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Vision is a flexible, non-contact sensor that can be used for position feedback in

closed-loop control of dynamic systems. Current vision systems for industrial

automation provide low sample rates and large sample delays relative to other types of

position sensors. Poor sample rates and sample delays are a result of the vast volume of

data that must be collected and processed by the vision system. A predictive visual

tracker can help compensate for some of the deficiencies of current industrial vision

systems. The objectives of the present research are to demonstrate that vision is a useful

feedback sensor and prediction can be used to improve performance by compensating for

the feedback delay of the vision system.

An inverted pendulum was stabilized using a vision sensor as feedback to a state-

feedback controller. The vision data was run through a d-step ahead predictor to

compensate for the vision system delays. The system was simulated in Mat lab and an

actual physical system was used to test the performance of the control system.

The inverted pendulum provides a good test-bed for studying predictive control

using vision feedback. The pendulum will fall without the constant adjustment of the

cart position. The adjustment of the cart by the controller is delayed because of latency

and quantization errors in vision feedback. The better the controller is able to

compensate for delays and quantization errors, the greater its ability to stabilize the

inverted pendulum.
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Predictive Control Using Vision Feedback -

A Case Study of an Inverted Pendulum

1. INTRODUCTION

This thesis addresses the issue of using a vision system as a feedback sensor for

closed-loop control of dynamic systems. The vision system provides the advantage of a

non-contact, remotely located sensor. Non-contact sensing provides flexible position

feedback for control applications in which object positions cannot be determined using

traditional methods. Dynamic control systems using vision as a feedback sensor can adapt

to variable and unpredictable environments. The disadvantages of a vision system,

compared to other types of sensors, include its relatively low resolution, difficult

calibration and slow sample rates.

The use of a vision system for position feedback complicates control because of

the slow sample rates and latency of the vision system. Commercial vision systems typi-

cally have sample rates of 60 frames per second with resolutions in the neighborhood of

480 x 512 pixels. Systems with faster sample rates and higher resolutions have much

higher costs. Latency in sensor updates causes the control system to have poor phase

margins. Slow sample rates limit vision feedback control systems to plants with slow

dynamics. The objectives of the present research are to: 1) demonstrate that vision is a

useful feedback sensor and 2) prediction can be used to improve performance by

compensating for the feedback delay of the vision system.

Closed-loop control of dynamic systems using vision feedback is useful for un-

structured environments and applications in which the object(s) can only be tracked

visually. These applications span a spectrum from the robotic rescue of an astronaut

floating in space [1 -1], to the micro-positioning of integrated circuit components on a
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circuit board. Control systems that use sonar or radar as a feedback sensor have the same

issues as control systems based upon vision feedback.

This thesis describes, as a case study, the stabilizing of an inverted pendulum

mounted on a cart using a vision system for position feedback. Vision provides a useful

tool for non-contact measurement of the pendulum angle and cart position. Control of the

inverted pendulum using a conventional position sensor (i.e., a potentiometer) is a classical

controls problem that has been intensively studied. The vision system provides feedback

position data of the cart position and pendulum angle to a controller. The controller

calculates the necessary control signal to stabilize the pendulum and outputs a voltage that

determines the force applied to the cart.

The inverted pendulum is a good test-bed for the study of predictive control using

vision feedback. The pendulum will fall without the constant adjustment of the cart

position. When the pendulum is stabilized to the inverted vertical position, the controller

will turn off the input to the plant and the pendulum will begin to slowly fall again. The

adjustment of the cart by the controller is delayed because of latency and quantization

errors in vision feedback. The greater the ability of the controller to compensate for the

delay and quantization noise, the better it will be able to stabilize the inverted pendulum.

For experimental purposes, pendulum rotation is restricted to a plane in which the

pendulum is mounted vertically on the cart, with the pendulum plane of rotation parallel to

the cart direction of travel. The vision camera is mounted perpendicular to the pendulum

plane of rotation and its field of view contains the entire length of the cart travel anda

view of the pendulum.

This investigation is presented in the following additional chapters: 2) Visual

Servo Control Issues, 3) System Model, 4) Experiment Setup, 5) System Identification, 6)

Controller, 7) Simulation, 8) Experimental Results, and 9) Summary/Conclusion. Chapter

2 (Visual Servo Control Issues) covers visual servo problems and the predictive

algorithms for reducing sensor feedback latency. The following three chapters (System

Model, Experiment Setup, and System Identification) describe the physical setup of the

inverted pendulum, derive a state-space model, and identify the system. In Chapter 6, the

choice of a state feedback controller, its feedback gains, and observer/predictor design
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issues are discussed, and the system is simulated in Chapter 7, using Mat lab. Chapter 8

(Experimental Results) details the results of stabilizing the inverted pendulum both with

and without the predictive filter on the feedback signal from the vision system.
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2. VISUAL SERVO CONTROL ISSUES

The issues that distinguish visual servo-control systems from other types of

dynamic control systems are discussed in this chapter. Visual servo-control systems typi-

cally have feedback paths with slow sample rates, low resolution, difficult calibration, and

signal latency. Advances in vision system hardware and control software are addressing

these issues, making industrial visual servo-control applications more feasible. The use of

the Kalman filter as an optimal one-step ahead predictor for signal latency compensation is

discussed in detail.

Digital cameras and basic concepts of RS-170 interface cameras are discussed in

sections 2.1 and 2.2 respectively and the Kalman filter is discussed in section 2.4, Signal

Latency.

2.1 Digital Cameras

New high resolution digital cameras will soon be available to solve some of the

problems faced by conventional vision systems. Digital cameras output images in a digital

format and contain onboard digital-signal processors. A high resolution camera with an

image size of 1024 x 1024 8-bit pixels, at a frame rate of 60 samples/second, must collect

and process 60 megabytes of information per second. Vision systems must collect and

process large quantities of data. The newer digital cameras can reduce the amount of data

that must be collected and processed by allowing the vision computer to randomly access

pixel values. Instead of collecting the entire image, sub-sampled images or specific areas

of interest can be gathered by the camera and sent to the vision computer for processing.

The reduced pixel quantity that must be transmitted allows the camera to work at rates

faster than 60 frames/second. The camera digital signal processor can be used to

preprocess images and reduce the vision system feedback signal latency.
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2.2 Basic Concepts of RS-170 Interface Cameras

Most commercial vision systems use a camera with a RS-170 interface, outputting

analog images at rates of 60 frames/second at image resolutions in the neighborhood of

480 x 512 pixels [2-11 The vision feedback loop consists of four steps: (1) camera CCD

exposure, (2) image transmission, (3) image processing, and (4) transmission of processed

data. If each frame is processed for control feedback, the signal will have a latency of at

least 1/20th of second or three sampling intervals.

2.2.1 Camera CCD Exposure

CCD cameras have an electronic shutter that allows the CCD array to charge for a

specific period of time, in most cases for 1/60 of a second. At the end of the exposure

period, the stored charge is moved to an output shift register, the CCD array is cleared,

and the next exposure is initiated. The time needed to move the image from the CCD to

the output shift register can be neglected. Some cameras are equipped with shutter speeds

as fast as 1/1000 of a second. Fast shutters can capture moving images without blurring

and reduce the latency of the vision feedback path.

2.2.2 Image Transmission

A RS-170 video camera serially transmits an image frame from the camera output

shift register to the vision computer frame grabber each 1/60th of a second. The image

transfer to the vision computer is set up as a pipeline operation. The camera outputs an

analog pixel value from the current row, which is converted by the frame grabber analog

to digital converter into a digital value and stored in the frame buffer memory. Frame

grabbers typically sample each row sent by the camera into 512 columns, capturing a total

of 240 rows per frame. A frame consists of either all even rows or odd rows of the image.

The camera alternates between sending even and odd frames. Two frames make a

complete image field, consisting of 480 rows and 512 columns.
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2.2.3 Image Processing

After a complete frame or field has been captured, the vision computer can begin

to process the image. If all fields are processed individually, image processing must take

less than 1/60th of a second. If each frame is being processed, image processing must take

less than 1/30th of a second. The short processing time requires fast vision hardware and

an efficient vision software algorithm.

2.2.4 Processed Data Transmission

After the image has been processed, the data extracted from the image must be

transmitted to the control computer. If the vision system is separate from the control

computer, then the data can be sent over serial or parallel lines. The amount of time

required to transmit the processed data is proportional to the amount of data sent. Typi-

cally, the vision system would be sending the coordinate(s) of the object(s) being posi-

tioned.

2.3 Camera Calibration

Calibration of the vision sensor is simple if the manipulator/plant movement is in a

structured environment and is constrained to be parallel to the camera image plane [2-2].

Advanced visual servo-control systems have used moving camera models that dynamically

estimate the depths of field of objects [2-3] or use stereo cameras to perform calibration

on the fly [2-4].

2.4 Signal Latency

The vision system must capture and process substantial quantities of information,

which creates delays in the control system feedback path. The use of faster hardware and

efficient algorithms help to reduce signal latency, but prediction can also be used to corn-
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pensate for signal latency. Hunt and Sanderson [2-5] investigated visual tracking as a

means to compensate for vision system latency. First- and second-order linear regression

models, a Kalman filter, and an augmented Kalman filter were used to predict the loca-

tions of moving objects in real time. The Kalman filter outperformed the regression

models, whereas the augmented Kalman filter performed slightly better than the Kalman

filter, but only at a high computational expense. Where noisy, slow-sampled signals must

be used, Kalman filters have been popular for use in airspace and marine applications for

navigation and tracking [2-6].

2.4.1 Prediction Using the Kalman Filter

Predictive algorithms can be categorized as either adaptive or non-adaptive.

Adaptive predictors are useful when the dynamics of the plant are time varying or are too

complex to obtain an accurate model. When the plant can be modeled as a linear system,

the Kalman filter can be used as an optimal one-step-ahead predictor for the plant, gen-

eralizing the linear minimum mean-square error estimation problem [2 -5]. The Kalman

filter is the optimal linear predictor because it is the linear minimum-variance estimator

(LMVE). If the additive noise to the plant is restricted to the Gaussian, then of all

possible estimators, the Kalman filter is the minimum variance estimator.

The Kalman filter is a recursive algorithm that allows the parameter vector to be

the state of the linear dynamic system with modeling and measurement white noise. The

Kalman filter is computationally more efficient than non-recursive techniques such as the

Wiener filter, which involves matrix inversion. Since the Kalman is recursive, only past

data samples and the state must be stored. If the plant is stationary and time invariant, the

Kalman filter is equivalent to the causal Wiener filter.
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2.4.1.1 Signal Model for Kalman Filter

For the present investigation, the Kalman filter is derived from the assumption that

the signal to be predicted is generated by the following stochastic, discrete, time-varying

linear model

where

x(k + 1) = (11k-o,kx(k)+ Bku(k)+ vi(k),

y(k) = C kx(k)+ v2(k), x(ko) = xo,

{u(k)} is an r x 1 input sequence,

{y(k)} is an m x 1 output sequence,

{x(k)) is a n x 1 system state sequence,

{vi(k) } is a n x 1 process noise sequence,

{v2(k)} is a m x 1 observation noise sequence,

(I)(ki,k2) is an x n state transition matrix,

Bk is an x r matrix,

Ck is am x n matrix,

ko is the initial time of the system, k .. k0, and

xo is the initial state of the system.

(2-1)

This model assumes that there is a process noise { vi(k)} in the modeling of the

state x(k) and an observation noise {v2(k)} in the measurement of the output. The sto-

chastic processes {vi(k)} and {v2(k)} denote "white noise" sequences. Figure 2.1 pro-

vides illustration of the model.



u(k)*

v2 (k)
4

Figure 2.1. Discrete Stochastic System Model Diagram.

2.4.1.2 Kalman Filter Assumptions

Y(k)

The Kalman filter is based upon the following assumptions:

1) The signal to be predicted comes from the model in equation (2-1); and

2) {vi(k)} and {v2(k)) are zero mean, white noise processes with

}Elvv 21((kklvi(k)T V2(k)1 =[sQkT RS kk}s(ki k2),

where Qk is restricted to be positive definite (0 < z'Qkz Vz E -141111).

2.4.1.3 Model Noise Assumptions

(2-2)

9

Since the noise processes have a zero mean, autocorrelation is equal to autoco-

variance. The matrices Q(k) and R(k) are symmetric and non-negative definite since they

are the autocovariance of {vi(k)} and {v2(k)), respectively, and Q(k) is restricted to be

positive definite. For the purposes of the present investigation, it is assumed that S(k) = 0,

which defines the two noise processes {vi(k)} and {v2(k)} to be uncorrelated.

Generalizations for the correlation of {vi(k)} and {v2(k)} are shown in [2-6].
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2.4.1.3.1 White

A process { x(t) } is considered white noise if x(ti) and x(ti) are uncorrelated. They

are uncorrelated if for every ti, t; (in general, x(t) is a column vector)

R.,,(ti,tj)= ti tj .

The autocovariance function Cc,(ti, t,) is defined as

tj) = Rxt(ti, ti) 71( ti)11T( ti) ,

and the autocorrelation ti) and mean ri( ti) are defmed, respectively, as

(2-3)

(2-4)

Rxx(ti, ti) = E{ x(ti)xT(t;) ), 1( ti) = Eix(ti)} (2-5)

The autocovariance ti) of a process { x(t) } is equivalent to the autocorrela-

tion of the centered process x'(t). The centered process is defmed as

x'(t) = x(t) t) . (2-6)

2.4.1.3.2 Stationary

The more restrictive assumption that the noise is stationary will later be imposed

upon the model. If the noise process is stationary, the statistics of the process do not

change with time. This restriction allows variances of observation/process noise to be

measured during the system identification phase and be used to calculate the feedback

gains employed during the experimental phase. A wide-sense stationary (WSS) process is

defmed as

1) E{x(t)2} < +

2) E{x(t)2} = r1= constant, and

3) E{(x(t)-11)(x(s)-1-011 = Cxx(t-s).
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2.4.1.3.3 Gaussian

The more restrictive assumption that the noise is Gaussian can be imposed upon

the model. The statistical properties of a separable stochastic process {x(0} can be

completely determined in terms of the process's nth-order distributions. For some

separable processes, n may be infmity. A Gaussian process is separable and can be

determined from its first- and second-order distributions. Since the white noise processes

I v 1 (k)1 and { v2(k) } have a zero mean, they are completely determined by their variances

a 2 and a 22 , respectively.

2.4.1.4 Kalman Filter

The Kalman filter equations are presented in this section. The derivation of the

Kalman filter is based on the Orthogonality Principal, which states that the error of a

mean-squared optimal estimator is orthogonal to the observed data samples y(k). Thus,

the error e(k) is equal to the difference between the estimate of the state ic(klk 1) and

the actual state x(k) (e(k) = i(klk 1) x(k)). The initial state x(ko) and the noise are

assumed to be jointly Gaussian. The conditional mean .i(k +11k) of x(k + ilk), given the

measurements { y(k),..., y(ko) }, is represented by the following recursive equation:

i(k + 11 k) = Oki-Lki(klk 1) + Gk+i[y(k) Cki(klk 1)]-1- Bku(k), (2-7)

i(ko) = lo-

The Kalman filter gain Gk +1 is given by

Gk+l = 43K+1,kV(klk 1)CaCkV (klk 1)Ck. + Rkfl

and V(klk-1), the covariance matrix of the error, is given by

V (klk 1) ... E[Pc(k) .i(klk 1)1x(k) ic(klk 1)f1.

The covariance matrix satisfies the Riccati difference equation

(2-8)

(2-9)



V (k + 11 k) = (13 k+1,kV (klk Gk[CkV(klk -14 1-R,]G,T-Dci,k+ Qk
V (k0)= Vo,

and can be determined recursively by

V(k +11k) r--- .0k+i,k -G,+ickiv(kik -Dv..., +Qk

12

(2-10)

(2-11)

The stability of the filter is guaranteed if the signal process model is time invariant

and the unstable states are controllable and observable. Among all linear filters the

Kalman filter is optimal, and if the noise sources are assumed to be Gaussian, it is optimal

among all causal filters.

2.4.2 d-Step Ahead Prediction

The d-step ahead Kalman filter prediction is created by feeding the result of the

Kalman one-step ahead filter prediction i(k +11k) into the state transition matrix eik.,,k+1.

The equation for the d-step ahead Kalman filter prediction is

.i(k + nlk) = Ok+,,,k+ii(k + ilk) (2-12)
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3. SYSTEM MODEL

A general linear stochastic model, free-body diagram of the pendulum and cart,

and a system of equations from the free-body diagram, in the form of a deterministic state

space model, are presented in this chapter. The chapter concludes by demonstrating the

controllability and observability of the linearized model of the pendulum/cart system.

3.1 System and Noise Model

To simplify analysis and control of the system, a linear model is used to approxi-

mate the nonlinear pendulum/cart system. Non-linear pendulum/cart dynamics are mod-

eled by a linear model in which the linearized state variables remain centered about an

operating point. The pendulum/cart is modeled by the discrete time-state space equation

x(k +1) = A(k)x(k)+ B(k)u(k)+ vi(k) ,

Y(0= C(k)x(k)+ v2(k) ,

where

(3-1)

u(k) is an r x 1 input vector,

y(k) is an m x 1 output vector,

x(k) is a n x 1 system state vector,

{vi(k)} is a n x 1 process noise sequence,

{v2(k)} is a m x 1 observation noise sequence,

A(k) is an x n matrix,

B(k) is an x r matrix, and

C(k) is am x n matrix.

This model assumes that there is process noise {vi(k)} in the modeling of the state

x(t) and observation noise {v2(k)} in the measurement of the output y(k). The stochastic

variables { vi(k)} and {v2(k)} denote "white noise" sequences. The system model is

illustrated in Figure 3.1.
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Figure 3.1. System Model Diagram.
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If the inverted pendulum is hinged with a ball joint mounted to an X-Y table and

the two axes are orthogonal, then each axis can be analyzed individually. De-coupling the

axes allows the motion of the pendulum to be analyzed in a plane, as shown in Figure 3.2.

Y

0(t)
.... .....

V(t)AIL

1
mg

H(t)

u(t)
s (t)

Center of
Gravity

S

Figure 3.2. Single-Axis Inverted Pendulum Force Diagram.

So that the mass of the cart, pendulum length/weight, and friction can be assumed

to be constant, the system is assumed to be time-invariant. The variable s(t) measures the
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position of the cart in meters; the variable 0(t) measures the angular displacement of the

pendulum from the top dead-center in radians and clockwise rotation is positive [3-11

The pendulum pivot is assumed to be friction-less. The model parameters are summarized

in Table 3.1.

Table 3.1. Force Diagram Variables.

Name Description Units Notes
s(t) cart position meters displacement from center
0(t) pendulum angle radians displacement from vertical
1 pendulum length meters pivot to center of mass
m pendulum mass kilograms
M cart mass kilograms
F cart friction kilograms/second
J moment of inertia kilograms *meters2 w/respect to the center of gravity
H(t) horizontal reaction newtons
V(t) vertical reaction newtons

3.3 Free Body Equations

From the force diagram, the following system of four equations, which sum the

forces in the horizontal direction, sum the forces in the vertical direction, sum the

rotational forces with reference to the center of gravity of the pendulum, and sum the

forces acting on the cart, can be written:

d
2

d 2

in-dt s(t)-4- ml
dt

sin(0(t))= H(t) ,

mld2
2

cos(0(t)) =V (t) mg ,
dt

(3-2)

(3-3)

d2 (3-4)

jeitTe(t)=
1V(t)sin(0(t))/H(t)cos(0(t)) ,



d
Md2

t2
s(t) = u(t) H(t) F dt s(t) .

d

Taking the derivative of the equations (3-2) - (3-5), we get:

d2 2
s(t) / sin( 8(t) + 1 cos(00

d
)) (31(t))= H(t) ,(7

dt dt

d d24-1 cos(0(t))(
dt

0(t))2 Isin(0(t))H 0(4 V(t) mg ,

2

dt

.1
dt

0(t))= 1V (t) sin(3 (t)) 1H(t)cos(0 (t)) ,(
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(3-5)

(3-6)

(3-7)

(3-8)

2

(Md,s t)= u(t)H(t)Fds(t) .
(3-9)

de dt

The equations (3-6), (3-7), (3-8) can then be combined to eliminate the forces V(t)

and H(t). The variable H(t) can be eliminated from equation (3-9) by assuming that H(t) is

small compared to u(t). These assumptions allow H(t) to be set to zero, thus:

/d2
(3-10)

(3-11)

(3-12)

m12 ),d2(J e(t) mglsin(0(t))+ mldr

d2

,,
dt`''

d
s(t)

dt

s t) os(0(t)) = 0 ,(+

.

N = (J+m12)/m1 yields

OS(0(0) = 0 .

M s(t) = u(t) F
dt2

Dividing equation (3-10) by (J-1-m12) and substituting

d2 2

OW --gsin(0(t))+11i- SW
dt N N dt2

The pendulum equation (3-12) is linearized by substituting the transcendental

functions sin(0(0) and cos(0(0) with the first term of their Taylor series expansion

evaluated at the operating point of (0 = 0). The small angle approximation has a maxi-
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mum error of 8% if the pendulum angle remains within±5 degrees of the operating point.

The linearized pendulum equation

d2

N2 OW
N

OM +lL2
SW= 0

dr N dt2

(3-13)

involves only the three variables, pendulum angular acceleration, cart acceleration, and the

angle of the pendulum.

3.4 Deterministic Linear State Space Model

So that the deterministic part of the stochastic pendulum/cart system can be

written in the deterministic state equation form,

.i(t)= Ax(t)+ Bu(t),
y(t) = Cx(t),

(3-14)

the linearized model of the pendulum/cart is also assumed to be time invariant. The model

is a 4th order system with states defined as

if t) = =

s(t)

i(t)
s(t) + NO (t)

i(t) + NO (t)

(3-15)

Taking the derivative of x(t) and substituting in the equation for the cart (3-11)

and linearized equation for the pendulum (3-13) we get

ac(t) =

i(t)
E(t)

s(t) + NO (t)

N(t) + N6 (t)_

x2 (t)

u(t) x2 (t)

M M
=

N
g (x3(t) xl(t))

Rewriting equation (3-16) using vector notation we get

(3-16)



where A =

5c(t) = Ax(t)+ Bu(t),

_
0 1 0 0

0
F

0 0

0 r . 1

_ N N
0

0_

andB=

0
1

M
0

0
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(3-17)

The pendulum angle and cart position can be directly measured with proper sen-

sors, yielding

x(t)
y(t) =[

6(t)
]= Cx(t) ,

Where C =
1

1

N

0 0
1

0
ITI

0

0]

3.5 Continuous to Discrete System Conversion

Given the continuous time and discrete time system models,

x(t) = Acx(t)+ Bu(t) Continous Time System,

x(k +1) = Adx(k) + Bu(k) Discrete Time System,

(3-18)

(3-19)

the continuous time model can be converted to discrete time using Euler's equation

x(k + 1) x(k)x(t) = with k=t .

AT
(3-20)

The symbol AT represents the sampling interval in seconds. Substituting the continuous

and discrete time systems (3-19) into (3-20), and solving for Ad we get

Ad = (AT)(k) + 1 . (3-21)

Using the conversion (3-21), the discrete time model for the cart/pendulum is

created as



x(k +1) =

1 AT 0 0
A

0 1
TF

0 0
M

0 0 1 AT
ATg ATg

0 1
N N

3.6 Observability/Controlability

0
1

x(k) + M
0

0

u(k) .
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(3-22)

The controlability of an n-dimensional linear time-invariant system can be checked

by looking at the rank of the controlability matrix. The system is controlable if and only if

the column rank of the controlability matrix is equal to n, the system dimension. The

controlability matrix is defined as

P -= (B, AB,A2B,. ,
An -1B)

. (3-23)

From equation (3-17), B is a n x r (4 x 1) matrix and A is a n x n (4 x 4) matrix,

thus P is an x n (4 x 4) matrix. Substituting A and B from equation (3-17) into (3-23)

gives the controlability matrix

P=

1 F F2
0 M2 M3

1 F F2 F3
M M2 M3 M4

0 0 0 _ g
NM

g gF
NM NM 2 _

0 0

(3-24)

P has a column rank of 4 if the columns of P are linearly independent, and if the determi-

nate of P is non-zero, then the columns are linearly independent. The system is thus

controlable since

2

det(P) = °
M4N2

(3-25)
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The n-dimensional system is observable if and only if the row vectors of the

observability matrix Q span a n-dimensional space or Q has a row rank of n. The observ-

ability matrix Q is defined as

Q°

C

CA

CA2

CA'

(3-26)

Substituting A and C from equations (3-17) and (3-18), respectively, into (3-26) yields the

observability matrix

Q

1

1

N
0

0

0

g

0

0

1

1

si--1.F

0
1

71
0

0

0

g

0

0

0
1

N
0

0

0

g

(3-27)

M
F

N2

0

0

NM
2

N2

0

0

A

F2N + gM2

N2 M2 N2 _

The row rank of a matrix is equal to the number of basis vectors for the row space.

The set of basis vectors,

Basis for Row Space of Q =

{[i o o o], [o 1 o o], [o o 1 o], [o o o 1]

(3-28)

are generated by using elementary row operations on the matrix Q in equation (3-27).

Since the number of row space basis vectors (4) is equal to the dimension of the system

(n=4), the system is observable. The Maple script ctrlobsr.map is used to generate both

the observability and the controlability matrices and is listed in Appendix A.
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4. EXPERIMENTAL SETUP

The vision system provides the cart position and pendulum angle to a Control

Computer, which in turn calculates the necessary control signal to stabilize the pendulum,

outputting a voltage that determines the force applied to the cart. The block diagram

presented in Figure 4.1 shows the system components. The shaft encoders on the

pendulum and cart motor provide an accurate measure of the cart and pendulum position

for system identification, debugging and judging the performance of the vision system.

Control Computer Pendulum & Cart

x(n+1)=Ax(n)+Bu(n)
y(n)=Cx(n)+Du(n)

Pendulum
and Cart
Column

Locations
(RS-232)

Control Algoritm

Control
Voltage

D to A

Control
Current

Amplifier

= Ax+Bu
y = Cx+Du

Pendulum/Cart
Dynamics

Vision System

Image Processing
and Data Xfer

z-1

Analog
Imme

RS -170 z-

Pendulum
and Cart
Image

Frame Grabber Vision Camera
Image Capture CCD Integration

Figure 4.1. System Block Diagram.

4.1 Cart Sub-System

The cart sub-system consists of an amplifier and a linear actuator. The linear

actuator is composed of an electric DC servo motor, linear bearing, 0.5 inch/revolution

lead-screw, and a mounting bracket. The mounting bracket connects the linear bearing to

the lead-screw and provides a mount for the pendulum. The lead screw is connected

directly to the shaft of the motor, which is equipped with a 1000 count, 4 quadrature

optical shaft encoder. Limit switches mounted at the ends of the linear actuator disable

the amplifier if the cart moves out of bounds. The amplifier is a Galil ESA-10-75 with a

10 continuous/25 peak ampere current rating. The amplifier converts the control voltage
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from the Control Computer into a current. The motor torque is directly proportional to

the current which, in turn, is directly proportional to the control voltage.

4.2 Pendulum Sub-System

The pendulum is mounted vertically on the cart mounting bracket with its rotation

restricted to a plane that is parallel to the cart movement. The pendulum rotates on a shaft

with a 600 count, 4 quadrature optical shaft encoder.

4.3 Vision System

The vision system determines the cart position and pendulum angle. The vision

system consists of a Computar series 3800 video camera with a 12.5mm lens, a B/W

monitor, and an Intelledex V386 vision computer. The V386 is an Intel 386 single-board

computer running at 20 MHz [4-11 The video camera employs a CCD array that senses

an image and transmits the image to the vision computer using an analog RS-170 signal.

The vision computer frame grabber samples each row sent by the camera into 512

columns and captures a total of 240 rows per frame. The vision applicationprogram

extracts the column locations of the pendulum and cart visual targets. The column

locations are then transmitted to the host computer using a RS-232 serial line running at

19.2K baud. The host computer then uses the column locations to calculate the cart

position and the pendulum angle. The B/W monitor displays the image viewed by the

camera.

There are four steps in the vision feedback loop: (1) camera CCD exposure, (2)

image transmission, (3) image processing, and (4) processed data transmission. It takes

(1/60 = 16.7ms) for the camera CCD exposure, (1/60 = 16.7ms) to transmit the image

from the camera to the vision computer frame grabber, and (1/60 16.3ms) to process

the image and transmit the data. The four steps in the vision feedback take (1/20 .--. 50ms)

which equals three sampling intervals.
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4.3.1 Camera Setup

The vision camera is mounted perpendicular to the plane of rotation of the pendu-

lum. The camera field of view contains the entire stroke of the linear actuator and a view

of the pendulum, as shown in Figure 4.2.

Pendulum

Bearing

Cart

Camera

111/ Ael / 7////////777/7/7/7/7/1// /7/1// /////,

Figure 4.2. Vision Camera Setup.

4.3.2 Vision Application Program

The goal of the vision application program is to extract (from the image) the pen-

dulum and cart target column locations and send them to the host computer. The desire

of processing 60 images per second using the Intelledex V386 requires usage of a simple

image processing algorithm. For this purpose, a structured image scene simplifies the

image processing. The image (as viewed by the camera) is uncomplicated and containsas

little background noise as possible. The visual targets have high contrasts relative to the

background of the image, allowing use of a simple edge finding algorithm to locate the

target column locations.

The image background is white and the cart visual target is a dark line at the pen-

dulum base. The pendulum visual target is the side of the pendulum which is painted

black. In Figure 4.3, the image which is stored in the frame grabber memory is shown.
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Figure 4.3. Frame Grabber Image.
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The application program searches for the column location of the cart target along

row 460 and searches for the column location of the pendulum target along row 30. The

host computer translates the cart column location into real-world coordinates by sub-

tracting the column location from the pre-stored home column location and multiplying by

the pixel width measured in real-world coordinates. The angle of the pendulum is cal-

culated from the column locations using the equation

0= tan
(Cart Raw PendulumRow)PixelHeight

(_1 (CartColumn PendulumColumn)PixelWidth (4-1)

The pendulum/cart is 1.15 meters (46 inches) inches in distance from the camera

lens, which has a focal length of 12.5 and a f-stop of 1.3. The camera field of view and

pixel size listed in Table 4.1 are based upon a vision system frame grabber resolution of

480 rows by 512 columns.
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Table 4.1. Camera Field of View and Pixel Size.

Field of View (FOV) Pixel Size
Vertical 0.459m (18.0") 0.892mm (0.035")
Horizontal 0.602m (23.6") 1.173mm (0.046")

4.3.3 Image Processing Algorithm

The application program must perform the following tasks:

1) start the capture of an image from the camera to the image segment,

2) wait for the completion of the current image capture,

3) move the rows to be processed out of the image memory,

4) initialize the frame grabber to begin capture of the next camera image,

5) process two rows of image data,

6) transmit the column locations to the host, and

7) return to step 2.

To process 60 frames per second, the cycle must be completed in 1/60th of a

second. The diagram in Figure 4.4 presents an outline of the application program

procedure.

Start
Capture

Wait for Move Start Find Transmit
Image Rows Capture Targets Locations

Figure 4.4. Image Processing Algorithm Flow Chart.



26

4.3.3.1 Row Move

The processing of the current image is done in parallel with the capture of the next

image. The image memory segment cannot be accessed while an image is being captured.

The application must wait until after the image has been captured and then access the

frame grabber memory during the video blanking period. The frame grabber acquires 240

rows, which are followed by 45 blanking rows. Each row takes 63 RSec to scan. The

movement of the row data from the image memory must take less time than the blanking

period of

2835 uSec 45 blank rows 63 uSec (4-2)
frame frame row

Performance tests determined that less than 1.5 mSec was required to move two rows of

512 columns.

4.3.3.2 Finding the Targets

The C language function call vmledge() supplied by the Intelledex vision

processing library is used to fmd the cart and pendulum target column locations. The

vmledge() function extracts the predominate zero-crossings of the image intensity second

derivative along a specified row. The function uses Newton's Method to fmd the

predominate edge with sub-pixel accuracy. When using the Computar Series 3800

camera, sub-pixel measurement is not very useful because of the large amount of noise in

the camera images. The sub-pixel accuracy of the vmledge() function would be useful

with a higher quality camera that had less pixel intensity noise.

The vmledge() function took too much time to process the entire length of the two

rows, thus a window of about 150 pixels in width around the previously found target

location was searched in each frame.
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4.3.3.3 Transmit Column Locations

The column locations of the pendulum and cart targets are sent over RS-232 at

19.2K baud to the Controller Computer. The column location is reported in tenths of

pixels and is a four-digit positive integer in a range from 1 to 5110. A 0 column location

signals that the target is not found. Data is sent from the vision computer to the controller

in 10-character packets. Each packet consists of four characters for cart location,

followed by a space, then four characters for the pendulum location followed by a single

delimit character. The "\n" new line character was chosen as the delimiting character. It

requires

5.2ms isec 10bits 10bytes

packet 19.2kbits byte packet

to send a packet to the host.

4.3.3.4 Image Processing Algorithm Cycle Time

The total time required to process an image is listed in Table 4.2 as follows:

Table 4.2. Image Processing Algorithm Cycle Time.

Task mSec
Row Move 2.8
Finding the Visual Targets 8.3
Transmit Column Locations 5.2
Total Image Processing Time 16.3

4.3.4 Vision Feedback Delay

(4-3)

Since the vision system outputs data at 60 samples per second, the 50 mSec of

latency equals an approximate delay of about three samples. Table 4.3 shows the total

latency of the vision system feedback signal.
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Table 4.3. Vision Feedback Delay.

Task mSec
Camera CCD Exposure 16.7
Image Transmission 16.7
Image Processing Cycle Time 16.3
Total Time 49.7

4.4 Control Computer

The Control Computer is a 486 33MHz IBM compatible PC with a Pendulum

Interface Card and a serial port for interfacing with the vision system. The PC runs the

Control Program which reads the cart and pendulum position data from the vision system

or the encoders, computes the control voltage, and sets the D/A on the Pendulum Inter-

face Card.

4.4.1 Interface card

The Pendulum Interface Card contains an 8-bit digital to analog D/A converter and

two encoder counters. The D/A outputs a voltage between -5Volts and +5Volts. The

encoder counters convert the motor and pendulum 4 quadrature encoder signal into an

absolute position, which can then be read by the Control Program running on the Control

Computer. The schematic of the Pendulum Interface Card is included in Appendix D.

4.4.2 Encoder Feedback Resolution

The motor encoder signal is converted by Pendulum Interface Card into a 4000

counts per revolution absolute number, which is then converted to a cart position resolu-

tion of 0.051 (m/count). The pendulum encoder signal is converted by the Pendulum

Interface Card into a 2400 counts per revolution absolute number which then is converted

to a pendulum position resolution of 0.0026 (radians/count) or 0.15 (degrees/count).
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4.4.3 Vision System Feedback Resolution

If the sub-pixel accuracy of the target finding is not used, the vision system pen-

dulum angular resolution is 0.0031 radians or 0.1751 degrees. The resolution is calculated

using equation (4-1) and the pixel sizes given in Table 4.1. The vision system cart position

resolution is 1.173mm.
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5. SYSTEM IDENTIFICATION

System identification is based upon data collected from the physical system to

parameterize the model of the pendulum and cart. Classic techniques are used to identify

the system, followed by computer simulation, to verify that the model matches the physical

system. In Chapter 3, it was assumed that the system could be modeled with the following

equation:

1(t) = Ax(t)+ Bu(t)+ vi(t),
y(t) = Cx(t)+ v2(t).

(5-1)

The matrices A, B, and C contain the following physical parameters (See Section 3.4

Deterministic Linear State Space Model): 1 (pendulum length), m (pendulum mass), M

(cart mass), F (cart friction), and J (pendulum moment of inertia). The theoretical vision

system latency of three samples is verified and the variance of the vision system

measurement noise v2(t) is measured. The derivation of the pendulum/cart modeled in

Chapter 3 was based upon the assumption that the dynamic forces of the pendulum do not

have an appreciable effect upon the cart. This assumption allows the cart to be identified

without having to account for the dynamic effects of the pendulum.

5.1 Pendulum Identification

The pendulum pivot is assumed to be friction-less. The pendulum 1 and m

parameters were directly measured, then used to calculate the pendulum moment of inertia

(J) relative to pendulum center of mass [5-1]. The Mat lab file pendmid.m (See Appendix

B) provides more detail about the pendulum. The pendulum measurements are listed in

Table 5.1, Pendulum Parameters.



Table 5.1. Pendulum Parameters.

Parameter Symbol Quantity Units
moment of inertia J 0.0111 kilograms*meters2
length 1 0.6120 meters
mass m 0.1134 kilograms

5.2 Cart Identification

The cart parameters were identified from the closed-loop uncompensated step

response of the cart. Rather than the vision system, the cart motor encoder is used for

position feedback because the encoder has a much higher resolution. Closed-loop

uncompensated control of the cart is shown in Figure 5.1.

II
Step Input Sum

0
Gain

s(s+wo)

Cart G(s)

y(t)

Figure 5.1. Closed Loop Uncompensated Control of the Cart.

5.2.1 Closed Loop Uncompensated Transfer Function

The system model assumed that the cart could be modeled with the second-order

equation

x(t) = f--i(t) + -1u(t) .
M M

The Laplace transform of equation (5-2) is

1
X(s)(s2 + F s) = U(s)

MM'
which can be solved for X(s)/U(s) to create the cart transfer function
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(5-2)

(5-3)
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X(s) Gain
G(s)

U(s) F s(s + wo)
s -F
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(5-4)

The cart friction F and mass M parameters have been redefined in terms of the cart

transfer function Gain and natural frequency, w0. Using Mason's rule, the uncompensated

(H(s)=1) closed-loop transfer function of the system can be written as

where

Y(s) H(s)G(s) Gain
w2

"rX(s) 1+ H(s)G(s) s2 swo + Gain s
2 + z,t,w,s+w,2

1

= Gain = = w = 28w .MM 0 c

(5-5)

Equation (5-5) relates the damping () and natural frequency (we) of the closed-

loop uncompensated system to the cart (Gain) and natural frequency (wo).

5.2.2 Extracting Parameters from Data

The rise time and the overshoot of the cart closed-loop uncompensated step

response [5-2] can be used to calculate closed-loop natural frequency (wc) and damping

(c), using

e-16m'
1 -SZ

8

MP 1 0.6

05.8 <1 ,

0 ,

1.8
tr .

Wn

(5-6)

(5-7)

(5-8)
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Equations (5-6), (5-7), (5-8) can be rewritten to solve for damping and natural

frequency in terms of rise time and overshoot as

8 . 0.6(1 Mp) 05_ 8 < 0.6 , (5-9)

1.8
wn =

t,

5.2.3 Data

(5-10)

The cart closed-loop uncompensated step response (Figure 5.2) and the simulated

step response track each other very closely. The simulated step response model

parameters were derived from the closed loop response rise time and overshoot and are

shown in Table 5.2.

0.16

0.14

0.12

Meters 0.1

0.08

0.06

0.04

0.02

0
0

Step Uncompensated Response

0.5
Sec

1 1.5

Figure 5.2. Cart Simulated(...)/Actual() Closed Loop Uncomp. Step Response.
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Table 5.2. Cart Parameters from Closed Loop Response.

Parameter Symbol Quantity
Cart Natural Frequency w. 4.9342
Cart Gain Gain 1.1111

5.3 Observation Noise {v(t)}

The signal {v2(t) } is a 2x1 column vector composed of the cart observation noise

vc(t) and the pendulum observation noise vp(t), written as

vc(t)
v2(t)=[vp(0 .1

5.3.1 Theoretical Observation Noise

The encoder quantization noise can be modeled by the following diagram

(Figure 5.3):

Ideal Output

Encoder Output

Actual
Position

0 A
A is the Encoder Resolution

Figure 5.3. Model of Encoder Quantization Noise.

(5-11)



The formula for the encoder variance e assumes a uniform distribution of the

quantization error and is given by

2 1 A 1 A
a =

A
(error(x))2 dx error(x)d.xf

A

2 1 A 23 A2 A2 A2 e2

° X 4 3 4 12

5.3.2 Measured Observation Noise
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(5-12)

Figures 5.4 and 5.5 show the plots of the position/angle feedback signal for the

cart/pendulum using vision feedback and encoder feedback. The 3-delay latency of the

vision-system feedback signal is removed and the DC average is removed from both the

encoder and vision signals. The 0.15 degree step size can be seen in the pendulum

encoder signal and the sub-pixel noise can be seen in the vision-feedback signal. The

vision/encoder motor feedback signals track each other closely and have higher resolutions

than the pendulum feedback signals.

Pen:lire nsicn vs. Encoder Data (dye,*

4 5 6 7

Seconds

8 9 10

Figure 5.4. Encoder () and Vision System (....) Pendulum Angle.

11



0.1

0.08

0.06

0.04

0.02

0

-0.02

-0.04

3

cart Vision vs. Encoder Data (Meters)

4 5 6 7
Swords

8 9 10

Figure 5.5. Encoder () and Vision System (....) Cart Position.

Feedback signal variance is calculated by:

Ze = X Ve

Zv =X +Vv ,

ZA = 4 Zv = X + X Vv

ZA = Ve -Vv

= E(4} = E{(17,-1702} ,

62A = E{17,2} E{Ve V, + E{Vv2}

= szr-2E{V,V, }+a,2 .

If Ve «V,, = al = a2v.

11
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(5-13)

The variables used in equation (5-13) are defined in Table 5.3. { Ve} is assumed to

be very small relative to the vision feedback noise {V,}, so that { Ve} is set to zero. This

assumption allows the vision system feedback-signal variance to be set equal to the

variance between the encoder and the vision-feedback signal, shown by the equation

al = E{(Ze Z02) . (5-14)
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Table 5.3. Feedback Model Equation Variables.

Name Description
2 Vision feedback signal variance
2 Encoder feedback signal variance
2

Crh, Variance of encoder and vision feedback difference
Ze Encoder feedback signal
Zy Vision feedback signal
Ve Encoder feedback observation noise, E{ Ve } = 0
V, Vision feedback observation noise, E{ Vv } = 0
X Actual position of object being measured

Theoretical and measured variances are given in Table 5.4. The theoretical vari-

ance is calculated using the data from Table 4.2 and equation (5-12).

Table 5.4. Feedback Quantization Noise.

Variance Encoder
Theoretical

Vision System
Theoretical

Vision System
Measured

Pendulum 5.72e-007 7.78e-007 0.0310
Motor 8.41e-013 1.14e-007 7.01e-006

5.3.3 Observation Noise Analysis

Equation 4-1 shows the angle of the pendulum is proportional to the difference

between the cart and pendulum target column locations. The pendulum moves less than

±5 degrees so the small angle approximation for cosine and sine can be used. The pen-

dulum angle can be computed by using the values from table 4.2 in equation 4-1 as



OA = tan-I
(Height, (Col, Col p)PixelWidth

(Row, Row,

( (1- 0)1173mm
OA = tan -1

(460 -30)0.892mm)'

OA = tan -1(0.003) .

If OA is small, then tan(9e) -.-: OA so

OA = 0.003 Radians = 0.17 Degrees.

5.4 Vision System Latency

38

(5-15)

The system model calculated the vision system would have a theoretical delay of

three samples. The delay was measured by fmding the least-square error between the

encoder and the forward shifted vision-system feedback signal. The equation

1 --NN 2 (5-16)Avg. Squared Error = 2,(EncoderPosition(k) VisionPosition(k - d)) ,
N k.i

where d is the forward shift of the vision feedback, calculates the average-squared error

between the vision-feedback signal and the encoder signal. Figures 5.6 and 5.7 show the

graphs for the average-square error vs. the shifting of the vision-system feedback forward

one to eight samples in time. The vision-system feedback signal matches the encoder

feedback signal with the least amount of error when it is shifted four samples forward in

time.
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Figure 5.6. Cart Position Average Squared Error vs. Delay.
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Figure 5.7. Pendulum Position Average Squared Error vs. Delay.
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6. CONTROLLER

In this chapter, the use of a state feedback controller with an observer and a d-step

ahead predictor to stabilize the pendulum are discussed. Gain selection for the state

feedback and the observer/predictor are discussed in detail. Because the vision system

provides only position feedback, an observer must be used to determine cart as well as

pendulum angular velocity. Because of vision-system latency, a predictor is used to

estimate the current position/velocity of the cart and pendulum. The relationship of the

controller components is shown in Figure 6.1.

Controller Cart/Pendulum Plant

Fq
y(n)=Cx(n)+Du(n)

U(n) x(n+1)=Ax(n)+Bu(n)0

State
Feedback

Gain

zd

Vision System

y(n)
z

y(n-d)

u(n-d)

Observer

x(n+1Ax(n)+Bu(n)
y(n)=Cx(n)+Du(n)

i(k d +1)

i(n)

(d-1) Step Ahead
Predictor

x(n+1)=Ax(n)+Bu(n)
y(n)=Cx(n)+Du(n)

Figure 6.1. Controller, Observer, Predictor Diagram.

6.1 Controller Selection

A state feedback controller was chosen because it provides a good methodology to

control systems with noisy feedback control signals. A previous attempt using a more

advanced fuzzy logic control algorithm and the same experimental setup failed to stabilize

the pendulum [6 -1]. The disadvantages of the PBD controller are two fold: it does not

control the position of the cart and it is sensitive to changes in plant parameters and noise
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[6-21 The low resolution of the vision system creates considerable noise in the feedback

signal. Non-linear controllers are more tolerant than linear controllers to external noise.

The non-linear sliding mode controller in theory could work equally as well or better than

the state feedback controller but was not tried.

6.1.1 PI Controller

In the past, the PI controller has been used extensively to stabilize the inverted

pendulum. The plant model (6-3) is created from the series connection of the pendulum

and cart transfer functions, equations (6-1) and (6-2) respectively. The equation (6-5) is

the closed-loop transfer function using the PI compensator shown in equation (6-4). The.

transfer function equations are thus defined as

Pendulum Model =
(s)

=
s2

X (s) L(s2 g 1 L)

Motor Model = X(s)
=

Gain

U(s) s(s+ sW)

Plant Model =
0(s) 0(s) X(s) s2Gain

U(s) X(s) U(s) s(s+sW)L(s2 g 1 L)

PI Compensator = Kp +
K.

,
s

s(sK + K; )Gain
Closed Loop = P i

where

s(s3 +Ws2 +
(GainK, g)s

+
(GainK; Wg)

L L

0(s) = position of pendulum,

X(s) = position of cart, and

U(s) = input voltage to amplifier.

(6-1)

(6-2)

(6-3)

(6-4)

(6-5)
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The position of the cart is not controlable using the PI compensator because it is

canceled in the series connection of the cart and pendulum transfer functions. Only the

angle of the pendulum can be controlled using this transfer function. The closed-loop

system has a pole and a zero at the origin which cancel. The zero/pole cancellation causes

the 4th-order system to behave like a 3rd-order system. If the pole/zero is modeled as

canceling, but in the actual physical system are not canceled, then the behavior of the

physical system can greatly differ from that of the model.

The PI compensator allows the characteristic polynomial e coefficient and the s'

coefficient to be set at arbitrary values. If a PID compensator is used, then the s3 coeffi-

cient can also be set to an arbitrary value. It is a necessary condition that all the coeffi-

cients of the characteristic polynomial have positive values for stability. Using the Routh's

stability criterion, it can be shown that the above characteristic equation (i.e., which uses

PI compensation) can be made stable with the right selection of Kp and Ki. It is not

necessary to use a PID compensator to stabilize the system.

6.1.2 State Feedback Controller Design

The state of the system, equation (6-6), contains four state variables that measure

the pendulum and cart position and the pendulum and cart velocity. The states are defmed

in Table 6.1. The constant N is a function of the pendulum mass and the moment of

inertia. The state column vector is defmed as

x(t) =

s(t)

s(t)
s(t) + NO(t)

i(t) + N8 (t)

(6-6)
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Table 6.1. State Variable Definitions.

Description Units Notes
s(t) cart position meters displacement from center
S(t) cart velocity meters/sec

0(t) pendulum angle radians displacement from vertical
0 (t) pendulum angle velocity radians/sec
N pendulum constant meters See Section 3.0 System Model

6.1.2.1 Linear Quadratic Regulator Theory

The linear quadratic regulator design for discrete-time systems assumes the system

can be written in the form

x(k +1) = A(k)x(k) + B(k)u(k) , with x(ko) given ,

where

(6-7)

u(k) is a r x 1 input vector,

x(k) is a n x 1 system state vector,

x(ko) is the n x 1 initial state of the system,

A(k) is an x n matrix, and

B(k) is an x r matrix.

The solution to the finite-time regulator problem generates the optimal input u*(.),

which minimizes the performance index V(x(to),u(.), to), defined as

V( x(ko), u(.), ko) = ±[x'(k)Q(k)x(k)+ 11(k 1)R(k)u(k 1)] ,

k.ko +1

where R(k) is a r x r non-negative definite matrix which penalizes the input, and Q(k) is a

n x n non-negative definite matrix which penalizes the system state.

The solution to the finite-time regulator problem is a state feedback law. If the

system controlled is time invariant, then the feedback gain matrix is a constant K(k) = K.

The state feedback equation is

(6-8)
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u*(t) = K(k)x(t) . (6-9)

Linear quadratic methods are used to minimize the cost function V( x(to), u(.), to)

and calculate the feedback gain matrix K(t). The minimum value of the performance index

is V*( x(k), k) = xT(k)P(k)x(k), where P(k) = S(k) - Q(k) and P(k) satisfies the discrete-

time Riccati equation. S(k) is used to calculate the feedback gain matrix

K(k) = --[Br (k)S(k +1)B(k)+ R(k +1)T1BT (k)S(k +1)A(k) .

6.1.2.2 Pendulum/Cart Finite-Time Regulator

(6-10)

Since the research objective is to stabilize the pendulum, it is important to penalize

the pendulum angle, 0(t). The input u(t) must be penalized so that the amplifier operates

within its linear range. The stroke of the linear actuator is limited, thus the cart position

s(t) = xl (t) is also penalized to maintain the cart in a centered position. The state-velocity

term, x4(t), is penalized to decrease the response time of the system to disturbances. Q

and R were set by trial and error. The system was simulated using Matlab, Q and R were

updated and the simulation run again. If the control signal was small/large relative to the

linear range of the motor amplifier, then the R term was decreased/increased; if the cart

traveled too near the limits of the actuator, then the cart position s(t) was penalized to a

greater extent. The final values forQ and R are

Q=

5 0 0 0

0 0 0 0

0 0 1 0

0 0 0 1

(6-11)

R = 0.05 .

The state feedback gain matrix K was solved using the Matlab control toolbox

function lqr(), resulting in the following:



K = [72.21, 8.45, -82.3106, -23.45861T.

6.2 Observer/Predictor Design

45

(6-12)

The output signal of the vision-feedback system has a latency of (d) samples. The

delay d was found to equal four (see Chapter 5 for additional detail). At the sample time

(k), the observer used the input u(k-d) and the vision system output y(k-d) to calculate the

estimate for x(k-d+1), denoted as x (k-d+1). The observer was a Kalman filter in the

following form:

i(k +1- d) = d)+ G[y(k d)- C.Z(k d)] + Bu(k d) . -(6-13)

Since there is no position information beyond y(k-d) the deterministic discrete-time

model is used a total of (d-1) times to estimate z (k). The set of equations:

x(k d + 2) = Ai(k - d +1) + Bu(k - d +1),
z(k d +3) = A.i(k d +2)+ Bu(k - d + 2) ,

i(k) = Ai(k -1) + Bu(k -1) ,

(6-14)

illustrate the procedure. The convolution formula can be used to write the previous set of

equations in more compact form as

1(k) = Ad-1 d +1) + d-2-A - Bu(k - d +1+ j) .
(6-15)

j =o

An overview of the Kalman filter is presented in this section, whereas Kalman filter

theory is described in detail in section 2.4.1. The observer has the form

i(k +1- d) = Ai(k d)+ Bu(k d)+ G[y(k d) Ci(k d)]

and the observer gain matrix, G, is given by

G = AV (klk -1)CT [C V (klk 1)CT + .

The covariance matrix, V(k+11k), satisfies the equation

(6-16)

(6-17)



V (k + Ilk) = A{V (klk 1)V (klk 1)CT [CV (klk 1)CT + RI'

x CV (kik 1)} AT +Q ,

V(ko) = Vo
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(6-18)

where { vl(k)} and { v2(k) } are zero mean, white noise processes with covariance given by

E
vk

{[vi(k)I
2() ri(k)T v2(k)1=

0 R(k)
1-Q(k) 0

5 (ki k2)
i L

(6-19)

The covariance of the modeling noise R(k) is restricted to be positive- definite and since

Q(k) is a covariance, it is non-negative defmite.

6.2.1 Covariance of the Modeling Noise Q

The covariance of the model was found by taking the average squared difference

between the actual measured state of the system and the state of the system created from

driving the model with the inputs used for the actual system. The covariances

a 2 2
, 2 ,0 a 2

, 4a 2 were all set to 0.001. The covariance of the model noise1

Q E-- Ek(k)-1,71.(k)1=

6i 0 0 0

0 2
2a 0 0

0 0 2
6 3 0

0 0 0 er42'_
assumes that the covariance between the states is zero.

6.2.2 Covariance of the Measurement Noise R

(6-20)

The vector, v2(t), is the observation noise and is composed of the cart position and

pendulum angle vision measurements, measured in Chapter 5 as 6e2 = 7.01e-006 and 6p

= 0.031, respectively. It is assumed that the covariance of v2(t) is



a' 0
R = E[v2(k)v;(k)1=[0

62]

6.2.3 Solving the Riccati Equation
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(6-21)

The Matlab controls toolbox function dlqe() was used to solve for the Kalman gain

matrix G. Since the system has two measured outputs and four state variables, G is a 4 x

2 matrix with the following values:

G=

0.20 0.24

0.02 0.03

0.19 0.42

0.19 0.48

(6-22)
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7. COMPUTER SIMULATION

The system was simulated in Mat lab to test the performance of the state-feedback

controller and observer. The simulation procedure is show in Figure 7.1. The simulated

model was expected to be more stable than the physical system because the noise induced

errors in modeling the plant were not simulated.

Intialize
x(0)=xo

k=0, i(0)=0

i
u(k) = K:i (k)

1
x(k+1) = Ax(k) + Bu(k)

if
Iy(k) = Cx(k)

if
IQuantize y(k)

if

x (k+1)=Ax (k)+Bu(k)+G (y (k)-Cx(k))

if
k=k+11

Figure 7.1. Simulation Flow Chart.

The low resolution of the vision system creates quantization errors with a resultant

destabilizing effect upon the system. Quantization of feedback from the vision system is

simulated by rounding down the model output, y(k), using the equations

where

Cart Position = round( Xpos/mResolution)*(mResolution) ,

Pendulum Angle = round( Theta/pResolution) *(pResolution) ,

round(x) converts x into an integer,

(7-1)



mResolution = resolution of the cart position measurement,

pResolution = resolution of the pendulum angular measurement,

Xpos = position of the cart,

Theta = angular position of the pendulum,

Cart Position = rounded valued of the cart position, and

Pendulum Angle = rounded valued of the pendulum position.

The simulation in Figures 7.2 and 7.3 show system responses to an initial pendu-

lum angle error of 2.5 degrees. The graphs in Figure 7.2 show the state of the observer

which at time (t = 0) is zero and the observer takes several samples to match the actual

state of the system.
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5
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0.2

0

Cart Position (m)

10 0
Pendulum Angle (Deg)

5
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10

0 1 2 3 4 5
Seconds

6 7

Figure 7.2. State Controller Simulation.
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Figure 7.3. Cart/Pendulum Actual ()/Estimated (---) Velocities.
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The vision system pendulum angular resolution is 0.17 degrees. This small amount

of error causes small-limit cycle oscillations in the pendulum angle. The oscillations reach

a peak-to-peak amplitude of 0.6 degrees with a period of one second. The pendulum will

fall without the constant adjustment made to the position of the cart. After the controller

has stabilized the pendulum (i.e., Pendulum Angle = 0), the input to the plant is turned off.

The pendulum then begins to fall, but because of the quantization error the pendulum must

fall past 0.17 degrees before the controller will observe that it is falling. The controller

then begins to react by moving the cart. In turn, the cart takes time to accelerate and the

pendulum already has some velocity, thus the pendulum reaches an angle of 0.3 degrees

before the system begins to reposition the pendulum back to the vertical position.

To see the effect of the pendulum angular resolution more clearly, the system was

simulated with a five-fold decrease in pendulum angular resolution. The simulation with a

pendulum angular resolution of 0.85 degrees is shown in Figures 7.4 and 7.5. Thepen-

dulum oscillations in the reduced-resolution simulations had peak-to-peak amplitudes of

almost two degrees at a period of one second.
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Figure 7.4. Reduced Resolution State Controller Simulation.
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8. EXPERIMENTAL RESULTS

This chapter presents the results of controlling the inverted pendulum with vision

feedback. Optical encoders were used to identify the plant, debug and test the controller,

and to measure noise in vision-system feedback. They were also used as a reference to

judge the predictor performance during final testing. The switch from encoder to vision-

system feedback is shown in Figure 8.1.

The pendulum had a 5 degree amplitude limit cycle using the controller without

prediction. The pendulum limit cycle decreased to a 1.5 degree amplitude limit cycle using

the 4-step ahead predictor on the vision feedback data. The reduction of the controller

sample rate from 60 to 30 samples per second had little effect on the performance of the

system.

x(n+1Ax(n)+Bu(n)
y(nCx(n)+Du(n)

)e. Ax+Bu
y = Cx+Du

Control Computer Pedulum/Cart

Visn
System

'Optical
Encoders

Figure 8.1. Vision and Encoder Feedback.

8.1 Control without Prediction

The state feedback controller was run without the predictor as a baseline to judge

the increase in system stability using a predictor. The observer was used to estimate cart

velocity and pendulum angular velocity, predicting velocities one-step ahead so that the

observer output was delayed one sample before multiplication by feedback gain to gen-

erate the control signal u(k). As can be see in Figures 8.2 and 8.3, the pendulum quickly
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starts a 5-degree peak-to-peak oscillation with a period of 1.0 seconds. The pendulum

remained upright on runs longer than 10 seconds, but the cart sometimes hit the limit

switch at an end of the linear actuator, causing the system to shut down.

Cart Position (meters)

Figure 8.2. Cart Position Using State Feedback Control Without a Predictor.

Pendulum Encoder Position (deg)

2

i I

T /
I I

I I I

4 6 8
Seconds

10 12

Figure 8.3. Pendulum Position Using State Feedback Control Without a Predictor.
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8.2 Control with Prediction

The graphs in Figures 8.4 and 8.5 show the system is more stable when the state-

feedback controller is used with the observer/predictor.. The cart remained near the

center of the actuator and the pendulum remained upright as long as the testing was run.

The pendulum angle had an AC component with a 1.5 degree peak-to-peak oscillation and

a period of 0.3 seconds.

Cart Position (meters)

-0.05

-0.1

-0.15

-0.2
0 2 4 6

Seconds
8 10 12

Figure 8.4. Pendulum Position Using State Feedback Control With a Predictor.
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Figure 8.5. Cart Position Using State Feedback Control With a Predictor.
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The vision system only returns the position of cart and angular position of the

pendulum, and the observer is used to estimate cart and pendulum angular velocity. The

computed velocity (drawn with a solid line in the graph presented in Figures 8.6 and 8.7)

is calculated from encoder position data using Euler's method. Euler's Method creates a

noisy derivative when used on the quantized encoder data but is adequate to compare with

the observer/predictor results drawn with a dotted line. The actual positions and the

predicted positions of the cart/pendulum are shown in Figures 8.8 and 8.9. The

observer/predictor did a resonable job in following the actual state of the system.

0.2
Cart Velocity (m/sec) vs. Estimate

Figure 8.6. Cart Calculated ()/Predicted (---) Velocity.
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8.3 Control with Reduced Sampling
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A test was completed to determine the system's performance at the slower

sampling rate of 30 samples per second. The response of the system was identical to the

controller with prediction running at 60 samples per second. The plots of the actual cart

and pendulum position and estimated position are shown in Figures 8.10 and 8.11.

0.2

0.1

0.

0.05

0

-0.05

-0.2

Cart Position vs. Estknate (meters)

0 2 4 6
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8

Figure 8.10. Reduced Sampling Cart Actual ()/Estimated (---) Position.



58

Penduksn Encoder vs. Estimated Position (deg)

Figure 8.11. Reduced Sampling Pendulum Actual ()/Estimated (---) Position.
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9. SUMMARY AND CONCLUSIONS

The thesis research objectives are to demonstrate that vision is a useful feedback

sensor and prediction can be used to improve performance by compensating for the

feedback delay of the vision system. A single axis inverted pendulum experiment was built

as a test-bed for studying predictive control using vision feedback. The pendulum rotation

is restricted to a plane and is mounted vertically on a cart with the pendulum plane of

rotation parallel to the cart direction of travel. A vision system provides position feedback

of the pendulum angle and the cart position to an IBM compatible PC controller at a rate

of 60 times a second. A state feedback controller was developed and implemented on the

controller to stabilize the inverted pendulum. An observer/predictor was used to

compensate for the 4 sample delay in the feedback path caused by the vision system. The

observer/predictor was based on a Kalman filter which performed well with the noisy,

slow-sampled vision feedback.

Noise and delay from the vision feedback are the most important factors affecting

the pendulum visual servo control. It was found through simulation that a decrease in the

pendulum angular resolution by a factor of 5 increased the pendulum limit cycle amplitude

by a factor of 3. The pendulum experiment had a 5 degree amplitude limit cycle without

the predictor and a 1.5 degree amplitude limit cycle using the 4-step ahead predictor. The

reduction of the controller sample rate from 60 to 30 samples per second had little effect

on the performance of the system. The similar system response at 60 and 30 samples per

second is expected because the fastest pole of the plant is at 1 Hz which is well below the

sampling frequency of 30 Hz.

The inverted pendulum is a good test-bed for studying predictive control using

vision feedback. The pendulum will fall without the constant adjustment made to the

position of the cart. The adjustment of the cart by the controller is delayed because of the

latency and quantization errors in the vision feedback. The better the controller is able to

compensate for the delay and quantization the better it is able to stabilize the inverted

pendulum.
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' 9.1 Limitations and Suggested Improvements

The pendulum encoder and the vision system measured the pendulum angle with a

resolution about 0.15 degrees. The low resolution of the pendulum angle as measured by

the vision system caused a limit cycle. It would be informative to use a higher resolution

camera to test the system performance at different pendulum angular resolutions. The

pendulum angle encoder resolution was marginal. An encoder with five times the angular

resolution of the vision system would be useful for characterizing the vision system more

accurately. The cart could not accelerate fast enough to recover from large errors in the

pendulum angle because the linear actuator was under powered and it would be useful to

study the performance of the system with a more powerful linear actuator.

9.2 Suggestions for Future Work

In general, vision feedback is noisy and has slow sample rates relative to other

types of position feedback sensors. The state feedback controller was chosen because it

provides a well developed methodology to control systems with noisy feedback control

signals. An approach that was not tried but might provide robust performance is sliding

mode control.

There are many industrial X-Y positioning table applications that use vision to

measure positioning error but the vision feedback is not part of the closed loop control.

While the X-Y table is not moving, the vision system measures the positioning error. The

error is fed to the X-Y table controller which moves to zero the error. When the table has

completed its move the vision system measures the positioning error again. Positioning

speed is critical in most of these applications. An area that needs to be explored is the

fusion of the vision and X-Y table feedback sensors to increase the speed and decrease the

error of the positioning system.
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