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CHAPTER 1: INTRODUCTION

1.1 Motivation

The need for precision position sensors is driven by a variety of industries that require
precision motion. Rotary position sensors are especially common since the majority of pre-
cision motion devices are driven by rotary motors. Typically, a rotary electromagnetic
motor drives either a rotary or linear motion stage using some sort of gearing arrangement.
If the gearing ratio between the motor and the motion stage is high, then a relatively low
resolution rotary position sensor at the motor will result in high resolution motion measure-
ments at the motion stage. However, backlash in the gearing system will limit precision.

New technological demands in diverse fields such as multi-chip semiconductor mod-
ules and biomedical genetics research have motivated the development of small, direct-
drive motion systems with very high positioning resolution. The lack of gearing in these
system implies that higher resolution position sensors are needed to achieve the higher po-
sitioning precision.

Sensors with analog quadrature outputs are of particular interest for high-precision po-
sitioning because their analog nature allows a degree of interpolation between the
guadrature phases. However, this type of sensor suffers from nonlinear effects which are
difficult to calibrate out. The objective of this thesis is the development of a new technique
for the in-situ calibration of analog quadrature position sensors. The analog rotary incre-
mental optical encoder is used as the example for this analysis; however the calibration

technique is applicable to many other analog quadrature sensors.

1.2 Rotary Position Encoders

1.2.1 Functional Overview
The rotary incremental optical encoder consists of three basic components: a slotted

disk, a light source, and a dual light-detector configured as shown in Figure 1.1. A light
source shines on a disk which is covered with an evenly-spaced radial pattern of transmis-
sive and reflective/absorptive elements called “encoder lines.” Lower resolution encoders

use a metal disk with radially-cut slots to vary optical transmissivity of the disk. Higher res-
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Figure 1.1: Encoder Schematic Diagram

olution encoders typically use a radial pattern of chromium lines evaporated onto clear
glass. A dual light detector array on the opposite side of the disk detects varying intensities
of light as the disk rotates due to the pattern on the disk. The two detectors are placed 0.25
of a line apart so that the peak output signal of one detector occurs 0.25 of a line before/
after the other (i.e., the outputs of the two detectors are in quadrature phase). This type of
optical encoder was made feasible by the development of solid state light sources and photo
detectors.

A typical encoder installation consists of mounting the light source and detector array
on a fixed frame such as a motor body and mounting the encoder disk on the motor’s rotor
shaft. As the rotor turns, the encoder disk turns as well, alternately obstructing and trans-
mitting light between the light source and the detectors. The detectors output two
guadrature signals, called abd , which are correlated with the intensity of the light strik-
ing each of the two detectors. These b) signals can then be used together to determine
the rotary position of the motor shaft as described below. Linear versions of this type of

sensor are also possible, using a lines on a linear bar instead of a rotating disk.

1.2.2 Digital Encoders
Most incremental encoders in use today are digital encoders. In this type of encoder, the

two detector outputs are converted into digital quadrature signals using thresholding cir-



cuits. These signals are then fed into a quadrature decoder logic circuit which monitors the
two signals for changes in logic level. Due to the quadrature phase between the two signals,
position changes of 0.25 of a line may be converted to pulses on separate clockwise (CW)
and counterclockwise (CCW) signals. These position change signals are fed into “up” and
“‘down” inputs of a digital counter which maintains an absolute position count in units of
0.25 of a line relative to some predefined O rotational position.

Logic chips such as Hewlett-Packard’s HCTL2016 [1] are available which contain both
the quadrature decoder logic and the digital counter as well as a byte-wide output port suit-

able for direct interface to a microprocessor.

1.2.3 Analog Encoders
The primary difference between an analog incremental rotary encoder and its digital

counterpart is that the detector outputs are not internally thresholded into digital quadrature
signals. Instead, the analog quadrature signals are typically passed through operational am-
plifiers within the encoder which perform signal conditioning (offset and gain adjustments)
and drive the output lines.

Ideally, the output signals from two detectors are sinusoidal waveforms in quadrature
phase which go through one cycle per encoder-disk line as the disk rotates. Assuming that
the signal is symmetric about 0-volts, the zero-crossings of the two signals can be used like
the transitions in the digital quadrature signal to determine rotary position to 0.25-line res-
olution. However, the analog values of the two signals can be used to further interpolate the
intra-line position to much higher resolutions.

This ability to interpolate between lines is the primary advantage of analog encoders: it
multiplies the angular resolution afforded by the lines on the encoder disk by whatever
amount of resolution that can be interpolated between a pair of lines. For example, if an

encoder hasl, = 1000 lines then the digital resolution would be

36 [0 Degrees]
URevolutior ] Degrees(]
Ro = Lines [, ,CTransitions) 0 0% ransiiod (V)

100 Revolutior 40 Line U

However, if the analog signals are used to interpolate the intra-line position to, for example,



one part in 100, then the angular resolution can be improved to

360D Degrees ]
R = URevolutiorH :OOOS%TDegreeSD (1-2)
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a factor of 25 improvement in angular resolution.

1.2.4 Nominal Configuration
The (&, b) outputs of an analog encoder are periodic in angular distance with a fre-

quency ofN, , the number of lines on the encoder disk. In order to obtain a position

measurement, some standard hardware is needed to process these signals. Figure 1.2 shows
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Figure 1.2: Nominal Analog Encoder Signal Processing

a typical configuration. Each of the encoder outpigsb) is passed through a threshold-
ing circuit which emulates the thresholding circuits found in digital encoders. The
thresholded versions of these signals are then treated just like the signals from a digital en-
coder as discussed in Section 1.2.2 above, connecting to a quadrature decoder which, in
turn, drives a digital counter. The counter value is used as an estimate of the encoder posi-
tion, p. The least significant bit of the counter represents 0.25 of an encoder line so the
digital position estimatep, (in units of encoder lines) is the digital value of the counter,

p. divided by four:



by = (1-3)

The (a, b) signals from the encoder are also passed directly to a digitizing circuit
which converts their analog voltages to digital equivalents. The digitized values are then
used to generate a more accurate intra-line interpolation of the encoder position. Special
care must be taken so that tte b) signals are sampled simultaneously to avoid changes

in apparent position due to a time lag between samples.

1.3 Analog Encoder Calibration

1.3.1 Non-ideal Encoder Outputs
Most manufacturers of analog encoders claim that their devices output sinusoidal

waveforms. Ideally, the two sinusoids would have exactly the same frequamcy () and
amplitude @ ) and differ in phase by exactly’ 90hese ideal signals could then be mod-

eled by,

a(1)
b (1)

asin(2r)

o cos(2r) (1-4)

where1 is the distance between an adjacent pair of encoder lines, normalized to the real
interval [-0.5,+0.5). Assuming that the output signals accurately follow this model, the in-
tra-line distance can be determined using the two-argument arctangent function to avoid
guadrant ambiguity problems:

_ ataerZ](Ta, b) (1-5)
In reality, the output signals of the analog encode(s) bl rarely match the
ideal quadrature sinusoid model of (1-4). The output waveform is very sensitive to the rel-
ative distance and alignment between the light-source and the encoder-disk and between
the encoder-disk and the quadrature photodetectors. Most high-resolution analog encoders
are sold as pre-assembled units with high-precision bearings to minimize these alignment
distortions. “Kit” encoders are assembled by the customer and are very difficult to align
correctly. Even in the pre-assembled units, the encoder signals rarely match the ideal sinu-

soidal model given in (1-4).



The outputs of 3 different encoders are shown as Lissajous plots b vs. ) in Figure

1.3. The left-most figure is from a 1024-line factory-assembled encoder with high-preci-
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Figure 1.3: Lissajous plots for typical encoder outputs

sion bearings. The remaining two figures are 1000-line hollow-shaft “kit” encoders
mounted with the light emitter and detectors bolted to the motor body and the encoder disk
mounted on the motor shaft. The dotted-circular shape is the output from an ideal encoder
characterized by (1-4). These plots demonstrate that the kit encoders output waveforms are
further from the ideal circle than the factory-assembled encoder, but all three encoders suf-

fer from non-ideal characteristics.

1.3.2 One-to-Many Mapping Problem
At first glance it seems that one could use the Lissajous plot directly to determine the

intra-line position. However, without an accurate model of the encoder sig(@ls, and
b(1), it is impossible to accurately map these signals to the intra-line pogition, . This is
illustrated graphically in Figure 1.4 which shows that it is possible to invent two functions
[a,(1), by(T)] and[a,(T), b,(t)] which map to the same Lissajous plot. In fact, any num-
ber of functions[ a(t), b(t)] can map to the same Lissajous plot. This implies the converse
as well: it is impossible to use the Lissajous plot alone to determine intra-line paosition,

for a given encoder time samplia(t), b(t)]

1.3.3 Goals
Experience has shown that analog encoder output signals roughly approximate the ideal
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Figure 1.4: Encoder Output “One-to-Many” Mapping Example
model given in (1-4). If this ideal model is used to generate a rough intra-line position es-

timate, T, , using (1-5), the true intra-line position may be modeled as

T=T1,+¢&(T) (1-6)

whereg(t,) is a calibration term which corrects for the estimate ermy in  due to the use
of the ideal model.
The goal of this thesis is the development of a robust technique to accurately determine

the calibration functiorg(t,) for an analog encoder which
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1. does not require expensive and time-consuming external calibration hardware such
as micrometers or laser interferometers,

2. applies to any analog encoder (even the ones with highly non-circular Lissajous
plots),

3. may be used on encoders in their final installed configuration (since the encoder
output functions may change with each installation), and

4. uses the same signal measurement hardware and sampling rates as the final control
system so that calibration can be performed in the final installed system at any

time.

1.4 Review of Previous Work

1.4.1 Parametric Calibration Method
A parametric calibration algorithm for analog optical encoders was developed by P.

Marbot in [2] for use in a 3 degree-of-freedom direct-drive minirobot. The algorithm as-
sumes that the encoder outputs are sinusoidal as in (1-4), but relaxeSghagand the

equal-amplitude constraints. The outputs are modeled by the functions,

a(n)
b (1)

o cos(2r)

Bsin (27T — ®) (1-7)

where the amplitudes; and3 , and the quadrature phase @rror, , are constant but unique
to each encoder and mounting configuration. The Lissajous plot diath® outputs of
this model forms an ellipse where the paramef{ersp) control the length of the major
and minor axes and the parameter  controls the amount of rotation. Using this modified
model, Marbot first rewrites the second equation in (1-7) as

b(t) = Bsin(2mr) cos(P) —pBsin(P) cos( 2rr) (1-8)
by trigonometric identity and then solves for

b(t) _ Bsin(2rr) cos(P) —Bsin (P) cos( 2rr)
a(t) o cos(27)

(1-9)
= gtan(ZTrr) cos(®) —gsin(fb)

Equation (1-9) can be rearranged algebraically to



ab(t)

AN Bacos(®)

+ tan(P) (2-10)

so that

_ atar@ (ab(t) + Ba(t) sin®, Ba(t) cosP)
21 '

(1-11)

The new encoder model in (1-11) was applied to factory-assembled encoders with out-
put waveforms similar to that shown in the left-most Lissajous plot in Figure 1.3. Marbot
named this model the “Potato Algorithm” since it partially corrects for the potato-like shape
of the Lissajous plot of his encoder outputs. Note that it is the unequal ampljtud€s)
of the two signals which gives the plot its elliptical shape and the phasg @rro0) that
causes the rotated orientation of the ellipse. If the amplitudes are exactly equal and there is
no phase error, then the plot would form a perfect circle. In this case, the ideal model in (1-
5) would be applicable.

The Potato algorithm was implemented by lookup table on an 8-bit microcontroller
(Motorola 68HC11) and increased the intra-line resolution by a factor of 16 over the stan-
dard 0.25-line resolution of a digital encoder while running at a rate of 1000 Hz. An off-
line calibration procedure was used to find the model paraméterg, @] . This calibra-
tion required multiple samples from a moving encoder to be uploaded from the
microcontroller to a personal computer via a serial port where the amplitude and phase es-
timates were made by examining the maximum values and phase difference between the
two signals for a single cycle.

Marbot points out the following important features of this “potato algorithm”:

1. The parameterfa, 3, @] are constant for a given encoder and mounting configu-
ration. Once these parameters are identified, much of the computational complex-
ity of (1-11) can be reduced by precomputing the constant terms ssaiftas and
cos® . This was especially important in view of the relatively low computational
performance of the selected microcontroller (0.5MIPS, 16-bit integer arithmetic)
and the high servo rate (1000 Hz.). Precomputed lookup tables for some of the
sub-expressions of (1-11) were also used to increase computational performance.

2. The model assumes that the encoder signals are symmetric about the origin (i.e.,
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the potato shape in the Lissajous plot is centered at the origin). If either of the sig-
nals have some small amount of offset, this should be subtracted out before being
passed to the model.

3. The parameterga, f] are expressed in (1-10) as a ratio. Therefore, this algo-
rithm is implicitly insensitive to common-mode changes in the peak-to-peak
amplitude of the(a, b) encoder signals.

Using the Potato algorithm on factory assembled encoders, Marbot was able to increase

resolution by a factor of 16 (4-bits) over the 0.25-line digital resolution. However, a better
method of calibration is needed if higher precision interpolation is desired or if the output

of an encoder deviates significantly from the ellipsoidal shape assumed by (1-11).

1.4.2 Constant-Velocity Calibration Method
Hagiwara, et.al., developed a lookup-table based calibration (“code compensation”)

technique in [3]. The paper discusses the design of a hardware encoder interface which per-
forms the following functions:
1. Reads the analog@a, b) encoder signals at a 100-kHz rate, converting them to
digital values using A/D converters.
2. Usesthedigitalay, by) values as an index into a ROM-based lookup table which
contains the arctangent function.
3. Uses the output of the arctangent table as an index into a ROM-based lookup table
of correction factors.
4. Combines the outputs of the two ROM lookup tables into an estimated position
output using a collection of adders, latches, and counters.
This digital interface hardware computes an interpolated intra-line position by first assum-
ing an ideal encoder model (i.e., equation (1-5) using the first ROM), and then subtracting
off the error between the ideal model and true position using the second ROM lookup table.
Additional adders, latches, and counters are used to keep track of the incremental rotary po-
sition in a manner similar to that of the HCTL 2016 chip mentioned in Section 1.2.2.
The index (actually a digital address) for the first ROM, is formed by combining the

two digitized encoder values using the relation,
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U U]
Arom1 = 2" x agot by (1-12)

wherem is the number of significant bits from the A/D converter. This maps all possible
A/D value-pairs(ag, by) to unique addresses, implying that the ROM must have a depth
of 2°™ words. The values at each address correspond to a conveniently scaled relation,
atare (ay, by) , and the accuracy is limited to the ROM width. Hagiwara, et.al. used 6-bit
A/D converters and an 8-bit ROM, requiring@96x 8 -bit ROM for the first lookup table.
The 8-bit ROM width limited the intra-line interpolation precisioriLtOZ8 or 256 unique
locations.

The contents of the second, “correction-factor” ROM were generated by high-speed
sampling (100 kHz) of the encoder outputs while the encoder was spinning at about 9 lines
per second to yield about 220 samples per line. By assuming that the rotational velocity was
constant over the sampling ensemble, a “true” position was computed by integrating the av-
erage velocity (i.e.average-velocityx sample-intervalsample-number). The correction
factor for a given ideal-model position (e.gtar? (a, by) ) was then the difference be-
tween the ideal-model position and the integrated position for a given sample. The error for
each ideal-model position (256 possible positions due to the 8-bit width of the first ROM)
was computed over multiple experiments and averaged to generate a final lookup table of
correction factors.

Using this method on a 3600-line encoder, an 8-bit (256 element) correction table was
generated. Experimental confirmation of the accuracy of this correction table indicated that
there were residual errors of 3 counts (about 3 bits). This implies that only the upper 5-
bits of the 8-bit correction table were significant, yielding an intra-line resolution of
2° = 32, a factor of 8 increase in intra-line resolution over the 0.25-line resolution of a
digital encoder. Regarding the 3-count error in the calibration table, Hagiwara concluded
that,

As every phase code is compensated, the deviation is expected to be lesk than
count. But in experiments, so far as this time, we have not been successful in min-
imizing the error to this level. This may be caused by noise and the fluctuation of
the rotating speed which we assumed to be constant.
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1.4.3 “Hummingbird” Minipositioner
Karidis, et.al. developed a specialized quadrature rotary position encoder as part of their

“Hummingbird” Minipositioner [4], a small{3x 13x 1 mm work volume), high-perfor-
mance (>50-G accelerations) manipulator for high-precision positioningmj1-
applications. The encoder uses the same principles as a typical rotary optical encoder such
as the one shown in Figure 1.1. However the optical path is slightly different with the light
passing from the LED through a grid-plate (instead of a rotary disk), to a corner reflector
which sends the light back through a second grid plate, to a pattern of 4 photodetectors
which generate two differential quadrature signals as a function of position.

The encoder line resolution is 10 lines per degree, yielding a digital resolution of 0.025
degrees. Karidis, et.al. state that they are able to utilize intra-line interpolation to increase
resolution to 0.00089 of a degree, a factor of 29 improvement. However no mention is

made of the calibration method used for their encoder.

1.4.4 Sawyer Sensor
The Sawyer motor [5] is a planar motion analog to the rotary stepper motor. A polished,

flat steel surface, called a “platen” acts as the stator. The surface is inscribed with a fine
rectangular grid which acts as the stator’s “teeth”. The motor contains an arrangement of
electromagnets and linearly arranged, quadrature-phased groups of magnetic “teeth” that
allow it to move along and slightly above the plane of the steel platen by interacting with
an air bearing. The magnitude and phasing of the current profiles in the electromagnets con-
trol motion along the two cartesian degrees of freedom as well as a small amount of
orientation around the axis perpendicular to the platen. As with traditional rotary stepper
motors, the Sawyer motor supports open-loop position-control as well as micro-stepping
control modes. However, the finest stepping precisions are prone to errors (e.g., missed
steps) so some sort of position sensing is desirable.

J. Ish-Shalom [6] developed a Sawyer sensor for use with the Sawyer motor. The sensor
uses the same type of structure as the Sawyer motor: groups of magnetic teeth in quadrature
phase (relative to the tooth pitch) act as a variable magnetic reluctance sensor, with a high-

frequency magnetic field from a driver coil acting as the magnetic signal source. The sensor
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outputs two signals in quadrature phase which are periodic in distance relative to the pitch
of the platen teeth.

The Lissajous plot of the Sawyer sensor signals, as shown in [6], appears very similar
to the middle plot of Figure 1.3. Ish-Shalom used a laser interferometer system to calibrate
non-ideal properties of the output signals relative to an ideal sinusoidal function similar to
(1-4). The error correction values, as defined by the difference between the interferometer-
measured position and the ideal sinusoidal model position, were fitted to a 3rd order poly-
nomial. This polynomial was then used to generate corrections from the ideal model for
future position measurements.

Ish-Shalom tested the sensor on an experimental system with 1-mm pitch lines on the
platen, implying a standard digital resolution of 260- He reports maximum errors of
less thant1l pm using the 3rd-order polynomial model for intra-line interpolation, a factor

of 250 improvement over the digital position estimate.

1.5 Mini Direct-Drive Robot
Marbot [2] developed a miniature 3 degree-of-freedom (DOF) biomedical research ro-

bot for high-precision manipulation of small fluid samples using thin glass pipettes. Direct-
drive motors and precision sensors were used on its three joints to maximize positioning
control and resolution over its 17-8mvork volume. The first joint was a prismatic (linear
motion) joint and used an LVDT positioning sensor. The other two joints were revolute and
used analog quadrature encoders for position sensing. These factory assembled encoders
(Model CP-320-1024 from Computer Optical Products, Inc. (COPI) of Chatsworth Califor-
nia) produced Lissajous plots similar to the one shown in the left-most plot of Figure 1.3.
The “Potato” algorithm described in Section 1.4.1 was used to calibrate these analog
encoders.

This minirobot has subsequently been upgraded to incorporate a 2-axis wrist, for a total
of 5 joints to be used in more demanding biomedical research tasks as well as a general re-
search tool for scaled teleoperation. Figure 1.5 shows the current physical implementation
of the robot. A general overview of the design and implementation of the robot and its con-

trol system may be found in [7]. The mechanism design and implementation is documented
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Figure 1.5:5-Axis Mini Direct Drive Robot
in [8]. The control system processor is documented in [9].

The upgrade from 3 joints to 5 necessitated the use of smaller, more light-weight “kit”
encoders (COPI Model CP-200-1000) which have less ideal outputs such as the ones shown
in the central and right Lissajous plots in Figure 1.3. It was these less ideal encoders which
motivated the calibration work in this thesis because the “potato” algorithm discussed in

Section 1.4.1 was no longer a good fit.



CHAPTER 2: PROBLEM ANALYSIS

In Section 1.3, Lissajous plots for several analog encoders were shown which each have
a different non-circular shape. The variations in output waveforms between different en-
coders motivates the development of a general calibration method to determine intra-line
position. One way to view this calibration problem is to model the intra-line position as giv-
en in (1-6):

T =T1,+€(T), (2-1)

Here the true intra-line positiom, , is modeled as the sum of a rough intra-line pasjtion,
as determined by the ideal model in (1-4) a(wj) , a calibration term which compensates
for the non-ideal properties of the encoder. The challenge is to determine this calibration
function, g(t,) , for-0.5<1,<0.5. A new approach to determining this function in the
form of a lookup table is presented in the next chapter. However, before this approach is
presented, it is important to understand the final limitations on any calibration approach.

2.1 Noise Model
The use of intra-line interpolation of the ideal analog encoder allows theoretically infi-

nite angular position resolution. However, the limitations of manufacturing tolerance,
measurement noise, quantization error, and calibration errors in real encoders provide
physical limitations to position resolution. The purpose of this chapter is to analyze the
sources of error in the process of intra-line position estimation for non-ideal encoders.
Figure (2-1) shows that the accuracy of the actual intra-line position, , is dependent
on the accuracy of both the measured rough position estimate, , and the calibration term,
g(t,) . Sincet, is a computed function of ti¢a, b) encoder signal measurements which
are themselves subject to measurement nojse,  is an inherently stochastic signal. The cal-
ibration function,&(t,) , is also stochastic because noisg, in will cause the incorrect
calibration term,e , to be extracted from the function. Alsa,) may be imperfectly
known due to errors in the calibration process or due to variations in the line width and in-
tra-line distance on the encoder disk. The noise on (ifeb) encoder signals is
measurement noisand the error in the correction facteft,)  cadibration error. Quan-

tization noise from the A/D conversion is not specifically modeled; however, it can be
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lumped together with the measurement noise for the purposes of the following analysis.
Using the above definitions, the effects of these errors on the final intra-line position

estimate;t , can be analyzed. Figure 2.1 shows the signal flow for the intra-line estimator

. . Measurement
Calibration :
Error Noise
4 4 Encoderb
Intra-Line T (b ad Dual a Outputs (a,b)
Position atar( o ad) b AID
Estimate - — d JConverter b
21
bn
Calibration Measurement
Term Noise

Table

Figure 2.1:Encoder Signal Flow with Error Model

in the nominal configuration (see Section 1.2.4). The measurement noise is shown as addi-
tive noise in the encoder analog outputs which is then quantized by the A/D converters and
used to compute, using the ideal encoder model relation in (1-5). The calibration noise

is shown as additive noise to the corrected intra-line position estimate,

2.2 Measurement Noise

2.2.1 Noise Model
The analog encoder signals are generated by optical receivers within the encoder. These

signals must pass through a variety of amplifiers and cables before finally reaching A/D
converters. Noise may added at any stage of this signal path due to internal amplifier noise
and electromagnetic interference (EMI) in cable transmission lines. The noisy signals are
then sampled at periodic intervals by the A/D converters.

It is convenient to model the discrete measuremeats,b,) , as the sum of determin-
istic signals, (a(t), b(t)) , and some stationary noise sources with zero-mean gaussian

distributions using the relations,

ay(t)
by(t)

a(t) +a ()

(1) + b (1) (2-2)
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where

1>

a,

b

n

N(O, A) .

1>

N(O, B)

and (A, B) are the variances of the two noise sources. gjpce bjand  are each a sum of
a deterministic variable and a gaussian random variable, and since a linear function of a
gaussian random variable is also gaussagn, bgnd  are also gaussian random variables.
Thus (2-2) can be rewritten as

a,(t) = N(a(9), A)

. (2-4)
by(t) = N(&(Y), B)

In order to justify this model, some experimental data is needed. By holding the encoder
position constant, the statistical properties of the measurement noise on an experimental en-
coder may be studied. Approximately 3000 samples o#jeb,) signals for a stationary
analog encoder were taken at 1-millisecond intervals. Figure 2.2 shows the histograms of
each of the encoder signals with one bin per A/D unit. The plots show roughly gaussian dis-
tributions with two different mean values which are the statioraty g
deterministic positions in (2-3). Numeric computations of the variance in the two signals

yield

A
B

1.68

3.04 (2-5)

usingA andB as defined in (2-3). The variances of the two signals are quite different; this
was found to be the case for several different encoders at various intra-line positions using
the same experimental configuration. The source of this difference was traced to the actual
encoder outputs (i.e., it is not due to noise in the experimental electronics) but the cause of
this difference is unknown.

Another important aspect of the measurement noise is the degree of correlation between
the two noise sources as modeled in (2-2). Figure 2.3 shows the joint distribution of the ex-
perimental dataset as both a mesh plot and a contour plot. The fact that the major and minor

axes of the constant probability ellipses in the contour plot align with the measurement axes
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Figure 2.2: Histograms of Encoder Measurement Noise
indicates that the two random noise sources are highly uncorrelated. The computed corre-

lation coefficientpp = —0.167 , confirms this observation. The low correlation implies that
the random variables used to model the two gaussian noise sources are independent. When

(ag by) are combined together to compuate |, the independence of these random vari-
ables allows for an improved estimatetgf

2.2.2 Arctangent of Noisy Measurements
The rough intra-line positiont, , as defined in (2-1), is computed using the ideal
model:

atar2 [a,(t), by(t)]
21 ’

() =

(2-6)

Sincet, is dependant up@y abg , the varianca,(t) ba(tl will be trans-
ferred in some form ta(t) . The arctangent function in (2-6) is a nonlinear mapping



19

200~

150+

100+

50

1572 ‘ ' 150

146 28\
144 B,Q\\a““

"Channe/ 1562 142

1560

Figure 2.3: Joint Distribution of Encoder Measurement Noise

function which maps the random variablés,, b) , to a new random varigble, . The
variance oft, will be dependant on the input varianC&sB) but may also depend upon
the mean (or “true”) position(t,r) , where is the radius from{hgb) = (0, 0) or-

igin. This variance mapping problem is illustrated in Figure 2.4, a first quadrant subsection

204 1,

= —

T AL

| Y r'd
M3 I // \
B /ZNN
4 (.

'// I ‘ Tl
M L61:(T)

Figure 2.4: Variance Mapping Problem
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of a Lissajous plot. A constant-probability contour for the jointly gaussian input sigpals,

and b, , are shown for three different time samples, with the samples located at radii
(ry, 1, rg) andintra-line positiong0, 0.125 0.23 respectively. Note that the three radii
shown in the figure are identical. The Lissajous plots in Figure 1.3 show that this is not gen-
erally the case. Figure 2.4 shows that while the variar{de$B) , and the radii of the input
signals are constant for all three samplesagparentvariance i, , called |, is different

for each of the samples and depends upontboth and theradius . If the two input varianc-
es happen to be equal (i.A&.,= B ), then the probability contour will be symmetric about
its mean value so thd would only dependron . However, as was shown in the histo-
grams of Figure 2.2, this is not generally the case.

The challenge then is to determine how the variance from the input signals is mapped
to variance on the output signal which is the rough intra-line position estimate. It can be
shown that a linear vector function of jointly gaussian random variables yields jointly gaus-
sian random variables. However the arctangent function is not linear. A more general
approach is to examine how the (nonlinear) arctangent function maps the joint probability

density function (PDF) of its input random variables.

2.2.3 Variance of Rough Position Estimate
Leon-Garcia [10] showed that X [J 0" is a random vector, the joint PDF of

Y = f(X), whereY [ 0" is related to the joint PDFXf  by:

PAY) = py(a(Y)) BI(oY))l (2-7)
where p, is the joint PDF over the input vectr g(Y) is the invers&>Of [i.e.,
X = g(Y)], and|J(g(Y))| is the determinant of the Jacobiag@f) dg(Y)/dY . This ap-
proach assumes that the functioX) is invertible.

Since the arctangent in (2-6) is part of a conversion from rectangular to polar coordi-
nates, this function may be represented as part of the mapping of two cartesian random
variables, (ay, b,) to the polar random variablgs,, r.) . This conversion can be fitted

into the structure of (2-7) using the following definitions:
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a
x & |7, (2-8)

g

A
y , (2-9)

Ta

whereY is the nonlinear functidX)
O 2 2[1/2
vzt = | el 210
= X) = atan(x,/x,) | (2-10)
21

Equation (2-10) is the standard conversion from rectangular to polar coordinates with the

anglet, on the interval, [-0.5,0.5). The nonlinear inverse funcgor) , IS
cos(2
X = gy) = 10022 (2-11)
y;sin (2my,)

which is the mapping from polar to cartesian coordinates. From (2-11), the determinant of
the Jacobian of(Y) is:

0 0 .
a—ylylcos(2ny2) a—ylylsln (2my,)

(2-12)
cos(2my,) sin( 2ty,)

—2Ty, sin(2my,) 21y, cos(2my,)

21y,

The PDF for avectaX afi jointly gaussian random variables is defined as

p(X) = 1/2exp[—% (X =M) K (X =M )} (2-13)

(2m " 2K

whereM is the vector of means, i.e.,
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;
M = [Elx] E[x] ... E[x]] (2-14)

andK is the covariance matrix for | i.e,

E[xﬂ E[x; %] ... E[XX\]

K = [EDoul E[G] . EDox (2-15)

_E[xnxl] E[xXx] ... E[xﬁ] |

Since the(a, b) encoder signals are approximately gaussian, as seen in Figure 2.2 and

modeled in (2-4)p,(X) will be a bivariate jointly gaussian distribution,

p(X) = ;l/zexp[—% (X=M,) K, (X -M X)} (2-16)
21K

with X as defined in (2-8), the means as defined in (2-4) are:

M, = |3, (2-17)
b
and the covariance as defined in (2-4) is:
K,=| A PYAB (2-18)
pJAB B
Since (a,, b,) were found to be uncorrelated, the bivariate correlation coeffipient, 5
zero so thakK  simplifies to
AO
K, = { } . (2-19)
0B

The varianceT , of. may then be computed using the relation,

a

VAR[y,] = E[y3]-Ely,] = [ [ 0P dxydx, = [ [ £,(X)p,(X)dx;dx, (2-20)
wheref,(X) is the second elementf{i) as defined in (2-10)pgixg is defined in (2-

16). However, the integrals in (2-20) are integrals of the product of an arctangent of the
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variables of integration and an exponential of transcendental functions of the variables of
integration for which it is very difficult to get a closed-form solution.

2.2.4 Tangent Line Approximation
Figure 2.5 shows an equal-probability contour of a joint Gaussian distribution in

A b, Lissajous
Contour\

Equal-Probability
Contour

Figure 2.5: Tangent-Line Approximation

(ag by) as well as a small section of a Lissajous plot. A line tangent to the Lissajous plot
at the central moment is shown as well. The varidhce , as measured by the angle between
the central moment and the equal-probability contour, is slightly different than that of the
tangent line. As the radius increases in proportion to the size of the contour, this differ-
ence will decrease up to the limiting case where the Lissajous plot becomes a straight line
constant-probability contour.

The proportions of Figure 2.5 are exaggerated such that the long axis of the constant-
probability contour is approximately half of the radius of the Lissajous plot. In the experi-
mental system, the largest experimentally measured variance is about 16 A/D units while

the smallest measured Lissajous radius is about 1600 A/D units. Assuming that the con-
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stant-probability contour traces toe value, then the largest probability contour radius in
the experimental system would be 16 A/D units, a factor of 100 smaller than the smallest
Lissajous radius. Therefore the errorsTin  due to the tangent-line assumption will be

negligible.

2.2.5 Approximate Probability Density Function of Intra-Line Position
The tangent-line assumption simplifies the efforts to deterffiine , the variamge of

for three reasons:
1. The different orientations of the PDF equal-probability contours in Figure 2.4 can
now be represented as a simple rotation about the central moment of-2mgle,

The left-hand diagram of Figure 2.6 shows this rotation graphically. This rotation

%o 2
]
2, v T, f(X)
AVNEE N
\\ . ’{/i ) N \< ‘
21, | X1 %) Z%
— Ao,
Figure 2.6: Coordinate System Rotation of Joint Gaussian PDF
is equivalent to a change in coordinate systems as shown by the fuf(etjon, ,in

the figure. The right-hand diagram in Figure 2.6 shows the PDF equal-probability
contour in the new coordinate systerh, . Unlike the arctangent operator, rotation
is a linear operation on the jointly gaussian encoder signals. Therefore, the result-
ing distribution is still jointly gaussian, but with possibly nonzero correlapgn,
Also, since the variancé  af ~ is an angular measure, and since the radius of the
central moment of the distribution is unchanged(®) T , is also unchanged by
this rotation.

2. The mathematical difficulties in performing the integrations in (2-20) are due pri-

marily to the fact that the integration is being performed along the axis of a polar
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formulation (e.g.,[r, T,] ) of a 2-variable jointly Gaussian distribution. With the
tangent-line assumption, the integration is in the rotated coordinate frame,
{y1, Yo} , allowing a cartesian formulation fgx (X)

The rotation in Figure 2.6 can be represented as an operator on the two encoder signals,

(ag by) using the following definitions:

A _ad
X £ , 2-21
_bj (2-21)
2 4 Zl], (2-22)
_22
so thatZ s the linear functidifX)
Z = f(X) = AX. (2-23)
where
A = [cos(Zm) sin ( 2rrr)] (2-24)
—sin (21mt) cos(2rm)

The PDF ofZ ,p(Y) may be derived using (2-7). Since (2-23) is a linear mapping, the
inverse functiong(Y) is simply

X =g(2) =AZ. (2-25)
A rotation function such as (2-24) is orthonormal so the determifdégty))| IS
-1
A =1. 2-26
7 = (2-26)

Therefore, using (2-7), the PDF 8f is

0,(2) = py(a@) OA™Y = pAa™'2). (2-27)

Substituting the PDF oK as given (2-16) into (2-27) yields:
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-1
PAZ) = p(A "Z)
_ 1 10,1 (r -10,-1
= ——Eﬁexp[—é[ﬁ Z-Mypg Ky A Z—MXE}
ZWKA
1 1 T,-T, -1,-1 (2-28)
= exp[——(Z—AM ) ATK, AT (Z -AM )}
1
=1 exp[—l(z—Al\/lx)TEAKXATEr (Z—AMX)}
21, [[K 2
whereK, andM, are as defined in (2-17) and (2-19), respectively. |@ired from (2-
26), equation (2-28) is another jointly Gaussian distribution with mean vector,
M, = AM, (2-29)
and covariance matrix,
K, = AK, A (2-30)

Substituting (2-17) and (2-24) into (2-29) yields

_M
— Z1

Mz,

- _COS(ZTF[) sin(ZTr)} H (2-31)

|—sin(2mr) cos(2mr) | |b

_ _acos(ZTrr) + bsin (211)
|—asin (2rr) + bcos(2rm)

and substituting (2-19) and (2-24) into (2-30) yields

K_ = Kle KZl2]

K.., K

|Nz12 Nz22

_ _COS(ZTlT) sin(2m)} {A O} {cos(Zm) —sin(ZTr)} . (2-32)
|—sin(2rtt) cos(2mr) | |0 B|[sin(2rmr) cos( 2rm)

_ [ Acog (2mr) +Bsire (2m)  (B—A) sin(2mm) cos( 2m)
| (B—A) sin(2mr) cos(2rt) Asir? (21t) + Bcog (21)
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2.2.6 Variance of Intra-Line Position
The rotated distribution, as expressed in (2-28), aligns the axes g9 that  is parallel to

the radial line through the distribution mean wtale  is perpendiculay to . The random

variables,t andz, are related by

atan(z,/z,)
T 2-33
T o™ (2-33)

SinceM,, = z; from (2-21), (2-23), (2-24) and (2-31), (2-33) may be rewritten as

atan(z,/M,,)
= : 2-34
T o (2-34)

By looking at the marginal distribution alorry ~ an expression for the approximate vari-
ance,T oft may be derived as

. atan(z,/M
T E[E (221'[ Zl) Ez}

[oe]

1 2
= 21?2 J’ atan (22/ M21) Epzz(zz)dz2

D 20 i
expl] % 0 : (2-35)
2 Z (12K,

= atan( ) O dz,

41t Z-I M, ZT[K222

1 0220

= atan (—) Cexp z

41 /2T[K222'[o Mz1 D2KzzzEH 2

The first three terms of the Taylor series Jmnmz(zz/ M) are

> 27, 23
atari(z,/M,,) (-2 - —2 + 2 (2-36)
M2, 3M3, 45Ms,

Sincey, « M, , the higher-order terms in (2-36) are negligible. The integral (2-35) may be
computed as the sum of each of the Taylor-series terms multiplied by an exponential:
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mke O 02" 20 220 0,20 O

0

J’ ZZEXpDZKZZZBHZZ 2 J’ zzexpD2 zzzBsz 23 J‘ zzexpDZKZZZBHzZD

A 1

TO ZEF“’ > + %

At Mgy, 2K, 3M21 21K 75, 45M21 2T, [

O O
(2-37)

The expression (2-37) was simplified with MAPLE-Vsymbolic mathematics package to

3/2 5/2 7/2
. K 2K 23K,
T0— 1 E Y222_ 122 + \6(22% (2-38)
art [Kzp-Mz Mz 3My

whereM,, an&,,, arefunctions¢b, b, A Bt1,) definedin(2-31)and (2-32), respec-
tively.

The 3o = Bfl' constant-probability contour for the dataset used to generate the histo-
grams in Figure 2.2 and Figure 2.3 may be computed from (2-38) and plotted as function

of T, . Figure 2.7 shows thi3o  contour for three different noise scenarios (i.e., 3 different

o
o
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o
w
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Figure 2.7:3-Sigma Contour of Rough Position vs. Rough Position
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constant values foA anB@ ). Note that the even if {AeB) variances are equal, the
variance,T , oft still changes with because the radius of the experimental dataset varies
as a function ot .The variande represents a physical limitation on the accuracy of any
calibration technique. The plot in Figure 2.7 indicates that measurement noise in the exper-

imental system may cause almost 0.001-line errors in the vaiuyge of

2.3 Calibration Error
The signal flow diagram in Figure 1.2 on page 4 shows that the actual intra-line posi-

tion, T, is dependant on three terms:

T =T1,+e&(1)+(, (2-39)

wheret, is the rough intra-line positiog(t,) is the calibration term to correct for non-
ideal properties of the encoder, ahd is any remaining calibration error due to inaccuracies
in the calibration termg(t,) . Ideallg(t,) will correct for all errors in the rough position
estimater, ,sotha = 0

The properties of the calibration error are more difficult to quantify than the properties
of the measurement noise. Small inaccuraciesty) may be caused by variations in the
encoder line width or spacing for a particular adjacent line-pair on the encoder disk. Inac-
curacies may also be caused by inaccurate calibration technique. The accuracy of the line
spacing/size on the encoder disk is unknown; however these distortions are known to be

small relative to the general calibration distortions addressed by the calibration function,

e(t,) .



CHAPTER 3: MODEL-BASED CALIBRATION TECHNIQUE

3.1 Approach
In Section 1.4, two methods for analog encoder calibration were reviewed. The first

method [2] was based on a parametric model of the encoder output waveforms as a function
of intra-line position. The second method [3] developed a table-based calibration using a
position estimate that was based on the assumption that the encoder is moving at a constant
velocity. In this chapter a new approach is developed for estimation of the true position dur-
ing the calibration process using a Kalman filter [11]. The filter uses a stochastic dynamic
model of the encoder, the actuator, the current input, and the load to generate a minimum-
variance estimate of the position as a function of time based on the rough intra-line position
estimatet, , from the ideal encoder model.

The intent of this approach is to provide an off-line technique for generating a calibra-
tion table where an encoder/actuator is moved over a small range of motion for a short time
while the encoder outputs signals and command actuator currents are sampled and recorded

at the normal servo frequency (e.g., 1-msec. for a 1-kHz servo system). Figure 3.1 shows

P Pe
_» —
4 .
|
m
. wo
N T, | Rough Kalman Extract Calibration | g(T
by atar122(b, 2) Intra-Line Filter/ True Intra- Table _(’a)
L p n Position Smoother Line Pos. Generation
T A
a

Figure 3.1:Kalman Calibration Algorithm Schematic

the algorithm in schematic form. The dataset is passed through a Kalman filter/smoother to
provide a minimume-error estimate of true position. The difference between the minimum-
error estimater , and the rough estimate, , (based on the ideal model Section 1.3.1) can
then be used to generate a lookup-table of correction faefogk, , that map the rough (and
easily-computed) intra-line position estimate to the true intra-line position.

A key assumption in this new approach to developing a calibration table is that a single
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table will satisfy the relation in (2-1) fafl adjacent line pairs on the encoder wheel. There-
fore this approach is unsuited for encoders with large differences between adjacent pairs of

encoder lines on the encoder disk.

3.2 Process Model Derivation

3.2.1 Continuous-Time Model Derivation
The encoder to be calibrated is assumed to be mounted on a rotary-joint system with an

electromagnetic actuator. A linear state-space model of the system is needed to formulate
the Kalman filter used in estimating the encoder position. While the Kalman filter used for
the calibration supports highly complex models (even nonlinear models using the Extended
Kalman Filter [12]), good calibration results are obtained from an experimental system us-
ing a linear process model.

The actuator is assumed to be driven by an ideal current source, so that the dynamics
due to the inductance and back-EMF of the motor can be ignored. This simplified dynamic

model is described by the second-order torque equation,
JO+BO+K.i =0 (3-1)

where J is the inertia of the joint as seen by the axis of rotdjon, is the viscous damping,
K is the motor torque constamt,  is the commanded current(&a,rﬁj are the first and
second time-derivatives of the joint's angular positiéh, . The system parameters,
[J, B, K{] are assumed to be time-invariant and that the cuiirent, is assumed to be a
deterministic control input to the system.

Equation (3-1) represents a linear, time-invariant system which can be expressed in

state-space notation by,

x(t) = AX(Y) + Bu(). (3-2)
wherex 4 [9 ']T ,u 4 iy
A 0 1
AZ| B (3-3)
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and

K] - (3-4)

3.2.2 Continuous Gauss-Markov Process Model
The system equation in (3-2) forms a deterministic model of the system. This model is

only an approximation; there may be unmodeled effects and errors in the model parameters
[J, B, K;] . Therefore, it is useful to augment this model to incorporate the unmodeled ef-
fects as stochastic disturbances.
A continuous Gauss-Markov process (CGMP) is a continuous linear Markov process
whose state derivative depends linearly on the current state xalue, , a contral input, , and

a zero-mean Gaussian purely random inpyt, . This is expressed as,

X(t) = A)x(t) + B(Ou(t) + T (Hw(t) (3-5)

wherew (t) is a vector of Gaussian random variables with zero-mean and covélvjance
denotedN(0, W) .
Comparing (3-2) and (3-5) the system equation in (3-2) can be formulated as a CGMP

by simply augmenting it with a stochastic disturbance input:

X(t) = AX() +Bu(t) + T (Hw(D). (3-6)

With this modification, the state vector is now itself a Gaussian random vauable ( is de-
pendant on a linear combination of Gaussian variables) and can be expressed as

X(t) DNG(), X(D) (3-7)
The mean value of the state vecif) , propagates as
x() = Ax(D) + Bu(1) . (3-8)
Note thatw,(t) does not appear in (3-8) becaug) is assumed zero-mean. Also note
that the state vector covariance is independeBt of  sifice Is considered a deterministic
input to the system.
Bryson [14] showed that if the time correlations of the process noise img(tjs, , ap-

proach O for time-intervals near or larger than the characteristic times of the system, then
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the process noise of the system may be treated as a white-noise input with some spectral

density Q. In this case the state covariance vex{oy, propagates in time according to
X(t) = AX() + XA +T Qr ", (3-9)

Equation (3-9) is the continuous-time Lyapunov equation. In order to simplify subse-
guent expressions, the time-function notation will be dropped at this point although it
remains implicitly. The CGMP equations for this system can then be written more simply

as
X = Ax+ Bu (3-10)
and

X = AX+ XA +T Qr.' (3-11)

3.2.3 Conversion to a Discrete Gauss-Markov Process
A discrete Gauss-Markov process (DGMP) is a discrete linear Markov process whose

next state depends linearly on the current siate, , a deterministicinput, , and a Gaussian
process noise inputy  with distributiod(W(K), W(K) . The general expression for a time-

invariant DGMP is a mean state vector,
X(k+1) = DdK)X(K + LK UK + KWK (3-12)
and a state covariance vector,
X(k+1) = DRXEKD (k) + WK . (3-13)
Note that the process noise/(k) is usually assumed to be zero mean, implying that
w(k =0.
Equation (3-13) is the discrete-time Lyapunov equation. Assuming that the control in-

puts are applied by a zero-order hold, the conversion of this CGMP to a DGMP

representation involves the following relations:

® = exp(ALT, (3-14)

TS
W = IeAtdt (B, (3-15)
0
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and
TS
At
r = Ie dt[l‘c. (3-16)
0

where T, is the sampling interval of the discrete system. In addition, an expression for
W(K) , the covariance of the DGMP process noise at samplektime , is needed which relates
to the spectral densit®) , of the process noise in the continuous-time system. Bryson [14]
showed that for zero-mean CGMP process noise (ngt) = 0 ) with time-correla-
tions,E[vv(t)WT(r)] ~ 0 for|t—t|>T, whereT_«than the characteristic times of the
system matrixA , the relation betwe@®n  ad is approximately:

T

S

wo &' aor "] Tt (3-17)
0

The DGMP covariance)V , will have the same covariance as the continuous-time system
at times that are integer multiples of the sampling interval.

While the integral computations in (3-14) through (3-17) can be done individually, a
technique developed by Van Loan [13] can be used to compute these terms simultaneously
in terms of a single matrix exponential. This technique is especially useful since well-con-
ditioned numeric matrix exponential algorithms exist. A detailed review of the algorithm
is given in Appendix A.

The integrals in (3-14) through (3-17) may be computed by defining a n@trix  in
terms of the CGMP parametefé, I, Q] such that

AT 0 0

~ T T

c8 o -ArQr. o, (3-18)
o 0 A |
0 0 0 ¢

and its matrix exponentiafs
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>

S 2 exp(Ct) = 2 (3-19)

From the definitions, the DGMP parameters may be extracted3rom as follows:

® = Fy (3-20)
W = 6.8 (3-21)
r=Gir, (3-22)
W= E16, (3-23)

Computation of (3-19) through (3-23) is normally done numerically. However, a sym-
bolic representation was derived to see the relations between the CGMP and the DGMP

parameters directly for the system in equations (3-14) through (3-17):

Jr —a
1->[e’-1]
= Be (3-24)
0 g’
K Jo .0 K.TJ
Tr-en- s
_ | B F
W= | °F (3-25)
KO -
=00 -1
— F -
J3E4e_a e 3E+ ZJZBFTS ngl +e % gt
2
Qr 3 2
W = ..59_ : Br : . Br - (3-26)
ngl +e % _g*® 0 J - e 0
2 B
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where

>

a2 =5 (3-27)

BeTs

J
Note that in (3-26)[" (1, 1) was assumed to be zero to simplify the symbolic expression
for W. This turns out to be a good assumption since most of the process noise will probably
come in through the second state due to uncertainty in the actuator model and the current
command through the second state. However, there is no need to require this assumption in
the numerical implementation since the Van Loan algorithm will give the correct result for
anyTl .. The important thing to note from the symbolic derivations in (3-24) through (3-27)
is the relative importance of each of the physical system parameters on the discrete formu-
lation.

Equations (3-24) through (3-27) can be used directly in the final DGMP formulation

given in (3-12) and (3-13). Note that the computationfor from (3-16) is not shown here

since it is not used in the final DGMP formulation.

3.3 Kalman Calibration Filter Derivation
In the previous section, a DGMP model was derived for a simplified second-order plant

consisting of an encoder mounted on an actuator with known inertia, viscous damping and
actuator constant)( B, andK;  respectively). This process model must now be augment-

ed to incorporate the encoder output signals.

3.3.1 Measurement Vector
In Section 1.3.1, an ideal model of the encoder outputs was used to derive a function

which maps these outputéA, B) to an intra-line positton, according to the relation,

_ atar2 (B, A

. o (3-28)

This model assumes that the outputs are exactly sinusoidal with identical magnitudes and
frequencies o1t , with exactly 9®f phase difference (quadrature phase).
The Kalman filter formulation models the sensor measurement vector, , as the linear

combination of a true measurement of the system states, , and measurement noise,

z = Cx+ v (3-29)
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If the ideal model is used to compute a position estimate, then any errors in this estimate
can be incorporated as measurement “noise.” The filter assumes that this noise is Gaussian
with zero-mean and varianse . Since the ideal model provides an estimate of only the first
(position) state, the sensor distribution mat@x, , is defined as

cf1d. (3-30)

3.3.2 Kalman Filter Formulation
The Kalman filter can be computed efficiently in a recursive formulation which, for ev-

ery sample tim& , generates an optimal estimate of the mean and covariance of the state
vector based on (1) the previous mean and covariance estimates lat-time , and (2) the
process inputs and measurements atkme . The filter is really a two-stage algorithm; it first
generates a “time update” which is a prediction of the state mean and covariance based on
the previous state and process inputs. Then it does a “measurement update” which gener-
ates a new estimate which is based on the “time update” estimate and the sensor
measurements. The relative influence of the time update estimate and the measurements on
the measurement update depends on the “Kalman G€in,” , which is a time-varying pa-
rameter that indicates the relative reliability of the information sources based on the current
state-covariance? , and the known sensor covariadhce,

The filter algorithm is outlined below using notation from [14]:

TIME UPDATE
x(k+1) = ®X(K) + Yu(k) (3-31)
P(k+1) = OPK)D +W (3-32)

MEASUREMENT UPDATE
Kk+1) = P(k+1)C'[V+ CP(k+ 1)C'] - (3-33)
P(k+1) = P(k+1)—K(k+1)[V+CPk+)C ]KKk+1)" (3-34)

f(k+1) = x(k+ 1)+ K(k+ 1) [z(k+ 1) —Cx(k+ 1)] (3-35)
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wherez is the position estimate as defined in (3-29pfok < N , with initial conditions
%(0) = X, andP(0) = P, .

3.3.3 Optimal Smoother Formulation
The Kalman filter provides an optimal estimate of the state. The filter is formulated as

a DGMP, which only looks to previous states to generate a new estimate. However, since
the proposed calibration algorithm is implemented off-line, the entire dataset is available.
Clearly, improved estimates may be made if all available data lefdedter a given point

is used to make given estimate.

One type of smoother is the forward and backward smoother which consists of two Kal-
man filters, one which runs forward though the data set kom1l k #oN , while the
other runs backwards through the dataset fkom N k 101 . The forward filter gener-
ates an optimal estimate based on all previous data while the backward filter generates an
optimal estimate based on all subsequent data. Since the two estimates are statistically in-
dependent (see [14]), they may be combined to form an estimate that is optimal over the
entire data set.

Running a Kalman filter in time-reverse order requires a few modifications to the for-
ward filter formulation of equations (3-31) through (3-35). The backward Kalman filter is

formulated as follows:

TIME DOWNDATE

x(k=1) = & R%(K) - dWu(k) — D Tw(k (3-36)

P(k=1) = ® PR +W (3-37)
MEASUREMENT DOWNDATE

K(k—1) = P(k—1)C'[V+ CR(k-1)c"] ™" (3-38)

P(k—1) = P(k=1)—K(k—1)[V+ CR(k=1)C"]K(k-1)" (3-39)

f(k—1) = x(k—1) + K(k—1) [z2(k— 1) — Cx(k—1)] (3-40)
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with k = (N+ 1) to 2, and initial conditions(N + 1) = X, anB(N +1) = Pn

The smoother uses both the forward and reverse estimates of the state mean and cova-
riance to generate an optimal estimate. If the forward and reverse state mean estimates at
time k areX(k) andkg(k) , respectively, and the forward and reverse state covariance es-

timates are similarIPF(k) ané‘B(k) , then the smoother algorithm can be formulated as

follows:
K(K) = Pe(k) [Pe(k) + Pe()] (3-41)
xs(K) = Xe(K) + K(K) [Xe(K) —xg(K)] (3-42)
P(K) = Pr(k) —K(KIP:(K) (3-43)

with k = 1 toN. Bryson and Frazier [15] showed that the backwards filter in (3-36)
through (3-40) and the smoother in (3-41) through (3-43) may be combined into a single
step. However, these steps were kept separate in the experimental implementation to sim-
plify debugging efforts.

3.4 Correction Table Generation
The result of applying the Kalman filter/smoother in the previous section to the system

in equations (3-12) through (3-17) is an optimal estimate of the system )_sge()es, , based
on the measured rough position estimate,  and the known motor current, . The intra-

line position,t may be extracted from the first state mégt), using

1 frac(p(t)) 2 0.5

T(t) = fract(pg(t)) - EO (3-44)

otherwise

where the conditional part of (3-44) maps the values of from the interval, (0,1] to the in-
terval, [-0.5,0.5) as defined in (1-5).

Assuming that(t) is an accurate estimate of the true intra-line position, the calibration
term, &(t(t)) , for the rough position estimatg(t) , as determined from the encoder mea-

surements(a,, by) attimet, is

e(t,(1) Ot(t) —1,(t) O<t<N (3-45)
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as defined by (2-39). The time vectorg(t) a(mi(t)) can both be sortgd by  yielding
a correction term lookup table wity  as the key &ftg) as the value. This table can then
be used to compute the correct intra-line position, , based on the rough position estimate,

T, Uusing the relation,

T=1,+€(T). (3-46)

If a future measurement results in a valuetfor ~ which is not a key in the lookup table, then
linear interpolation may be used to estimate the correct calibrationggrph,



CHAPTER 4: EXPERIMENTAL IMPLEMENTATION

4.1 Experiment Setup
The minirobot discussed in Section 1.5 is used as the experimental platform. Experi-

ments were limited to a single joint with an analog encoder, some interface circuitry, and a

digital control system, configured as shown in Figure 4.1. The encoder is connected to a

CONTROL ; INTERFACE ; PHYSICAL
SYSTEM | ELECTRONICS |  MECHANISM
I I
Host | Power il Flat-Coill
Interface | Amplifier —p{ Direct Drive

| (VCCS) | Actuator
RS232
I vcI q ? : Plant
DSP n > Signal |
Computer |g—09 Interface |, (a'b) Analog
Board | (alb) Board [€ T Encoder
T I
| |

Figure 4.1: Experiment Configuration

rigid mechanical link with known inerti@J)  and viscous damp(igg)

. The actuator is powered by a

and is driven by
a direct-drive actuator with a known torque constgit;)
linear power amplifier configured as a voltage controlled current source (VCCS). The sig-
nal interface board provides signal conditioning for the encoder outputs (offset and gain
adjustments), a digital encoder interface that maintains the encoder position to 0.25 line res-
olution, and interface electronics for the power amplifier. The digital encoder interface first
thresholds the(a, b)

respectively) to simulate the output of a digital encoder, and then passes the signals to a dig-

signals (negative and positive voltages map to digital ‘O’s and ‘1's

ital quadrature decoder/counter circuit which yields an absolute line position to a resolution
of 0.25 of an encoder line.

The DSP computer board contains a TMS 320C30 DSP processor system for imple-
menting control software, multiple 12-bit A/D and D/A converters and a digital I/O parallel

port (see [9] for more details). The processor controls motor current by commanding par-
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ticular voltages to one of its D/A converters. This voltdgd0<v < 10) determines
the motor current, . inthe VCCS power amplifier. The processor reads the digital position
counter,p. from the digital parallel port and t(a, b) encoder signals via the A/D con-
verters. The A/D converters are configured to sample the anéiod) signals
simultaneously (maximum 4-nanosecond phase delay) to avoid phase-induced position es-
timate distortions. The 12-bit digital encoder valugs,, b,) from the A/D converters are
used to determine the intra-line positian, while the position counter values are used to
compute the digital encoder positigs,  to a resolution of 0.25 of a line as shown in 1.2 on
page 4.

The system is configured to run at a 1-kHz servo rate, sampling both A/D converters
and the digital encoder count every millisecond and changing the D/A converter output ev-

ery 1 millisecond as necessary.

4.2 Data Collection

4.2.1 Trajectory Generation
During data collection for calibration, the normal PID control algorithm is suspended.

Instead, a simple open loop current trajectory is used which will generate a desirable posi-
tion trajectory. The following aspects of the trajectory are important:
1. The trajectory should avoid low velocities as much as possible to avoid high short-
time correlations of the position correction facte(t) , for successive samples.
High correlation will cause the apparent variance in the measurement noise to
decrease so that the Kalman filter relies on the measurement estimates too much.
2. The trajectory should avoid high accelerations which might excite unmodeled
dynamics such as mechanical resonances and distort the calibration process.
In order to meet the above criteria, an open-loop triangle-shaped current profile is cho-
sen for a position trajectory centered about the full range of joint motion. The trajectory is
designed to avoid joint limit stops (unmodeled high acceleration events) while still provid-

ing continuous acceleration.
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4.2.2 Data Collection Method
During data collection, the motor current trajectory described above is sent to the actu-

ator. At each 1-millisecond sample interval, the encoder digital posgtjon, , the digitized
encoder outputs(ay, by) , and the commanded curignt, , are sampled and added to a
large data buffer in the DSP processor’s on-board memory. The sample buffer is configured
to contain 2849 samples.

Upon completion of the data collection, the data buffer is uploaded to a host computer
via the DSP processor’'s RS232 port. Currently, the remainder of the calibration algorithm
is implemented in MATLAB on the host computer (Sun Workstation) instead of the DSP
board for reasons of software development/debugging convenience. However, there is no
reason why the complete algorithm could not be re-written in a high-level langua@e like

on the DSP processor itself.

4.2.3 Raw Encoder Data
The Lissajous plot for the experimental encoder is shown in Figure 4.2. A modified ver-

sion of this plot, called a “Spiraled Lissajous plot,” is shown in Figure 4.3. This plot shows
the Lissajous plot as a function of time by increasing the radius of the samples as a function
of time and interpolating a splined curve through the set of points. Note that only the first
1000 of the 2849 data samples are shown in this plot to improve the visual clarity of the
figure. This plot shows the time-distribution of the samples around the Lissajous contour.
The regions where the points become very close together occur at the times when the joint
velocity approaches zero during a change in the direction of motion.

A rough estimate of angular positiqn, , can be made by merging the digital position

estimatep, , with the ideal intra-line position estimate, , at every time sample using,

1. MATLAB is a commercially available software package that specializes in matrix computations
and supports an interpretive script-like language. The package is available from The Math-
Works, Inc. in Natick, Massachusetts.
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Figure 4.2: Lissajous Plot of Experiment Data

| El fraci(py) —1,> % |
21 O

Int(pg) + T4 + E,—l frac(p,) — 1, < —% (4-1)

|
0o  otherwise

where the intra-line distance, is as defined in (1-5):

atar? (a, b

andp, as defined in (1-3). The domaimgf  is a closed contour over the interval [0.5,0.5)
(i.e., the values -0.5 and 0.5 are identical). The conditional part of (4-1) is needed to “un-
wrap” T, so that it may be used to compute an estimate of the inter-line pogition, . Table
1 shows several examples of how this computation is performed. Note that (4-1) assumes
the digital position counter valup, is aligned such that its value is a multiple of 4 when
the encoder(a, b) outputs are in the first quadrant. If this is not true then a modified ver-
sion of (4-1) will be needed to compensate.
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tion, T

Figure 4.3: Spiraled Lissajous Plot of Raw Encoder Data (1-second)

Table 1: Examples of Inter-Line Position Computation

Value of
Py Ta fractPy) ~Ta| conditional Pa
12.25 0.33 -0.08 0 12.33
12.75 -0.20 0.95 -1 12.80
-6.25 -0.33 0.08 0 -6.33
-6.75 0.20 -0.95 1 -6.80

This approximate inter-line positiop,

) a )

set:

, as computed from the rough intra-line posi-

can be used to generate a rough estimate of the state xector,

, over the entire data
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Pa(K)
Pa(K) — P (k—-1)

X (K) = 2<ks Nyg (4-3)
whereN, is the number of samples in the datakset, is the sample(ibadk< N;/) ,
and the velocity state is computed as the first difference of the position state. The initial

condition,x (0) , is assumed to be

x(0) = {pa(o)} . (4-4)
0

Figure 4.4 shows the valuesxf for the experimental dataset. Note that while the po-
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Figure 4.4: Rough State Estimates and Commanded Motor Current
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sition estimate looks fairly smooth, the velocity estimate shows a large amount of variance.
Since the physical system is undergoing smooth commanded accelerations during the data
collection period, most of the variance in the velocity is due to the inaccuracy of the ideal

encoder model assumption. The Kalman filter/smoother in the next section is shown to pro-
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vide a much better estimate of true position and velocity.

4.3 Calibration

The calibration procedure consists of first running the Kalman filter/smoother using the
position estimatep, , as the sensor input and the commanded motor gyrrent, , as the pro-
cess input. The resulting smoothed position estimate is then used to generate the calibration

terms,e(t,) .

4.3.1 Kalman/Smoother Parameters
The Kalman filter, as formulated in Section 3.3, requires a DGMP model as derived in
Section 3.2. This process model incorporates four model parameters which are listed in Ta-

ble 2 for reference. Th, aridl  values were determined experimentally while the

Table 2: Physical Model Parameters

Kt 0.053 N L A Motor Torque Constant
Br 0.0001 N On[sec | Viscous Friction

J 0.00092 | Nmise¢ | Joint Inertia

T 0.001 sec Sampling Interval

value was derived from a CAD model of the system [8]. The sampling intdiyal, ,is a

function of the control system.
These parameters can then be used to generate the numeric transition and control-input
distribution matrices for the CGMP model using (3-3) and (3-4):

A = [0 1 J (4-5)
0 -0.01

and

5 - { 0 ; (4-6)
-0.57
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The sensor noise variancé, , is bounded by the maximum error in the position estimate,
P, Which assumes the ideal encoder model. The maximum error (i.e., the maximum mag-
nitude ofe(t,) ) for the experimental encoders is typically about 0.05 of a line. This knowl-
edge can be used to get a rough estimaté of  using

2
V= [il—” (0.05)} = 9.9x10°° Radian? (4-7)
L

and also good estimates of the initial and final state covariances as needed to start the for-
ward and backward Kalman filters respectively:

Y 0} _|9.9x10° 0 (4-8)

P. =P, = .
0 N
{ 0 3.1x107

0.V

whereN, is the number of lines on the encoder disk. If the maximum error is not well
known, a more crude approximation is acceptable; it only increases the convergence time
of the Kalman filter.

For this experiment, a single process noise input was used, feeding into only the second
state (velocity). This was done under the assumption that much of the process noise was
due to unknown properties of the actuator or noise on the commanded motor ¢yrrent,

This assumption implies that
ﬂ (4-9)

and that the process noise spectral den®@ity, , is a scalar quantity. The V@lge @01
radians was determined by trial and error.

With the above definitions for the CGMP modd\, B, " ,, V, Q, T] , the DGMP mod-
el may be derived using (3-20) through (3-23), yielding,

o = |1 0003 (4-10)
0 0.99

—5
W = —2.9x10 ’ (4-11)

_5.8x10 2
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=7
- |5.0x207| (4-12)

1.0x10°°

and

3.3x102 5,010
5.0x10° 1.0<10°

W = (4-13)
The forward and backward filters also require initial and final state mean and covari-
ance estimates respectively. The rough state estimate, , derived above in (4-3) may be

used to estimate the initial and final state means as follows:

X:4(1)
Xg = |4 10 (4-14)

T 1
10 2 Xr2¥
k=1

and

Xrl(Nds)
Xy = Nas . (4-15)
IS

k=N, -9

where the notatiorxr 1 indicates the first rovvxpf

4.3.2 Smoother results
The forward and backward Kalman filters were run using the parameters given in (4-

10) through (4-15) with the formulations given in (3-31) through (3-35) and in (3-36)
through (3-40). The forward and backward state estimates from these two filters were com-
bined with the smoother formulation in (3-41) through (3-43).

An important aspect of the Kalman filter is the behavior of the state covariance esti-
mates, [P;, P, PJ] and the Kalman gair¥, K] over time. For the time-invariant
stable system, the covariances and the Kalman gains should converge after a short period

of time to steady-state values. Failure to converge is a good indicator that something is
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wrong with the formulation or that the system is unstable.

Figure 4.5 shows the state variances and Kalman gains. The variance plots show that
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Figure 4.5: State Variance and Kalman Gain plot

the smoothed state varianég, is lower than the forward or backward filter varignces,

and P, , respectively. This is a graphical indication that the state mean estimate of the
smoother will be more accurate than the state mean estimates of either the forward or back-
ward filters alone. The variances and the Kalman gains converge in just a few samples (10
to 20) to the steady-state values.

The smoothed estimate for the second state (e.g., angular velocity) is shown in Figure
4.6. The dots in this figure are the instantaneous velocity estimates from the initial rough
state estimates.  in (4-3). The line passing through these points is the smoother’s estimate
of the mean value of this state. Figure 4.7 shows the first-difference of this state (i.e., the
angular acceleration) as a function of time (with dots) overlaid with the expected accelera-

tion from the commanded motor current (i, L0 . ). The plot shows that the smoother’s
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velocity estimate still has some noise in it; however, as a second difference of the position
state, this noise is relatively small. The apparent phase lag between the commanded accel-

eration and the smoothed acceleration is not yet understood.

4.3.3 Calibration Table Results
The smoother in the previous section provides the minimum error smoothed estimate

of angular position. By extracting the intra-line position information, , from the smoothed
position estimate, the difference betwegt) and the rough intra-line position estimate,
T(t), may be determined at each sample. This is the calibrationgerm, , as shown in (3-

45). Figure 4.8 shows(t) vb. .1f(t) amrd) are used to form a table, and this table is
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Correlations at ]
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Time (sec)
Figure 4.8: Measurement Noise Estimate
then sorted by, , the calibrationterra,) , inthis table may be used to compute the true

positiont for any future rough position estimatg,  using the relation, as given in (2-1):

T=T1,+¢&(T,). (4-16)
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in Figure 4.8 above. Since the

It is interesting to note the apparent distributiorg@f
signal. In

Kalman filters user, as a position measuremet},
Section 3.3.1 it was noted that the Kalman filter assumes that the measurement noise has

is the “noise” inathe

low correlation between samples. This plot shows that this assumption is reasonably accu-

rate for this signal. The small sections where the plot looks time-correlated occur when the
velocity is near zero. These sections must be removed before the data is used to generate a

lookup table.
Figure 4.9 shows the contents of the raw sorted table computed from the data shown in
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Figure 4.9:Raw Calibration Table

Figure 4.8. Note the general shape of the curve and the highly divergent regions pointed out

by the arrows in the figure. These regions occur because the filter estimate becomes inac-
curate when the measurement noise (ic€) ) becomes time-correlated due to low
velocities. These data are filtered out of the table using the magnitude of the smoothed es-

timate of the second state (velocity) as the criteria function. If all points with speed (i.e.,
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absolute value of angular velocity) less than 0.1 radians/second are removed from the table,

the table then looks like the one shown in Figure 4.10 where the data variance is much low-
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Figure 4.10:Velocity-Filtered Calibration Table

er. The first and last 100 points are also removed from the table to avoid the regions where
the filter has not yet converged and thus the state estimates are not as accurate.

However, even the velocity filtered calibration table is still somewhat noisy. One solu-
tion is to fit a smoothed curve through the data with the constraint being that the curve be
continuous across the= 0.5 amd= 0.5 boundaries smce s a closed contour on
the interval -[0.5,0.5). The natural choice for this type of fitting is a Fourier series since its
formulation assumes the dataset is periodic. The FFT of the dataset can be used to perform
a lowpass filtering operation (basically just truncation of all of the high frequencies). The
inverse-FFT can then be made from the filtered frequency-domain data to get a smoothed
1,-domain table. However, the data in the table is not spaced at equal intervals; this is a

problem since the FFT assumes equal intervals between samples. Therefore an equal-inter-
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val resampling of the data must first be performed before the FFT is computed.

Figure 4.11 shows the resampled data and the fitted curve. Due to the smoothness of
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Figure 4.11: Smoothed Resampled Correction Functig(u,)

the filtered table, the fit was generated by retaining only the 15 lowest order terms in the
Fourier series. These parameters could be used directly as a parametric model of the cor-
rection function,g(t,) . However this parametric approach to the calibration function is
somewhat computationally inefficient since the control system would have to compute the
series for every position sample. Instead, the values of this series at 600 equidistant points
in T, on the interval[-0.5, 0.5)  are stored as a lookup table. In order to get a corrected
estimate using the lookup table, only a linear interpolation is needed between the nearest
two 1, values in the table.

This 600-point table is the final result of the calibration efforts. It can be used to com-
pute a corrected estimate of the true position, , using the rough position estipmate,

using the relation,
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T(t) = T (t) +e(1) . (4-17)

Linear interpolation into the lookup table is used to determine the actual valefg for

whent, does not fall exactly on one of the table elements.

4.3.4 Algorithm Implementation
The experimental algorithm was implemented MATLABfunction. The full MAT-

LAB implementation can be seen in Appendix B. The function is called with the rough state
estimatesx, , and the motor current commangs, , as input vectors and returns a lookup
table as & x 600 array where the first row contains the table index () and the second

row contains the associated correction fact(r,)



CHAPTER 5: EXPERIMENTAL RESULTS

The previous chapter showed the derivation of a calibration table using experimental
data. The validity of this table should be verified under experimental conditions so that the

performance of this table-based correction of the rough position estimate may be evaluated.

5.1 Off-line Comparison
The calibration table is generated from data taken from a physically operational system.

One way to verify this calibration is to use the original, rough intra-line position estimates,
T, and the calibration terms from the new calibration tafie) , to compute the correct-
ed position estimates. These corrected position estimates and their derivatives may then be
compared to the smoothed state estimates generated by the Kalman filter/smoother during
the calibration process.

The top and bottom graphs in Figure 5.1 show the difference between the smoothed po-
sition estimate and the rough position estimaje, , before and after it has been corrected
by the calibration lookup table. The periodic large spikes in the corrected position error are
due to the position estimate errors in the Kalman filter induced by measurement noise cor-
relation at low velocities. The plot shows that the rough position estimate var€sd3/
of a line from the correct position (assuming that the smoothed position estimate is really
correct). The corrected position estimate varies®p04 of aline, a factor of 7.5 increase
in precision over the rough position estimate. Thus, for the experimental setup, the correct-
ed position estimate improves the digital encoder precisiarDH5 line by a factor of
62.5(~6.0 bits compared to the rough position estimate’s improvement by a factor of only
8.3(~3.0 bits).

Another method of comparing the measurement is by examining the velocity as com-
puted by the first difference of position. Figure 5.2 shows the velocity estimate from the
Kalman filter/smoother, overlaid by the first-difference of the rough position estimates and
the first-difference of the corrected position estimates. The plot shows that the velocity es-
timates based on the corrected rough intra-line positionz {i-eg(t,) ) are much closer to
the underlying Kalman filter/smoother velocity estimate. These velocity estimates provide

an important qualitative measure of improvement because typical control algorithms such
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Figure 5.2: Velocity Estimate Comparison

as the PID algorithm use the velocity (as computed by the first difference of position) as a
control input. If the velocity estimate is noisy, it will induce significant disturbances to the

control system.

5.2 Physical Verification
The previously described calibration method may be verified by direct physical mea-

surements. If the encoder signals are sampled at known intra-line positions 1, then ~ may

be computed from the sampled signals using

_ atar2 (b, a) i
a= T on (5-1)
and the calibration terms may be computed using
g(ty) = 1-1,. (5-2)

The challenge with this approach to calibration is that high line-count encoders will require
very high-precision angular measurements to obtain accurate estimates of . These mea-
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surements may be difficult and/or expensive to obtain.

5.2.1 Physical Calibration Setup
The physical calibration setup for the experimental system is shown in Figur 5-3

~690mm ;
C_’; ﬂ | C}?ntrlg)l
o) no
=X 0) '
Robot Joint o
with Encoder Roller D
Bearing g
S
=

Figure 5.3: Physical Calibration Setup

linear motion stage is used to control angular displacement of the robot joint. Since the 12-
bit A/D converters are theoretically capable of resolving dowdrtte= 1/ 2'% = 0.0002

of a line, the 152mm link length joint would require linear position precisions of

rsinDZ—n mtH

Ay N, 20

21 (Radian3 (5-3)

1000( Linesg

FL52mmCsin [0.000( Line3 |5

0.19um

at the end of the robot link. A steel rod is used to extend the radius of rotation for this joint
to about 690mm. This decreases the linear position precision requirements at the end of the
rod t0 0.87um . At this radius, a linear motion range of

21 (Radiang

y = rsin@ = 690mm[tsm[1000( Line3

} = 4.34mm (5-4)

is needed to scan one encoder line. Only a laser interferometer has the linear motion preci-
sion necessary to resolve th@0nm increments implied by (5-3). Since no interferometer
was immediately available,E0um -precision linear micrometer stage was used at the ex-
pense of some lost calibration precision. Even at this resolution, special care had to be taken
to allow the motions to occur at a constant radius of rotation. Since the distance measure-
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mentsy are known accurately relative to each other but not to some absolute coordinate

system, the true value of may be represented by

atan(y/ r)

T = 2—11 (5-5)
wherek is some unknown position offset. The computatior{y)f may be approximated
by the linear relation,

T =y/(2mr) +k (5-6)

since the maximum error induced by this assumption is

2. 15mmj 2.15mm _
690mm~  690mm

errof(t) = Dat I"H = 1.3x10° Lines (5-7)

which is negligible. The effects of the offs&t, , will be seen in the derivation of the phys-
ical calibration table in Section 5.2.3.

5.2.2 Physical Calibration Data
The physical calibration involved taking 500 samples of the enctald) signals

separated by linear position increment4d0fim at the end of the 690mm joint extension.
The (a, b) values at each sample were computed from the mean of 100 samples of
(ag by) taken at 1-millisecond intervals. The resulting signals are shown in Figure 5.4.
The 500 samples actually covered more than one encoder line. By examining the data, the
cycle interval was determined to be 432 samples. This implies thataptg cycle oc-
curred in4.32nm of displacement. Since the trigopnometric relatjon, rsin (06) holds,

this knowledge may be used to compute the true radius of rotation, , using

4.32mm[Pm
SmDZT[(Radlan$ O
[1000( Lineg U

= 687.anm. (5-8)

5.2.3 Calibration Table from Physical Calibration
The correction terms(t,) may be found using

g(ty) = () —1,@ b). (5-9)

Substituting (5-1) and (5-6) into (5-9) yields
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Figure 5.4:Physical Calibration Data: (a,b) Values vs. Displacement

Y k- atar2 (b, a) _

210 21T (5-10)

e(ty) =

The calibration terms(t,) , may be sortedtly  to form a physical calibration table. Fig-
ure 5.5 shows the calibration table generated by this physical calibration method. Note the
constantk , in (5-10) causes an unknown offset constant offset in the physical calibration
table. This offset must be determined before the physical calibration table can be compared
to the calibration table generated by the Kalman filter/smoother.

5.2.4 Comparison of Physical Calibration to Kalman Calibration
Figure 5.6 shows the results of this calibration table overlaid with the calibration table

from the Kalman filter approach. The plot shows that the two calibration methods have only
slight differences in phase and amplitude as a functian of . The worst-case error (resid-
ual) ing(t,) is about 0.005 lines. If the physical calibration is assumed to be correct, then

the 0.005 residual is the worst-case correction error from the Kalman calibration method.
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Figure 5.5: Calibration Table from Physical Calibration
This corresponds to a resolution of 1/200th of an encoder line, a factor of 50 improvement

over the 0.25-line digital resolution.

The Kalman calibration and physical calibrations leading to the plots in Figure 5.6 were
performed again after disassembly and reassembly of the encoder. Figure 5.7 shows this
new calibration comparison. Note that while the shape of the calibration table is very dif-
ferent (e.g., it has four peaks instead of two), the Kalman calibration and the physical
calibration are still in very close agreement with the worst case residual error between the

two methods of about 0.007 lines.

5.2.5 Relative Precision of Physical and Kalman Calibration
In Section 5.2.1, it was shown that the necessary linear positioning resolution to resolve

0.0002 of a line waB.19um . Since the micrometers Hg3pem resolutm preci-
sion is assumed. The corresponding intra-line precision may be solved using (5-3) rewritten

in terms ofATt
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Figure 5.6: Comparison of Kalman Calibration with Physical Calibration

AT

Therefore, the precision

1000( Line§ . [1+0.005mm- (5-11)
- [Bsing 0
21 (Radiang 687.6mm

= +0.0012( Line}

of the physically measured intra-line position is only slightly

smaller than the worst-case residual error seen in Figure 5.6. This implies that a more pre-

cise position measurement scheme is needed to determine the accuracy of the Kalman cal-

ibration technique.

One qualitative measure of a calibration table accuracy is the smoothness of the veloc-

ity estimate of a moving system as computed from first-difference of the corrected position

estimates. Figure 5.2 shows this velocity estimate as extracted from position estimates that

have been corrected using the Kalman calibration table. Figure 5.8 shows the velocity es-

timate for the same dataset using a calibration table derived from the physical calibration.
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Figure 5.7: Calibration Comparison after Encoder Reassembly
Note that the velocity estimate in this case is much less smooth than the corresponding ve-

locity computed using the Kalman calibration table. This implies that the Kalman
calibration table is more accurate than the calibration table derived from the physical

measurements.

5.3 Physical Model Parameter Sensitivity Analysis
One disadvantage of the Kalman calibration method is that it needs a dynamic model

of the physical system. Obtaining correct model parameters is not always easy, even for the
relatively simple second-order model used in the calibration experiments. Therefore, it is
particular interest to see how the accuracy of the Kalman calibration table decreases with
modeling errors.

The second-order model has three physical parameters: the joint ihertia, , the viscous
friction, B, and the motor torque constakt, . These three parameters were varied indi-

vidually to observe the effects of these changes on the accuracy of the calibration table.
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Figure 5.8: Velocity Estimate from Physical Calibration Table
Figure 5.9, Figure 5.10, and Figure 5.11 show the changes in the nominal calibration table

(i.e., the table derived from the correct physical parameters) for a variety of vallies of ,
Br, andK; respectively. These three plots show that the error in the calibration table in-
duced by any one these physical model parameter errors is less than 0.01 lines. This is still

a factor of 3 better than the rough position estimate (see Figure 4.8 on page 52).
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CHAPTER 6: CONCLUSIONS

6.1 Summary of work
An off-line method for generating a calibration table for an analog position encoder has

been presented. The method employs a Kalman filter/smoother to estimate true intra-line
position,T , of the encoder based on the rough position estimate, , and a dynamic model
of the encoder/actuator system including a deterministic commanded current input. The
difference between the Kalman filter/smoother estimate of position and the rough position

estimate is used to generate the calibration table of correction &my)s,

A mathematical derivation of the variance of the estimated intra-line position as a func-
tion of the encoder signal variances and the output values was derived in Chapter 2. This
derivation showed that, for the experimental system, the measurement noise from the en-
coders imposes a resolution limitation of about 0.001 of a line.

An experimental implementation of this calibration method was done using a 1000-line
analog quadrature rotary encoder. A physical calibration experiment usbgna -reso-
lution micrometer indicates that the Kalman calibration method agrees with the physical
calibration to at least 0.005-line intra-line interpolation precision. Qualitative comparisons
between the Kalman calibration results and the physical calibration (Section 5.2.5) indicate
that the Kalman calibration method is more accurate than the physical calibration; however,
a more precise physical calibration using a laser interferometer is needed to verify this

claim quantitatively.

6.2 Advantages of the Kalman Calibration Method
The Kalman calibration method allows an encoder to be calibrated on an installed sys-

tem without the need for external precision calibration hardware such as micrometers or
laser interferometers. This is an important feature for many encoders which suffer signifi-
cant changes in their calibration tables after removal and re-installation on a given system.
Additionally, it is often not feasible to make a physical calibration using external devices
due to space and time constraints.

Unlike the parametric calibration method in [2] (which assumes that the encoder out-

puts functionsa(t) and(t) are sinusoidal), the Kalman calibration method is applicable
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to a wide variety of encoder output functions which may not fit a parametric model. Both
the constant velocity calibration method [3] and the Kalman calibration method generate a
calibration table which can be used to estimate true intra-line podition, , from an ideal in-
tra-line position;t,, , using the relation,

T =T1,+¢&(T) wheret, = a_tg%%l_):al (5-12)

ande(t,) is the correction term from the calibration table for a given . However, unlike
the constant velocity method, this calibration method does not require constant velocity
motion during the calibration process (which is difficult to obtain). Instead, the method
works best wittchangingvelocities, which is much easier to obtain. In addition, the con-
stant velocity calibration method requires very high-speed (for example, 100-kHz) sam-
pling of the encoder signals, while the Kalman calibration method may be used with the
normal operational sampling rate of the embedded control system (for example, 1-kHz).

6.3 Future Directions

6.3.1 Improved Verification of Calibration Precision
The current experimental results indicate that the Kalman calibration method yields in-

tra-line position estimates that are at least as precise as the physical calibration setup used
to verify its precision. A more accurate physical calibration method is needed using a laser
interferometer to verify the accuracy of this Kalman calibration method.

The Kalman calibration method, as currently derived, implicitly assumes that the en-
coder output signals(t) armt) are identical for all adjacent line pairs on the encoder
disk. A laser interferometer could be used to get a better estimate of these differences. If
significant, the Kalman calibration method could be reformulated to generate separate cal-
ibration tables for each adjacent line-pair on the encoder disk, although this may
substantially increase the storage requirements for the calibration table. More extensive ex-
perimentation with a wider range of analog quadrature position encoders is needed to gain

more knowledge of how prevalent this adjacent line-pair variance problem may be.
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6.3.2 Improved Noise Modeling
The bottom plot in Figure 5.1 shows a slight periodicity in the residual error of the cor-

rected rough position estimates over time. This indicates that the Kalman filter/smoother
estimates may be improved if a more accurate model of the measurement noise is known.
Correlations of this noise are known to become significant, as shown in Figure 4.8, at lower
magnitude velocities. It may be that even at higher velocities, the slight coloration of this
noise is affecting the filter performance. Gelb, et.al. [12], showed that the DGMP model
can be augmented to incorporate colored measurement noise by adding states which act as
first-order systems forced by white noise inputs. This type of augmentation may improve

the Kalman filter/smoother estimation performance.

6.3.3 Embedded System Implementation
The current Kalman calibration algorithm is implemented in MATLAB. The algorithm

can be reformulated in a high-level programming language suClaad implemented on

an embedded control system. Calibration could then be done at any time with several sec-
onds of computational time on more powerful control system architectures such as the

DSP-based controller used in the experimental system discussed in Chapter 4. It may be
possible to formulate the calibration process to run as a background process on the control-
ler which updates the calibration table based on observing the sensor signals and

commanded outputs of the real-time control system during operations.
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APPENDIX A: VAN-LOAN ALGORITHM REVIEW

Van Loan’s algorithm defines a matri€, , whose elements are several sub-matrices:

~T
-A |

o

0
0

o»
1>

(A-1)

~T

-A
0
0

o » O

B
i 9
where A is the interval of integrationfA B,D]  are real matrices of dimensions
[nxn nxp nx f respectively, andd is symmetric positive semidefinite. The matrix,
S, is defined as the matrix exponential®f and is used to compute a new set of sub-ma-
trices:
F1 Gy Ay Ky
. 0 F,G,H
exp(Ct) = 2720 (A-2)
0 0 F3 G,
0 0 0F,

Using these relational definitions f& aBd , Van Loan showed that the following rela-
tions hold true for the sub-matrices©f a8d as defined above:

A
H() = Iexp(As) Bds = G4(B)
0

A
Q) = [exprAstDexp(As) ds= F4) ' G,0)
; (A-3)
Ea0) A0)

A
M(Q) = J’ expEATsEf)H(s)ds
0

A
W(A) = J’H(S)Tf)H(s)ds
0

[BEL) e ] + [BF,0)Ry@)]

By comparing (3-15) through (3-17) to (A-3), the first integral in (A-3) is identical in
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form to the integrals needed to compute (3-15) and (3-16), while the second integral in (A-

3) is identical in form to (3-17). In addition, it can be shown [14] that the relation,
exp(At) = Fy(b) (A-4)

holds true, allowing the computation of (3-14) as well. Therefore the following assign-
ments are made to compute these integrals:

A=A, (A-5)
B=1I, (A-6)
D = BQB,, (A-7)
and
T, =A (A-8)
which allowsS to be computed as follows:
ar T 70
E—A | 0 O E
. T T
S=expH 0 -A QM. Oltd (A-9)
1l [
- 0O O A -
oo o 0 Q0O
From the definitions, the discrete system parameters are extractef from
~T g g |
®=F;= %’5 %6 (A-10)
1 Se5 o6
~T C & ]
W = G3B = ?57 ?58 B (A-11)
1S67 Ses
r=6yr, = |7 39 (A-12)

So7 Seg
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APPENDIX B: MATLAB KALMAN CALIBRATION IMPLEMENTATION

%

% MATLAB FUNCTION

% kalcal -- Kalman filter/smoother calibrator
%

% USAGE

% kalcal(states, i_cmd)

%

% DESCRIPTION

% Generates a statistically optimal estimate of the position/velocity

% of a second-order system connected to the encoder. The torque input

% and the sensor measurements of states are assumed noisy with known
% covarience. The smoothed position estimate is used to generate a

% calibration lookup table.

%

% ARGUMENTS

% states Rough estimate of system states from sensors [p(t),v(t)]

% i_cmd Current input command (Amps)

%

% RETURN VALUE

% Calibration lookup table of the form [tau_a;eta_tau_a].
%

% GLOBALS ACCESSED
% None.

%

% RESTRICTIONS

%

% BUGS

%

% FUTURE DIRECTIONS
%

% REVISION

% $Revision$

%

function [lut, xs] = kalsmooth(states, i_cmd);

Ts = 0.001;% Sampling time (sec)
Nlines = 1000;% # lines/circle on encoder disk

z =[ states(1,:); ...
states(2,:) .* (2*pi/Nlines);... % Scale lines  =>radians
states(3,:) .* (2*pi/Nlines/Ts)... % Scale lines/samp => radians/

sec

I;
z1 =2(2:3,);
z2 =2(2,);

%
% System model: J*th” + B*th’ +u =0
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% where th is angular position (theta)

% J is rotational inertia

% B is viscous friction

% u is torque input (from actuator)
%

%

% System parameters

%

Bf = 1e-3% System viscous friction [ Nm/(rad/sec"2) => Kgrm"2 ]

J =0.000916% System rotational inertia [Nm/(rad/sec) => Kg*m”2/sec ]
Km = 0.053% Motor torque constant (Nm/A) [Determined experimentally]
V = 8.88e-9% measurement noise variance (0.015-line*2, => rad"2)

Q = 1le-2% Spectral Density of process noise

p_hat0 = [5e-9, 0.0;% Initial state covariance

0.0, 1e-4]
%
% Continuous 2nd-order system parameters
%

Ac =10,1,;0,-Bf/J]% Cont-time state transition matrix
Bc =[0;-Km/J] % Cont-time cmd input distribution
Gc =[0;1] % Cont-time process noise distribution

C_hat=][-Ac, eye(2,2), zeros(2,2), zeros(2,2);...
zeros(2,2), -Ac, Gc*Q*Gce’, zeros(2,2);...
zeros(2,2), zeros(2,2), Ac’, eye(2,2);...
zeros(2,2), zeros(2,2), zeros(2,2), zeros(2,2) ];

S _hat = expm(C_hat .* Ts);

Phi =S _hat(5:6,5:6)'% State transition matrix
Psi=S_hat(5:6,7:8)' * Bc% Cmd input distribution

Cd=[1,0] % Sensor input distribution (radians)

Gd =S _hat(5:6,7:8)' * Gc% Process noise distribution

W =S_hat(5:6,5:6)' * S_hat(3:4,5:6)% Process noise covariance

%

% Assume that the sensor data is in matrix z(nsensors,nsamples).
% Guess at the initial state and initial state variance

%

nstates = 2; % Number of process states

ninputs = 1; % Number of process inputs

nsensors =1; % Number of sensor outputs

nsamps = size(z,2);% Number of sensor samples
vel0_guess = mean(z1(2,1:10));

velK_guess = mean(z1(2,nsamps-10:nsamps));

x_hat0 = [z2(:,1);vel0_guess]% Initial state estimate
x_hatK = [z2(:,nsamps);velK_guess]% Final state estimate

fprintf(2,\n");



fp I'I n tf(2 , ’\t*******************************************\n ') ;

fprintf(2,’\t************Starting FWD Filter************\n’);

fp I'I n tf(2 , ’\t*******************************************\n ') ;

%

% Initialize the output matricies for speed
%

xf_bar= zeros(nstates,nsamps);

xb_bar= zeros(nstates,nsamps);

xf_hat= zeros(nstates,nsamps);

xb_hat= zeros(nstates,nsamps);

pf = zeros(nstates,nsamps*nstates);
pb = zeros(nstates,nsamps*nstates);
ps = zeros(nstates,nsamps*nstates);
kf = zeros(nstates,nsamps);

kb = zeros(nstates,nsamps);

ks = zeros(nstates,nsamps);

%

% Do forward filter

%

xf_hat(:,1) = x_hatO;
xf_bar(:,1) = x_hat0;
p_hat = p_hat0;
pf(:,1:2) = p_hatO;
tile_ndx = 3;
for ndx = 2:nsamps,
%
% Time update
%
xf_bar(:,ndx) = Phi * xf_hat(:,ndx-1) + Psi * i_cmd(ndx);
p_bar = Phi * p_hat * Phi’ + W;

%

% Measurement update

%

tmp =V + Cd * p_bar * Cd’;% common sub-expression
k_gain = p_bar * Cd’ * inv(tmp);

p_hat = p_bar - k_gain * tmp * k_gain’;

xf_hat(:,ndx) = xf_bar(:,ndx) ...

+ k_gain * (z2(ndx) - Cd * xf_bar(:,ndx) );

pf(: tile_ndx:tile_ndx+1) = p_hat;

kf(:,ndx) = k_gain;

tile_ndx = tile_ndx + nstates;
end

%

% Estimate acceleration from 1st difference of estimate velocity
%

accl = diff(xf_bar(2,:));
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acc2 = diff(xf_hat(2,:));

p_bar
p_hat
k_gain

%

% Plot out forward filter results

%

figure(1)

clf

subplot(221)
plot(z(1,:),2(2,:),'r-",z(1,:),xf_hat(1,:)’,'y-");
xlabel(‘Time (sec)’)

ylabel(‘'xf_hat(1,:) -> pos (rad)’)

grid

subplot(222)
plot(z(1,:),z(2,:)-xf_hat(1,:),’r.")
xlabel(‘Time (sec)’)
ylabel(‘xf_hat[bar](:,1) - atan’)

grid

subplot(223)
plot(z(1,:),z(3,:),'r.,z(1,:),xf_hat(2,:)",'y-";
xlabel(‘Time (sec)’)

ylabel(‘xf_hat(2,:) -> vel (rad/sec)’)

grid

subplot(224)
plot(z(1,2:nsamps),acc2,y.’,z(1,:),Psi(2,1)*i_cmd,’r-)
xlabel(‘Time (sec)’)

ylabel(‘Est Acceleration (rad/sec"2)’)
grid

drawnow

%

% Extract forward filter covariances (state1”2, state2/2)

%

pf4plot = zeros(2,nsamps);

tile_ndx =1,

for ndx = 1:nsamps,
%
% Get covariance for first state (position)
%
pfdplot(1,ndx) = pf(1,tile_ndx);
pfaplot(2,ndx) = pf(2,tile_ndx+1);
tile_ndx = tile_ndx + nstates;

end

%

% Plot forward filter covariances

%

figure(2)

clf
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subplot(221);
plot(z(1,:),pf4plot(1,:),’y-");
xlabel(‘Time (sec)’)

ylabel(*Fwd Position Covariance’)
grid

subplot(223);
plot(z(1,:),pf4plot(2,:),’y-);
xlabel(‘Time (sec)’)

ylabel(‘Fwd Velocity Covariance’)
grid

subplot(222);
plot(z(1,:),kf(1,:),’y-");
xlabel(‘Time (sec)’)

ylabel(‘Fwd Position Gain’)

grid

subplot(224);
plot(z(1,:),kf(2,:),'y-");
xlabel(‘Time (sec)’)

ylabel(‘Fwd Velocity Gain’)

grid

fprintf(2,'FWD filter done. Press any character to continue...’);
pause

fprintf(2,\n’);

fp I'I n tf(2 , ’\t*******************************************\n ') ;

fprintf(2, \trx+**xxxrxSiarting BKWD Filter*sxissssii\ny,

fp I'I n tf(2 , ’\t*******************************************\n ') ;

%
% Do backward filter
%
xb_hat(:,nsamps) = x_hatK;
xb_bar(:,nsamps) = x_hatK;
Phi_inv = inv(Phi);
p_bar = p_hatO;
pb(:,2*nsamps-1:2*nsamps) = p_hat0;
tile_ndx = 2*nsamps - 3;
for ndx = nsamps-1:-1:1,
%
% Time downdate
%
xb_hat(:,ndx) = Phi_inv * xb_bar(:,ndx+1)...
- Phi_inv * Psi * i_cmd(ndx);
p_hat = Phi_inv * p_bar * Phi_inv’ + W;

%

% Measurement downdate

%

tmp =V + Cd * p_hat * Cd’;% common sub-expression
k_gain = p_hat * Cd’ * inv(tmp);

p_bar =p_hat - k_gain * tmp * k_gain’;

xb_bar(:,ndx) = xb_hat(:,ndx)...
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+ k_gain * (z2(ndx) - Cd * xb_hat(:,ndx));

pb(: tile_ndx:tile_ndx+1) = p_bar;
kb(:,ndx) = k_gain;
tile_ndx = tile_ndx - nstates;

end

%

% Estimate acceleration from 1st difference of estimate velocity
%

accl = diff(xb_bar(2,));

acc2 = diff(xb_hat(2,3));

p_bar
p_hat
k_gain

%

% Plot out backward filter results

%

figure(2)

clf

subplot(221)
plot(z(1,:),z(2,:),'r-,z(1,:),xb_hat(1,:)",'y-");
xlabel(‘Time (sec)’)

ylabel(‘xb_hat(1,:) -> pos (rad)’)

grid

subplot(222)
plot(z(1,:),z(2,:)-xb_hat(1,:),’r.”)
xlabel(‘Time (sec)’)
ylabel(‘xb_hat[bar](:,1) - atan’)

grid

subplot(223)
plot(z(1,:),z(3,:),'r.,z(1,:),xb_hat(2,:)",'y-");
xlabel(‘Time (sec)’)

ylabel(‘xb_hat(2,:) -> vel (rad/sec)’)

grid

subplot(224)
plot(z(1,2:nsamps),acc2,y.’,z(1,:),Psi(2,1)*i_cmd,’r-)
xlabel(‘Time (sec)’)

ylabel(‘Est Acceleration (rad/sec"2)’)
grid

drawnow

%
% Extract backward filter covariances (state1”2, state2/2)
%
pb4plot = zeros(2,nsamps);
tile_ndx =1,
for ndx = 1:nsamps,
%
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% Get covariance for first state (position)
%
pb4plot(1,ndx) = pb(1,tile_ndx);
pb4plot(2,ndx) = pb(2,tile_ndx+1);
tile_ndx = tile_ndx + nstates;
end
%
% Plot backward filter covariances
%
figure(3)
clf
subplot(221);
plot(z(1,:),pb4plot(1,:),’y-);
xlabel(‘Time (sec)’)
ylabel('Bkwd Position Covariance’)
grid
subplot(223);
plot(z(1,:),pb4plot(2,:),’y-);
xlabel(‘Time (sec)’)
ylabel('Bkwd Velocity Covariance’)
grid
subplot(222);
plot(z(1,:),kb(1,)),'y-");
xlabel(‘Time (sec)’)
ylabel(‘Bkwd Position Gain’)
grid
subplot(224);
plot(z(1,:),kb(2,)),'y-);
xlabel(‘Time (sec)’)
ylabel('Bkwd Velocity Gain’)
grid

fprintf(2,'BKWD filter done. Press any character to continue...’);
pause
fprintf(2,\n’);

fp I'I n tf(2 , ’\t*******************************************\n ') ;

fprintf(2, \tre****rriixStarting Smoother***xxtkkkkkik\ny.

fp I'I n tf(2 , ’\t*******************************************\n ') ;

%
% Now generate the smoothed estimates
%
Xs = zeros(nstates,nsamps);
tile_ndx =1,
for ndx = 1:nsamps,

k_gain = pf(:,tile_ndx:tile_ndx+1) ...

*inv(pf(: tile_ndx:tile_ndx+1) + pb(:,tile_ndx:tile_ndx+1));

xs(,ndx) = xf_bar(:,ndx) + k_gain * (xb_bar(:,ndx)

xf_bar(:,ndx));
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ps(:,tile_ndx:tile_ndx+1) = pf(: tile_ndx:ile_ndx+1) ...
- k_gain * pf(:,tile_ndx:tile_ndx+1);
ks(:,tile_ndx:tile_ndx+1) = k_gain;
tile_ndx = tile_ndx + nstates;
end

%

% Estimate acceleration from 1st difference of estimate velocity
%

accl = diff(xs(2,:));

%

% Plot out smoother results

%

figure(3)

clf

subplot(221)
plot(z(1,:),2(2,:),'r-",z(1,:),xs(1,)),'y-");
xlabel(‘Time (sec)’)

ylabel(‘xs(1,:) -> pos (rad)’)

grid

subplot(222)
plot(z(1,:),z(2,:)-xs(1,:),’r.")
xlabel(‘Time (sec)’)

ylabel(‘xs(:,1) - atan’)

grid

subplot(223)
plot(z(1,:),z(3,:),'r.",z(1,:),xs(2,:)",’y-");
xlabel(‘Time (sec)’)

ylabel(‘xs(2,:) -> vel (rad/sec)’)

grid

subplot(224)
plot(z(1,2:nsamps),accl,’y.’,z(1,:),Psi(2,1)*i_cmd,’r-)
xlabel(‘Time (sec)’)

ylabel(‘Est Acceleration (rad/sec"2)’)
grid

drawnow

%

% Extract backward filter covariances (state1”2, state2/2)

%

ps4plot = zeros(2,nsamps);

ks4plot = zeros(2,nsamps);

tile_ndx =1,

for ndx = 1:nsamps,
ps4plot(1,ndx) = ps(1,tile_ndx);
ps4plot(2,ndx) = ps(2,tile_ndx+1);
ks4plot(1,ndx) = ks(1,tile_ndx);
ks4plot(2,ndx) = ks(2,tile_ndx+1);
tile_ndx = tile_ndx + nstates;

end
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%

% Plot backward filter covariances
%

figure(4)

clf

subplot(221);
plot(z(1,:),ps4plot(1,:),'y-);
xlabel(‘Time (sec)’)

ylabel(*Sm Position Covariance’)
grid

subplot(223);
plot(z(1,:),ps4plot(2,:),'y-);
xlabel(‘Time (sec)’)

ylabel(*Sm Velocity Covariance’)
grid

subplot(222);
plot(z(1,:),ks4plot(1,:),'y-");
xlabel(‘Time (sec)’)

ylabel(‘Sm Position Gain’)

grid

subplot(224);
plot(z(1,:),ks4plot(2,:),'y-);
xlabel(‘Time (sec)’)

ylabel(*Sm Velocity Gain’)

grid

fprintf(2,SMOOTHER done. Press any character to continue...’);
pause
fprintf(2,\n’);

fp I'I n tf(2 , ’\t*******************************************\n ') ;

fp I'I n tf(2 ’\t**************G ene I’atl n g L U T***************\n ’) ;

fp I'I n tf(2 , ’\t*******************************************\n ') ;

%

% Plot out all covariances

%

figure(4)

clf

subplot(211);

plot(z(1,:),pf4plot(1,:),'y-, ...
z(1,:),pb4plot(1,:),r-, ...
z(1,:),ps4plot(1,:),'9-);

xlabel(‘Time (sec)’)

ylabel(*Position Covariance’)

subplot(212);

plot(z(1,:),pf4plot(2,:),'y-, ...
z(1,:),pb4plot(2,:),r-, ...
z(1,:),ps4plot(2,:),'9-);

xlabel(‘Time (sec)’)

ylabel(*Velocity Covariance’)



%

% Convert the states from radians back into lines
%

xs = xs .* (Nlines/2/pi);

z2 = z2 .* (Nlines/2/pi);

%

% Extract angular data from smoothed position estimate
% Ignore parts of dataset where |velocity| is < 0.05;
%

%s_st =100;

%s_end = nsamps-100;

s_st =200;

s_end = nsamps-200;
ns =s_end-s_st+1

sm_fract = xs(1,s_st:s_end) - fix(xs(1,s_stis_end));
a2_fract = z2(s_st:s_end) - fix(z2(s_st:s_end));
sm_veloc = xs(2,s_st:s_end);
for ndx = 1:ns,
if (sm_fract(ndx) < 0)
sm_fract(ndx) = sm_fract(ndx) + 1;
end
if (a2_fract(ndx) < 0)
a2_fract(ndx) = a2_fract(ndx) + 1;

end
end
%
% Now generate lut
% Note: This loop throws out points which are below a minimum velocity
% to improve the calibrator’s performance
%
lut = zeros(ns,2);
Indx = 1;

[foo,sndx] = sort(a2_fract);
for ndx = 1:ns,
if (@abs(sm_veloc(sndx(ndx))) > 30)
lut(Indx,1) = a2_fract(sndx(ndx));
if ((a2_fract(sndx(ndx)) < 0.2) ...
& (sm_fract(sndx(ndx)) > 0.8))
lut(Indx,2) = sm_fract(sndx(ndx)) - 1;
elseif ((a2_fract(sndx(ndx)) > 0.8) ...
& (sm_fract(sndx(ndx)) < 0.2))
lut(Indx,2) = sm_fract(sndx(ndx)) + 1;
else
lut(Indx,2) = sm_fract(sndx(ndx));
end
Indx = Indx + 1;
end
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end
tossed_pntcnt =ns - Indx - 1

%

% Trim lut to final length

%

lut = lut(1:Indx-1,:);

Ins = Indx-1;%LUT #samps

%

% Flattened lut
%

fl_lut = lut;

fl_lut(:,2) = fl_lut(:,2) - fl_lut(:,1);

foo = find(fl_lut(:,1) >= 0.5);

ndx = foo(1)

fl_lutr = [fl_lut(ndx:Ins,1)-1,f_lut(ndx:Ins,2); ...
fl_lut(1:ndx-1,:)];

figure(5)

clf

plot(fl_lutr(:,1),fl_lutr(:,2),"y.")
axis([-0.5,0.5,-0.02,0.02])

xlabel(‘Rough Intra-line Distance (Lines)’)
ylabel(‘Correction-Term Estimate (Lines)’)
grid

pause

%
% Force input table atan2 values to be monotonic so that the interp1()
% call below isn’t broken

%
cnt=1;
ndx =1;

tmp_lut = zeros(Ins,2);
while (ndx <= Ins),
%
% Look for as many duplicates in x-axis (atan2 values) as possible
%
foo = ndx + 1;
if (foo <= Ins) while (fl_lut(ndx,1) == fl_lut(foo,1)),
foo = foo + 1,
end, end
ndups = foo - ndx - 1;% # of duplicates found
tmp_lut(cnt,2) = mean(fl_lut(ndx:ndx+ndups,?2));
tmp_lut(cnt,1) = fl_lut(ndx,1);
ndx = ndx + ndups + 1;
cnt=cnt + 1,



end

tns=cnt-1

ndx

cnt

tmp_lut = tmp_lut(1:tns,:);

fprintf(1, ‘%d duplicatate(s) removed\n’, ndx - cnt);

%

% Rotate LUT around so that it is in the range of [-0.5,0.5]

%

size(tmp_lut)

foo = find(tmp_lut(:,1) >= 0.5);

tns

ndx = foo(1)

tmp_lutl = [tmp_lut(ndx:tns,1)-1,tmp_lut(ndx:tns,2); ...
tmp_lut(1:ndx-1,:)];

%tmp_lutl = [tmp_lut(:,1) - 0.5, tmp_lut(:,2)];

%

% Tack on single wrap-around values to beginning
interpolation

% can occur

%

tmp_lut = [tmp_lutl(tns,1)-1, tmp_lutl(tns,2); ...
tmp_lutl; ...
tmp_lutl(1,1)+1, tmp_lutl(1,2)];

%

% Resample the flattened lut to be periodic in column 1
%

rns = 600;% Number of samples in resampled output
rs_lut = zeros(rns,2);

rs_lut(:,1) = [-0.5:1/(rns-1):0.5];

rs_lut(:,2) = interpl(tmp_lut(:,1), tmp_lut(:,2), rs_lut(:,1));

%

% Smooth the resampled LUT

%

kersiz = 25% Must be odd number

kernel = ones(kersiz,1) / kersiz;

sm_rs_lut = [rs_lut(:,1), circconv(rs_lut(:,2),kernel)];

%

% Compute the fft of the error function

%

rs_fft = fft(sm_rs_lut);

foo = [rs_fft(1:15,2);zeros(rns-30,1);rs_fft(rns-14:rns,2)];
sm_rs_lut = real(ifft(foo));

figure(6)
clf

and end so

that
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subplot(211)
plot(fl_lut(:,1),fl_lut(:,2),’y.")
axis([0,1,-0.02,0.02])

title(‘Flattened Error estimate’)
xlabel(‘Intra-line distance (normalized)’)
ylabel(‘Error estimate’)

grid

subplot(212)
plot(rs_lut(:,1),rs_lut(:,2),’y.",rs_lut(:,1), sm_rs_lut,’r-")
axis([-.5,.5,-0.02,0.02])
titte('Resampled Error estimate’)
xlabel(‘Intra-line distance (normalized)’)
ylabel(‘Error estimate’)

grid

figure(5)
hold
plot(rs_lut(:,1), sm_rs_lut,’r-")

lut = [rs_lut(:,1),sm_rs_lut];
return
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