be
abbreviated hence as LQD. The algorithm can be implemented as
a real-time controller even for a stochastic control problem of
moderate dimension through a systematic design procedure.

This newly designed controller is applied to monocular vision-
based docking of an unmanned vehicle. A monocular vision sensor
contains a great amount of information, but has a fundamental
limitation as a stand-alone position-sensing device due to its nature
of bearings-only sensing. Estimation performance in the range
direction is heavily affected by vehicle trajectories, and the problem
falls into the category of the dual-control problem. That is, the
problem has two competing control objectives: the vehicle needs to
keep its line-of-sight (LOS) angle close to zero and, at the same time,
must swerve from the LOS direction to improve observability of the
target location. Conventional CE controllers perform poorly for this
type of problem, especially when the vehicle is initially aligned to the
LOS line to the target. A series of simulations and experimental
results demonstrates the validity of the developed control technique
and its real-time capability.

Section II provides a basic problem statement of the generalized
optimal stochastic control problem, and Sec. III summarizes existing
approaches to solve these types of problems. Section IV describes the
details of the proposed LQD techniques and the associated controller
design procedure. In Sec. V, the LQD algorithm is applied to
monocular vision-based docking, and its simulation and experi-
mental results are shown in Secs. VI and VII, respectively.
Conclusions are presented in Sec. VIII.

1L

The general problem considered in this paper is a nonlinear
stochastic system described by following equations of states and

Problem Statement: Optimal Stochastic Control
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measurements

x=f(x,u)+w (1)

z=h(x)+v 2)

where x € R” is the state vector, u € R™ is the control input vector,
z € R” is the measurement vector, and w € R", v € R" are the
process noise and the measurement noise vector, respectively. Both
of them are random sequences with known probability distributions.

For stochastic optimization, the performance index to be
minimized is defined as

J= E[/f L(x, u: 1) dt:| 3)
0

where L is aloss function, and the expectation is taken with respect to
all underlying random variables. For convenience of mathematical
description and numerical implementation, the discrete-time version
of Eq. (3) is generally preferred. It has the form

N—1
J= E[LN(xN) + ) Li(x uk)] @)

k=0

The solution to this problem is of the form u} for k=
0,1,...,N — 1, where uj is a control input sequence that minimizes
Eq. (4). In principle, this problem can be solved as a dynamic
programming problem. That is, let V; be the minimum cost-to-go
from k. Then the principle of optimality gives the backward recursive
equation called the Bellman equation

V,= nﬂn{E[Lk(xk, w) + VilZyy fork=N—-1,N—-2,...,0
®)

with the boundary condition given by
Vn = E[Ly(xy, uy)|Zy] (6)

Note that the expectation is conditioned on Z; in Eq. (§) which
represents currently available information including the set of
measurements and control inputs up to k. The optimal control u} can
be obtained by solving this dynamic programming problem
formulated as Egs. (5) and (6). However, numerical difficulties due to
“the curse of dimensionality” make this problem practically
unsolvable even for simple cases [4].

III. Previous Approaches

Since Feldbaum first discussed the concept of dual control in his
seminal papers in 1960 and 1961 [1,2], a considerable amount of
research has been performed on this topic. There are some simple
problems for which optimal solutions have been obtained. A four-
state Markov chain problem was solved by Sternby [6], and a
first-order system with two possible gain values was treated by
Bernhardsson [7]. Numerical solutions for some very simple
adaptive dual-control problems have also been calculated [§].
However, they are exceptional cases, and problems of a reasonable
size are practically unsolvable either analytically or numerically.

Various suboptimal techniques that possess some dual features
have also been developed for adaptive and/or stochastic control
applications. For more specific physical applications, missile inter-
ception using angle-only measurements has attracted some attention,
and several dual-control guidance laws have been suggested
[9.10]. Those techniques provide approximate solutions by adding
perturbation signals, constraining the variance of the estimates,
modifying the cost function, approximating a value function with a
finite parameter set, etc.

There are two relatively common and intuitive approaches among
them. The first is to add a probing input u, to improve the
observability of the system state. That is,

Unew = Ug + Uq (7)

where u, is the solution to a deterministic or cautious control
problem, and u,, is an input that is designed separately based on a set
of heuristics. The advantage of this approach is that it is simple. The
disadvantage is that there is no systematic way of designing the u,,
and the overall performance depends heavily on the heuristics
chosen.

The second method is to form a cost function that is the weighted
sum of a standard cost J, (e.g., linear quadratic control) and a term
that penalizes the system uncertainty J,. That is,

JneW=J0+)‘Ju (8)

Often, a scalar function of the error covariance is used for J,. The
advantage of this approach is that it lends itself well to numerical
search techniques. However, solutions are typically limited because
the search space grows exponentially with respect to look-ahead
time. Also, there is no systematic means of choosing the weighting
parameter A, and the resulting cost function might have little
relevance to the true cost defined in Eq. (3).

Comprehensive overviews of various suboptimal techniques are
available in [11,12].

IV. Suboptimal Stochastic Control

Proposed here is a suboptimal technique that offers an efficient and
systematic method to generate an augmented cost function and to
calculate probing inputs while minimizing a quadratic form of the
cost defined in Eq. (3). The approach yields a feedback control
solution of the form

u=—K3— KA ©)

where x is the estimated state calculated using a standard extended
Kalman filter (EKF), and A is a new state vector associated with the
system uncertainties. The term K, A provides the inputs required to
reduce the uncertainty, whereas the term K, x drives the system to its
desired state.

Details of this approach are presented in the following
subsections. Section IV.A develops the performance index.
Section IV.B defines an augmented state vector, which includes
the system state and uncertainty state, and rewrites the performance
index in terms of this new state vector. Sections IV.C and IV.D
describe how the system state and the uncertainty state are propa-
gated. Section IV.E summarizes the resulting control logic.

A. Performance Index

To define the quadratic cost function that will be used for
optimization, consider the random variable x to be represented as a
cloud of particles x;, i = 1,2, ..., N, which are distributed in state
space as in Fig. 1.

Given this, the cost can be calculated as the sequential sum of
squared distances between the desired state and each particle. The
cost reflects both the distance between those particles and the desired
state and how severely scattered they are. The quality of control at a

E[x]

Fig. 1 Cloud of particles representing a distribution of the random
variable x at a specific time.
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particular time can be expressed using the following quadratic
expression:

1 N
§J = ﬁ;{(x' - xdes)TQ(-(x[ — xdes) + MTRCM}
= E[(x - xdes)TQc(x - xdes) + MTRCM] (10)

where x,. is a desired state. Q. and R, are weighting matrices.
The average operator E[-] works on samples only, not on time.
Equation (10) can be rewritten as follows:

8J = (-5e - xdes)TQc(je - xdes) + MTRcu + E[()C - 'i)TQc(x - )AC)]
= (5& - xdes)TQc()? - xdes) + MTRL'M + tr{QcPe} (] ])

with E[x] = £ and P, = E[xx"] = E[(X — x)(X — x)T].

The first two terms in Eq. (11) are in a familiar quadratic form.
Expressing the third term in a quadratic form would enable solutions
that exploit existing mathematical tools. This can be done by noting
that the error covariance P, is a positive semidefinite matrix, thus
there exists a matrix S that satisfies P, = SST. However, matrix
square roots are not unique in general. For example, when S is a
square-root matrix of P, then so is ST with T being an arbitrary
orthonormal matrix. One option to secure the uniqueness of S is to
express it as a lower triangular matrix for which the diagonal
elements are positive. Also, by requiring (for convenience) that Q.. be
a diagonal matrix, the last term in Eq. (11) is now expressed as

tr{Q.P.} = u{Q. 55T} = Z{q{z s?k}} (12)

=1 k=1
where Q,(i, i) = g;; and S(i, j) = s;;. Hence, Eq. (11) can now be
rewritten as

n J
(SJ = ()?: - xdes)TQc()’e - xdes) + MTRL‘” + Z{q//{z S?k}}

j=1 k=1

13)

This is the quadratic function of the estimated state deviation
(X — Xges) the control input u, and the new variable s associated with
the square root of the error covariance matrix. Finally, integrating
Eq. (13) along time yields the performance index to be minimized for
stochastic optimization

3
J= // {(-5e - xdes)TQc(je - xdes) + MTRcu
0

J

+i{qj_,25§k}}dt (14)
j=1 1

k=

Note that, as a limiting case, when perfect estimation is achieved
under no uncertainty (X — x, s;; — 0), Eq. (14) reduces to the quite
familiar quadratic performance index for the deterministic system

J= /tf{(x - xdes)TQc(x - xdes) + MTRCM} dr (15)
0

The first two terms of Eq. (14) correspond to a certainty
equivalence control cost, and the third term corresponds to the cost
due to uncertainties in the system. By minimizing the summation
of all these three terms, both the system’s CE control cost and
uncertainties can be reduced at the same time. A graphical
interpretation of this cost is illustrated in Fig. 2. By minimizing the
suggested stochastic control cost in Eq. (14), the probability
distribution in Fig. 2a, which is wide and for which the center is off
from the desired state value, becomes relatively sharper and closer to
the desired state x,, as shown in Fig. 2b.

a)

X Xdes
b)
Fig. 2 Desired time propagation of a probability distribution function.

B. State Augmentation

The performance index in Eq. (14) can be expressed in a simpler
form by representing the elements of S in a vector form. Specifically,
given

sy 0 0 0
821 S22 0 0

S=1| % S 533 0 (16)
: 0
Spl Sn2 Sn3 Snn

define A as the single column vector that contains all the nonzero
elements in S, and call this new vector an uncertainty state vector
because it contains the information on the internal status of the
system uncertainty. That is,

A=[s S Sy sz - S,m]T (17)

where A € R*+1/2,

The quadratic performance index in Eq. (14) then becomes (for
descriptive convenience, the desired state x is set to zero hereafter
without loss of generality)

t
J= /f{J?TQ(-fc + u"Rou + MW dr (18)
0
where
g 0 0 0 0
0 g» 0 O 0
0 0 g»n O 0
We=10 0 0 gy 0 (19)
: 0
0 0 o0 © un

and W, € RI*(++D/2Xln(+1)/2 1f ) is not a diagonal matrix, neither
is W.. However, it still can be represented as a quadratic expression
shown in Eq. (18).

A more compact expression can be obtained through state
augmentation. Denote the augmented state vector as

s=[jf] (20)
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where £ € R""*+3/2 and the dimension n(n + 3)/2 corresponds to
the minimum number of states required to represent the stochastic
system under the Gaussian distribution assumption. That is, the
system has 7 state variables, and the error covariance matrix which is
symmetric has n(n + 1)/2 independent variables. With this, Eq. (18)
can be rewritten as

J= / A0, 4 uT R} dt 1)
0

where

C. Extended Kalman Filter

The control law defined in Eq. (9) requires the propagation of
states X and A. To calculate X, the EKF is used here because
nonlinearities are assumed to be present in the state or/and mea-
surement equation. The random sequences w in Eq. (1) and v in
Eq. (2) are assumed to have zero mean Gaussian distributions given
by w ~ N(0, Q,) and v ~ N'(0, R,).

The differential equations for updating state estimate x and error
covariance matrix P, are

$=fG.u) +P,HR'[z— h(®)] 22)
P,=FP,+P,FT +Q,— P,H'R;'HP, (23)
where
Fe af(x,u) H= dh(x)
ox s ox |,_;

Because uncertainties are associated with the square root of the
error covariance matrix, the use of the square-root Kalman filter
algorithm for the state estimation is appropriate. It is algebraically
equivalent to the standard Kalman filter. Details are given in the next
section.

Note that, instead of the EKF, an alternative filtering algorithm
such as the unscented Kalman filter (UKF) can also be used here.
Whereas the EKF is based on approximating the nonlinearities by the
first-order Taylor series expansion, the UKF is known to be capable
of capturing the posterior mean and covariance accurately to the third
order [13]. Some performance improvement might be gained by
exploiting such an advanced filtering technique. The replacement
can be done by substituting the corresponding UKF formulations for
the EKF formulations described in Secs. IV.C and IV.D. See [14] for
the square-root algorithm of the UKF.

D. Propagation of the Uncertainty States

To propagate A, note that the first-order time derivative of the
augmented state vector is

SHE U 4)

where g is an enumeration of the first-order time derivatives of the
square-root error covariance matrix

g=[Su Su S$n Sy - 5nn]T
and
jijZS(iaj)

With the definition P = SS7, the differential Riccati equation
becomes

P =SS+ 88" = (F —1SSTH'R™'H)SS” +105"s"
+ SST(FT —HTR'HSST) + 1577870 25)

and the matrix differential equation that is satisfied by the particular
solution is given by

S=(F—1SSTH'R'H)S + 105" (26)

However, careful treatment is required when propagating S along
time, because S may not be lower triangular even though S is.

An efficient method for computing S in alower trian gular form has
been suggested by Morf et al. [15], which guarantees the uniqueness
of S. § in a lower triangular can be expressed in the following form:

S = S[M]*+/? (27
where

MES1(SST 4+ 88T)S T =871+ 8§77 =S\ FS+ STFTST
—STH'R'HS + S'08~T (28)

and the operator [-]*/2 is defined by

l . .
U fori=j
[U];;/2 =qu; fori<j

0 otherwise

for an arbitrary matrix U.

Because the uncertainty states are obtained from the square root of
the error covariance matrix, it is more effective and convenient to use
the square-root filter formulation than the standard Kalman filter
formulation. This substitution brings a couple of advantages.
First, the increase in computational load is minimal, because few
redundant filter-related calculations are required. Second, the square-
root filter is known to have better properties in accuracy and stability
than the standard Kalman filter [16].

E. Suboptimal Controller

Finally, the optimization problem can be summarized as follows:
Find the optimal control input history u*(#) for 0 <t <, that
satisfies

1
u* = arg min/f{STQuE + u"R.u}dt (29)
u 0

subject to

g=n( u) (30)

Because of the approximation involved in the covariance
propagation step and the complexity of its state-space representation,
it can be a difficult task to calculate the optimal solution to this
nonlinear control problem. However, several techniques are avail-
able to obtain suboptimal solutions.

In this study, state-feedback control using an infinite horizon
steady-state gain is used. This gain is computed as follows. Assume
that the differential Riccati equation for the preceding optimization
problem has a limiting solution P, which satisfies the algebraic
Riccati equation (ARE)

0=ATP.+P.A+Q,— P.BR:'BTP, 31)
where
PRI 5 Ew
aé x=Xx ou X=X
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Then K is simply the steady-state Kalman gain matrix:
K =R;'BTP, (32)

The gain matrix K is calculated at every time step.
The final result is the time-varying, suboptimal, state-feedback
control law

u= —K(é - gn)'x:} = _[{x()2 - xdes) - KA ()‘ - )‘m) (33)
where
K=[K, K]

and A is obtained from the steady-state solution of Eq. (23).

The resulting LQD control block diagram is shown in Fig. 3. It
includes two distinctive feedback terms, K, and K;. K, focuses
primarily on the control goal of stabilization, and K, provides an
additional feedback input driven by the uncertainty state, which
decreases uncertainties of the control system in a direct manner and
improves the control performance indirectly.

V. Monocular Vision-Based Docking Application

The developed dual-control algorithm LQD is applied here to a
monocular vision-based docking problem. The problem is
formulated and its state-space representation is presented. Also, a
docking scenario for the simulations and experiments for the
following sections is illustrated. Finally, a series of numerical
simulations and experimental test results are presented.

A. Problem Formulation

For the vehicle, a four-wheeled rover is considered (Fig. 4). The
vehicle is assumed to be rear-wheel steering to be consistent with
typical dynamic vehicles (e.g., rudder-steered vehicles such as ships
and airplanes) considered for future experimental implementation.

The equations of motion in polar coordinates are

P —Vcos(B — )

. _ | B|_| (V/p)sin(B—1)

=10 = Zwv/)ans 34
14 —(1/T )V =V,)

where p, B, and V¥ are the range, bearing, and heading, respectively,
1, is the distance between the front and rear axles, and § is the steering
angle. The speed change dynamics is approximated as a first-order
system. V and V.. are the actual speed and the speed command input,
respectively, and T, is the time constant. The control input vector
constituted by 6 and V.. can be represented as

u=[s V.J' (35)

Estimator

v
Fig. 3 Control block diagram with the LQD controller.

Fig. 4 Four-wheeled rover configuration.

For sensing, monocular vision, heading angle, and speed
measurements are assumed to be available. The measurement
equation is given by

<1 B—v
Z=|2 |= 14 (36)
23 \%4

Note that the vision measurement z; is expressed as (8 — V), where
B = tan~!(y/x), which is the angle difference between bearing and
heading. The vision sensor (e.g., camera) is assumed to be fixed to the
vehicle, consequently, the angle difference between bearing and
heading is an actual measurement from the sensor.

The design procedure of the LQD controller for this system begins
with system state augmentation. Given the system equations of the
monocular vision-based docking problem, the augmented state

Stopping
\ Zone ?
| Dock

Terminal Phase ‘
(Vision Sensing Range)

Mid-Course Phase

Fig. 5 Docking scenario.

x>

Estimator

|

Fig. 6 Control block diagram of the docking controller.
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Table 1 Simulation parameter settings

Parameter Symbol Value

‘Wheelbase l,,m 0.335

Max. steering angle Smax»> deg 16.0

Half-view angle Omax» deg 30.0

Design speed V,, m/s 0.3

Time constant T,,s 0.2

State weighting Q. Diag{9.0, 1.0, 1.0, 1.0}
Control weighting R. Diag{100.0, 100.0}
Error covariance (disturbance) 0., Diag{10~°,107>,1075, 107}
Error covariance (measurement noise) R, Diag{0.0012, 3.0462,0.0001}
Error covariance (initial state) Py Diag{2.25,0.0076, 0.0003, 0.01}

vector is defined as

f=[x | Al eR™
=[p B ¥ V si sy sn S3 sag]” (37)
where
S11 0 0 0
S: 821 A 0 0
sy 53 sp 0
Sq41 S42 S43 Saa
and

A=[sy su sn s saa ]’

The original system has a dimension of four, and the uncertainty
state has a dimension of n(n + 3)/2 = 10. The resulting augmented
system has a dimension of n(n + 3)/2 = 14.

Once the augmented system is obtained, the systematic control
input calculation, along with the associated state estimation, can be
performed following the procedure shown previously.

B. Docking Scenario

Assume that the vehicle has been driven to a point from which the
target is visible by the vehicle’s onboard camera (see Fig. 5). This is
the point where the LQD controller takes over the control authority.

At the start of this terminal phase, the vehicle is located at a certain
distance away from the target dock. The distance to the dock is
initially unknown, but the presence of the dock is identifiable from
the camera, and so the relative bearing angle to the docking target,
with some measurement error due to the finite resolution of the
camera, is available. Also available is a rough approximation of
range based on the size of the dock in the camera image. Thus, the
estimator can be appropriately initialized to prevent premature filter
divergence.

During the terminal phase, the dual controller generates control
inputs for the vehicle. Once the vehicle passes the boundary of the
stopping zone, the vehicle is ordered to reduce its speed and start
decelerating. Finally, the vehicle is commanded to stop just before
collision occurs, and success of a docking trial is evaluated based on
the errors in final vehicle position and orientation relative to the
desired values depending on the dock type.

The size of the stopping zone is determined considering the
vehicle’s stopping capability and the stability properties of the filter
system. As shown in Eq. (34), the system is highly nonlinear. The
nonlinearity becomes even more significant as the vehicle
approaches the dock at the origin. To avoid filter instability, the
filter is turned off and the dead reckoning approach is taken in the
stopping zone.

Also, to improve the overall docking performance, especially at
the final stage of docking where the level of uncertainty is very low, a
feedforward control scheme based on the proportional navigation
guidance law, which is widely used for the terminal guidance of
missiles, is added to the proposed LQD control system as shown in

Fig. 6. However, the addition is a practical refinement, not a required
component of the overall control system.

V1. Simulation

For the simulation, nonzero error covariance matrices are
considered, and artificial system disturbance and measurement noise
are injected to the simulation model using random numbers. Results
are generated for three different methods to provide a basis for
comparison. The simulation parameter settings are shown in Table 1.

A. Simulation Results

Itis assumed that the vehicle is initially aligned to the centerline of
the target dock. In this setting, conventional CE controllers generate
a straight-line path of approach toward the dock, and do not allow the
state estimator to extract range information using a vision sensor.

Simulation results using a conventional CE controller, specifically
an LQG, are presented in Fig. 7. As expected, the system uncertainty

true
........ boeeeeeeeo| —— estimated

6 , , ,

— true
+ estimated ||

time (sec)

b) p: range (m)

4 : :
3.5
3

Tr(P)

25

time (sec)

¢) Tr (P): uncertainty level
Fig. 7 CE control (09 =5, Bo =0, ¥ = 0, ¥ tina = 0).
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B Fesmneenneeneeees I —— true
—+— estimated

y (m)

L — I

— true
+ estimated

i i i
0 5 10 15 20 25
time (sec)

i i i
0 5 10 15 20 25
time (sec)
¢) Tr (P): uncertainty level
Fig. 8 LQD control (09 =5, By =0, ¥y = 0, ¥ipa = 0).

continually increases, as shown in Fig. 7c, due to the lack of range
observability and nonzero process noise, and little improvement is
observed for the range estimate for most of the trajectory (see
Fig. 7b). For this specific case, the estimate converges at the last
moment when the vehicle gets very close to the target dock.
However, the sudden converge of the range estimate does not allow
sufficient time nor space to take action preventing collision. This can
cause serious operational difficulties for docking of an actual vehicle,
often with a large inertia and limited maneuverability.

Simulation results of the new LQD controller are shown in Fig. 8.
The nonzero initial error covariance drives the vehicle to swerve off
of the dock centerline and take a probing motion. As the magnitude of
the vehicle’s lateral motion increases, the system uncertainty
measure Tr(P) in Fig. 8c rapidly decreases, and the estimated range
converges to the true state value as shown in Fig. 8b. Once sufficient
information on the relative position is obtained, the vehicle moves
back to the centerline to meet the final heading condition and, at the
same time, its speed is reduced.

B. Performance Analysis

A quantitative performance comparison is made between the LQD
approach and the two different search-based approaches: a look-
ahead search and an exhaustive breadth-first search.

Table 2 Performance index and run-time cost

Controller CostJ Run time
LQD 3837.9 1.00
Look-ahead search (p = 1) 5205.2 0.77
Look-ahead search (p = 5) 4851.0 1.78
Look-ahead search (p = 20) 3958.5 9.41

394.58
4136.39

Exhaustive search (t,.. = 0.5, n,. =4) 3822.8
Exhaustive search (¢, = 0.7, n,. =5) 3797.1

rd 2 == 3 b —
Fig. 9 Aerospace Robotics Laboratory rover: four-wheel drive vehicle,
with a rear-wheel steering configuration adopted like a forklift. Camera
is installed on the front-axle line.

The first controller for comparison adopts a look-ahead search:

m+p
~m {E[Z Ly (g, wi) Im:|} (38)
el p—1 k=m

u* =arg min
where p is the look-ahead parameter. The simplest form of this
search is obtained by setting p = 1, called the one-step-look-ahead
search. As p increases, the search problem soon becomes intractable.
In this study, for each finite look-ahead time interval, constant
control inputs are assumed to be maintained. For a specific
optimization technique, the gradient descent method with a variable
step-size is used.
The second controller for comparison is an exhaustive search:

IN]} (39)

The exhaustive search requires huge computational effort, and
thus cannot be used as a real-time controller. However, a control
trajectory closer to the optimum is expected to be found through this
approach. To keep computation time manageable, the search is
performed for the first few seconds during which the choice of
control input is relatively critical. For the remaining time, pro-
portional navigation guidance, which is widely used as a terminal
controller, is applied.

u

N-1
" =arg min {E[LN(XN) + z Ly (g, uy)
o liN-t =0

Fig. 10 Docking target: Two concentric semicircles (R;,,.. = 0.5 m
and R, ., = 1.0 m) are drawn around the pylon to exhibit final docking
performance more clearly.
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Table 2 presents the results of the comparisons. Here, p represents
the look-ahead step parameter. The parameters for the exhaustive
search are 7. and ng.: the duration of each time section and the
number of time sections, respectively. The performance of the LQD
controller compares favorably with the search-based methods when
considering the run time and the accumulated cost.

VII. Experimental Test

The performance and validity of the developed dual-control
algorithm are experimentally demonstrated and checked through a
physical implementation of the vision-based docking system using a
wheeled robot.

A. Experimental System

For the vehicle for docking, a four-wheeled rover equipped with
motions sensors such as a wheel encoder and a magnetic compass is
used. Also, a wireless webcam is installed on the rover as a
monocular vision sensor (see Fig. 9).

The target dock is represented by a pylon as shown in Fig. 10. The
color segmentation method is applied to detect the target from the
captured vision image.

B. Test Results

Again, runs with the CE controller were performed together with
the LQD controller for comparison. The tests were performed
varying the vehicle’s initial position in the longitudinal direction.
The result shown here is for the case with 1 m initial range estimate
error. That is, the assumed initial range is 5 m, but the actual initial
distance to the target is 6 m.

First, the test run results for the CE controller, specifically LQG,
are shown in Fig. 11. No probing motion was taken, and the vehicle
basically performed dead reckoning navigation with a large
uncertainty remaining in the range direction. As can be seen from the
figure, the uncertainty level does not decrease during the vehicle’s
approach, and the vehicle stops well ahead of the goal state. The
initial range error remains approximately the same throughout the
run.

The range state is unobservable and indistinguishable on the
straight-line approach path generated by this type of controller. The
range state is estimated based on the combination of the initial
estimate and the integration of speed measurement information, for
which the error is susceptible to noise and disturbance. As a result,
satisfactory docking performance can never be guaranteed, even
with a correct initial range estimate.

The experiment for the same initial condition was performed using
the LQD controller. The results are shown in Fig. 12. Nonzero initial
uncertainty drives the LQD controller to generate nonzero control
inputs, thus the vehicle swerves off from the dock centerline and
performs exploratory motion. This leads to the decrease of
uncertainty level, as shown in Fig. 12e. Unlike the CE casein Fig. 11,
even with this error in the initial range estimate, the vehicle
successfully reaches the dock.

VIII. Conclusions

In this study, a new stochastic control algorithm for dual-control
problems called LQD has been developed and presented. The
controller design procedure of the new algorithm is different from
existing suboptimal approaches and avoids the drawbacks of those
techniques. The controller design procedure for the LQD algorithm is
quite generic and systematic, and the resulting controller has a simple
and intuitive form. It is expressed as the linear sum of a conventional
CE control and an additional control term which responds to the level
of uncertainty in the system.

Thus, the LQD controller can be applied to a wide class of control
problems which exhibit the dual effect. In this paper, the algorithm
was applied to the monocular vision-based docking application,
which represents an extreme case of docking under limited sensing

capability. Numerical stochastic simulations were carried out to
evaluate the performance and validity of the new dual-control
algorithm. Also, a series of experimental tests using a vision sensor
and a mobile rover equipped with an odometer and a compass were
performed. The test results demonstrated that the overall docking
control system based on the LQD algorithm has sufficient real-time
capability and robustness to measurement noise and uncertainties.

Although the proposed LQD algorithm is capable of overcoming
the drawbacks and limitations of existing dual-control approaches,
the limitations of the underlying approximate solution techniques
such as the EKF and the ARE techniques may impose restrictions on
the overall performance of the proposed LQD algorithm. Different
underlying solution techniques that are more effective and efficient
in dealing with nonlinear systems can be used to achieve improved
stochastic control performance, to which future research can be
directed.
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