THE UNIVERSITY OF

7 WAIKATO Research Commons

gty 16 Whare Winanga o Waikato

http://researchcommons.waikato.ac.nz/

Research Commons at the University of Waikato

Copyright Statement:

The digital copy of this thesis is protected by the Copyright Act 1994 (New Zealand).

The thesis may be consulted by you, provided you comply with the provisions of the
Act and the following conditions of use:

e Any use you make of these documents or images must be for research or private
study purposes only, and you may not make them available to any other person.

e Authors control the copyright of their thesis. You will recognise the author’s right
to be identified as the author of the thesis, and due acknowledgement will be
made to the author where appropriate.

e You will obtain the author’s permission before publishing any material from the
thesis.


http://researchcommons.waikato.ac.nz/

Fault Detection and
Path Optimisation
for a
Meat-Processing Robot

A thesis
submitted in fulfilment
of the requirements for the Degree
of
Doctor of Philosophy in
Physics and Electronic Engineering
at the

University of Waikato

by
Shaun Anthony Hurd

i\'?‘;.'féiifl’sv%
.The .

University

of Waikato

Te Whare Wananga
o Waikato

University of Waikato
2005



TS1973
.H87
2005
Issue
Desk
538183

PEFTRTHICE OMLY

CrnvERsY OF WALKATL

LIBRRARY



For Sister D



ABSTRACT iii

ABSTRACT

An automated Y-cutting system has been developed by the Automation Systems team
of Industrial Research Limited. This robotic device performs the Y-cut operation on
sheep carcasses. The robotic Y-cutting system must deal with a variety of carcass
shapes and sizes, and it is important that process faults are detected, diagnosed and
corrected as quickly as possible. This thesis addresses the fault detection and path

optimisation requirements of the Y-cutting system.

The development of a neural network-based fault detection module is documented.
This module classifies process faults using axial motor current data from the Y-cutting
robot. The module successfully classifies 98% of the presented cut signals during
offline training, and 100% of cuts during an extended trial in an Australian meat-
processing plant. An online training scheme is implemented to allow for the retraining
of the neural network weights as required. The fault detection module is extended to

handle a greater number of fault conditions and to detect variations in the process load.

A path optimisation algorithm is developed to optimise the parameters that define the
cut-path of the robot based on the output of the fault detection module. A line-search
within the parameter space is used to estimate the position of the optimum parameter
value. The optimisation of fifteen path parameters requires 4760 simulated Y-cuts,
equating to approximately 1.5 days of processing in a typical meat-plant. This is
significantly faster than the existing method for manually tuning the Y-cutting system.
The fault detection and path optimisation systems can be generically applied to other
robotic systems produced by Industrial Research Limited for the handling and

processing of highly varying natural products.
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1. INTRODUCTION

1.1 OVERVIEW

Commercial robotic systems have been available for several decades for a variety of
simple automation tasks (Kopacek, 1999), including assembly, machining and
palletising (Friedrich, 1995). These tasks usually deal with identical products in highly

structured environments, with the robot endlessly repeating the same motions.

In contrast, there has been only limited development of commercial robotic systems for
the handling or processing of highly varying natural products, such as meat, timber or
fruit (Spooner & Rodrigo, 1998). These products are generally non-uniform in size,
shape and appearance. This means that any developed robotic system needs to be
adaptive to deal with these product variations, and requires sophisticated sensing

techniques and robust control algorithms (Malone et al., 1994).

The Automation Systems team of Industrial Research Limited (IRL) specialise in the
development of robotic devices for the handling and processing of natural products. In
particular, IRL focuses on the development of flexible automation solutions for the
meat-processing industry (Templer et al., 2000). This work has culminated in the
production of the world’s first sheep-meat processing robot, which performs the Y-cut
operation on sheep carcasses (Taylor & Templer, 1997). All previous Y-cut automation
work by IRL has taken place within New Zealand (Templer et al., 1999). To
demonstrate the international potential of the Y-cutting technology, IRL have developed

a prototype commercial system for the Australian meat-processing market.

1.2 COMMERCIAL OPPORTUNITY

The sheep-meat industry is an important contributor to both the New Zealand and
Australian economies, employing thousands of people in both countries. New Zealand

produced 562,000 tonnes of sheep-meat in 2002, with export earnings of NZ$2.3 billion
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(New Zealand Meat Board, 2002), while Australia produced 746,000 tonnes of sheep-
meat worth A$2.1 billion in the same year (Meat and Livestock Australia, 2002). The
New Zealand sheep-meat industry is dominated by the production of export-quality
lamb, with a focus also on high-quality pelts. The Australian sheep-meat industry is far
more diverse. While there are abattoirs that produce high-quality lamb, many plants
focus more on the production of lower-grade mutton for export to Middle-Eastern
markets. Australian sheep are generally subject to harsher climatic conditions than New
Zealand livestock, with the environment tending to be hotter, dryer and less arable.
These environmental differences mean that Australian sheep can arrive at the abattoir in
poor condition with dust and sand embedded in their pelts. There are also a large
number of Merino animals in Australia, with these animals having large folds of skin
around the neck region. These differences necessitate the demonstration of the Y-
cutting system in an Australian abattoir to determine if the automated process developed

for New Zealand conditions is appropriate.

Despite the size of the meat industry in both New Zealand and Australia, there has been
only limited development of modern meat-processing automation solutions (Templer et
al., 2000). If the industry is to remain internationally competitive, then the uptake of
meat-processing automation will need to increase in the coming years (Templer et al.,
1998). The economics of the meat-processing industry demand extremely robust and
reliable technology, with commercial clients typically requiring a success rate of greater
than 98%. This performance requirement means that it is important to detect, diagnose
and correct faults as quickly as possible so that the performance of the system is not

adversely affected.

At present, the Y-cutting and other robotic systems developed by IRL lack the ability to
identify and quantify inaccuracies in their own performance and cannot independently
modify the behaviour that produced these errors. Therefore, the implementation of an
adaptive fault detection and correction scheme would be an important enhancement to

the automated Y-cutting system and other IRL robotic devices.
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1.3 THESIS OBJECTIVES

This thesis intends to meet the following objectives:

e Define and characterise faults that occur in the Y-cut process.

e Develop a system for detecting the incidence of process faults automatically and
reliably, with a fault classification rate of at least 95%.

e Improve the existing manual tuning process of the Y-cutting system by reducing the
time taken to achieve a cutting success rate of 98%.

e Provide generic fault detection and tuning solutions that can be applied to other IRL

robotic devices.

1.4 THESIS PROGRESSION AND EVOLUTION

The data used for this thesis were obtained from two different Y-cutting installations.
The first installation used an older Y-cutting system that was temporarily installed at
Auckland Meat Processors (AMP) in Auckland, New Zealand in October 2002. This
installation was primarily used to test a new design of Y-cut tool. It also enabled the
capture of motor current data from the Y-cutting robot. These data were used for the
initial signal characterisation and fault detection development work detailed in Chapter
4. Because the performance of the Y-cutting system was sub-optimal, there was a
propensity for the cut to terminate prematurely. This meant there was a high incidence
of two different process faults: insertion failures and end-point failures (refer Section
4.1). Therefore, the initial fault detection strategies were designed to classify both of

these fault conditions.

The second Y-cut installation occurred at Southern Meats in Goulburn, Australia in
August 2003 with a prototype of the commercial Y-cutting system. The main purpose
of this trial installation was to demonstrate the system in Australian conditions and on
Australian livestock. This was also the first installation to use a new KUKA industrial
robot. The Y-cut tool was modified slightly based on observations from the AMP trial.

The improvements to the tool combined with the additional degrees-of-freedom
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provided by the KUKA robot resulted in a vast improvement in the performance of the
Y-cutting system, with insertion failures being the only observed process fault. This
meant that the detection of end-point failures was not possible with the fault detection
module developed in Chapter 5. However, it was recognised that a generic solution
should also detect other fault conditions, with Chapter 7 extending the fault detection

system to allow for the classification of end-point failures and load variations.

1.5 CONTRIBUTIONS TO PRACTICAL WORK

The author became involved with the development of the Y-cutting system at IRL in
June 2002. His initial work involved re-commissioning the older Y-cutting robot,
which had been removed from a New Zealand plant several years previous. He also
conducted all of the process tuning and monitoring while the system was installed at

AMP. It was during this time that he captured the dataset used in Chapter 4.

The author was also involved extensively with the development of the KUKA Y-cutting
system during 2003. He was primarily responsible for the development of sensor
measurement programs, a software-synchronised conveyor tracking methodology and
the interfacing of associated sensors. He was also involved in the development of the
main robot motion program. Between August and October of 2003, he was jointly
responsible for the installation, commissioning and tuning of the KUKA Y-cutting
system at Southern Meats in Goulburn, Australia. The datasets described in Section 5.3
were obtained by a colleague of the author in November 2003, using a methodology
defined by the author. Following the development of a fault detection module by the
author, he returned to Goulburn in January 2004 to implement and test the module.
This trip also allowed the author to conduct a series of cutting trials, producing the data
that are described in Section 6.1.1. All remaining analysis, testing and algorithm

development is the author’s own work.

1.6 THESIS STRUCTURE

Chapter 2 gives an overview of adaptive robotic systems and their application to natural

product handling and processing tasks. Possible fault detection methods are identified
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The signals that are outside the range 4.0 — 5.0 A are highlighted in Figure 7.12, with 28
datasets having Euclidean distances greater than 5.5 A and a single dataset having a
distance of less than 4.0 A. The greatest difference between these cuts can be seen as
the tool traverses the knee after approximately 1.5 s. The cuts with the larger Euclidean
distances are generally associated with a higher load over the knee, although this
observation is only true for a small part of the overall signal between approximately 1.3
and 1.5 s. The single cut that has a distance of less than 4.0 A has a lower than average
load over the knee. However, this technique does not allow the identification of

specific regions of the cut-path that differ from a normal cut.

7.3.2 Using Individual Neuron Weights

A more direct and accurate method for defining abnormalities in the cut-path is to
examine the difference between the individual neuron weights and the input signal.
Figure 7.13 shows the differences between the sixteen completed cut weights and the
completed cut signals. The distributions for some of the weights are narrow,
particularly those that relate to the start of the cut (weights 0 to 6). This is expected
since there is only limited variation in the load signal during this initial cut-phase.

Weights 0 to 6 are all subject to completed cut signal variations of less than 1.0 A.

There are large variations encountered by some of the weights, particularly weights 7 to
13. These weights encounter completed cut signals that vary by over 1.0 A. Weight 8
experiences the largest variation in input signal, with a difference of 5.04 A between the
biggest and the smallest. Weights 14 and 15 have signal variations of less than 1.0 A.
These two weights correspond to the pullout phase of the cut-path where there is only
limited variation in the load experienced by the robot. The large input signal variations
can be used to detect abnormalities in specific regions of the cut-path. Two examples of
this abnormality detection are shown in Figure 7.14. Figure 7.14a highlights cuts with a
variation of greater than 3.5 A for both weights 8 and 9. The threshold variation of 3.5
A is obtained by observing the input variations in Figure 7.13 and selecting a current
value that corresponds to an arbitrary upper limit for the individual distributions. The
highlighted cuts all have high loads over the knee region, but comparatively normal

loads over the remainder of the cut-path.
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A second example in Figure 7.14b shows cuts with a variation of greater than 0.5 A

from the value of weight 12. This weight corresponds to a location further down the

foreleg towards the end of the cut-path. The highlighted cuts again have reasonably

normal loads over the rest of the signal. Both of these examples illustrate that the use of

individual weights for isolating load variations in particular parts of the cut-path is more

effective than using the cumulative neuron output.

7.3.3 KRL Implementation

The fault detection interrupt routine described in Section 7.2.4 must be modified

slightly to provide access to the individual weight variations (refer Figure 7.15).

GLOBAL DEF Fault_Detection()

il;'(AS_Cur'r_I < 16) THEN yIs array filled yet?
ELéé.
i;.(LVQ_Learning == TRUE) THEN ;online learning 71s enabled
ELéé. ;0nline learning is disabled
FOR N =1 TO 16 ;calculate signal variations

IF_Weight[N] = (IW_IF[LT, N]-A5_curr[N])
CC_Weight[N] = (zw_cc[LT, N]-A5_curr([N])
IF (cC_weight[N] > Threshold[N]) THEN

Excessive_Load[N] = TRUE ;Set excessive load indicator
ELSE
Excessive_Load[N] = FALSE ; Reset excessive load indicator
ENDIF
ENDFOR
FOR K = 1 TO 17
sum[K] = 0.0 ; Reset temporary variable
N=1 i Reset weight index
WHILE (N < K) s Endpoint weight = CC weight
sum[K] = sum[K]+(CC_weight[N]*CC_weight[N])
N=N+1 i Increment weight index
ENDWHILE
WHILE (N <= 16) s Endpoint weight = IF weight
sum[K] = sum[K]+(IF_Weight[N]*IF_weight[N])
N=N+1 ; Increment weight index
ENDWHILE
Neuron[K] = -SQRT(Sum[K]) ;Calculate neuron activation
ENDFOR
ENDIF
ENDIF
END

FIGURE 7.15 Modified interrupt routine for the detection of excessive loads (modifications are

highlighted in bold).
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The difference between the neuron weights and the input signal are calculated
separately and stored in arrays IF_weight[] and cc_weight[]. The prior calculation
of IF_weight[] and cC_weight[] also improves the efficiency of the interrupt routine
since the individual weight contributions are no longer calculated every time sum[K] is
updated. The signal variation for the completed cut weight is then compared to a

Threshold[], and an Excessive_Load[] flag is either set or reset.

The values specified in Threshold[] can be based on observations of the system,
similar to those obtained via inspection of Figure 7.13. An alternative method would be
to analyse the load variations continuously and use a statistical measure to set the

threshold values.

7.4 PROPOSED EXTENSION OF PATH OPTIMISATION

The path optimisation algorithm developed in Chapter 6 can modify the top of the cut-
path in order to maximise the success rate of the Y-cutting system. However, generic
application of the algorithm could require the optimisation of the entire path. The
ability to detect end-point failures and quantify load variations provides pertinent

information for the modification of specific parts of a robotic cut-path.

7.4.1 Localisation of Cut-Path Load Data

The temporal detection of faults and load abnormalities need to be augmented with
spatial information to allow the localisation of specific events in relation to the defined
path waypoints. Figure 7.16 shows the modifications made to the leg-guide and fault
detection interrupt routines. The current position of the robot in the conveyor
coordinate system (refer Section 3.4.1) can be obtained via the system variable
$POS_ACT, which is a structure containing the three Cartesian coordinates and three
Euler angles. This positional information is captured at the same time as the motor
current samples from axis AS, and is stored in an array Path_Position[]. This

positional information can then be used to synchronise the load data with the cut-path.
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GLOBAL DEF Leg_Guide_Interrupt()

AS5_cCurr[1] = $CURR_ACT[5]*$CURR_MAX[5]/100
;Get A5 motor current value

Path_Position[1] = $POS_ACT ;Get current path position
AS_Curr_I =1 ;Reset array index variable
END

GLOBAL DEF Fault_Detection()

A5_Curr[AS_Curr_I] = $CURR_ACT[5]*$CURR_MAX[5]/100
L. s get A5 motor current value
Path_Position[AS5_Curr_I] = $POS_ACT ;Get current path position

END

FIGURE 7.16 Modified interrupt routines to capture robot positional information concurrently
with axis load data (modifications in bold).

7.4.2 Optimisation of the Entire Cut-Path

The ability to synchronise end-point failures and load abnormalities with the actual cut-
path means that optimisation of individual path waypoints should be possible. If an
end-point failure or excessive load condition is detected at a certain location then the

waypoint offsets near that point should be modified to correct the situation.

An end-point failure is caused by the cut-path being too far from the foreleg, resulting
in the tool ripping out of the pelt prematurely. Conversely, an excessive load is caused
by the cut-path being too close to the foreleg, particularly around the knee of the

carcass. A basic strategy can be developed based on these observations:

e If the load is excessive near a particular waypoint then pull the path away from
the foreleg.
e If an end-point failure is detected near a waypoint then shift the path towards the

foreleg.
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An obvious method for moving the path relative to the foreleg is to change the Y-
coordinate offset for the particular waypoint. Alternatively, it is possible that a
modification of the X-coordinate would be more appropriate, shifting the path laterally
relative to the foreleg. However, there is little justification for selecting one coordinate

direction over another.

A second method is to use a modified version of the line search algorithm proposed in
the previous chapter. An end-point failure or excessive load condition would trigger the
algorithm and the line search applied to the nearest waypoint. The search captures the
load variation at each sample point along with the occurrence of end-point failures. The
optimisation algorithm would then adjust the waypoint offsets to minimise the
occurrence of both conditions. This minimisation effectively acts to balance these two
conditions and obtain an optimum cutting load, since one condition is caused by an
excessive load and the other caused by an insufficient load (being equivalent to an
insertion failure). A limitation of this method is that it requires a time-consuming line
search to be completed, rather than making a simple ad-hoc change to the waypoints as
proposed with the previous method. However, the optimisation algorithm would
complete a more rigorous search of the surrounding parameter space and has the
potential to converge to an optimal solution. Either method would require rigid
constraints placed on the permitted changes to the waypoints to ensure that the modified

path does not produce a cut that is unacceptable to the plant.

It is difficult to justify changes to the cut-path based solely on the load experienced by
the robot. An optimisation algorithm will ultimately require some form of feedback
relating to the quality and acceptably of the cut-path. A possible source of feedback
would be a machine vision system used to determine the position of the cut-path relative
to the carcass. However, the isolation of the completed path is difficult given that wool
can obscure the cut. A more convenient form of feedback would be from a human
operator or plant supervisor via some sort of user interface. The interface would allow
the user to specify if a particular part of the cut-path is acceptable or not. This feedback
would also allow for the correction of incorrect cut-path faults, which had previously

been identified as subjective events dependent on the observer (refer Section 5.2).



TOWARDS GENERIC FAULT DETECTION AND PATH OPTIMISATION 185

7.5 GENERIC IMPLEMENTATION

There are several outstanding factors that must be addressed before the developed fault

detection and path optimisation systems can be employed in other robotic applications.

Fault detection for the Y-cutting system uses data from only one robot axis. While data
from other axes did not improve the classification performance, this simplification may
not always be possible. Other applications may produce process loads that are
observable in all six axes. In these cases, it will be necessary to change the sections of
the interrupt routines that deal with the capture of axis data, although this is a relatively

straightforward modification.

Other automated processes may require higher sampling frequencies to capture
discriminating variations in the load signals. This change also increases the required
number of weights for each LVQ neuron. Both of these changes can be incorporated
via some very simple code changes to the interrupt routines. Note that the KUKA
controller only allows sampling of system variables every 12 ms, so processes that
undergo rapid load variations may require an external data acquisition system.
However, it is expected that most processes involving natural products would exhibit

similar characteristics to the Y-cutting system.

Although the KUKA robotic system has proven to be a robust and reliable platform for
automated Y-cutting, it is possible that future applications could use robots from
different manufacturers. Therefore, it is important that the developed algorithms can be
easily transferred to different robotic platforms. The fault detection module also needs
to have access to motor current data from the robots axes. Fortunately, most major
robot manufacturers provide high-level programming environments with access to such
data. While the language syntax and structure may vary, it should be a straightforward

task to rewrite the KUKA code for a different type of robot.
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8. CONCLUSIONS

8.1 THESIS EVALUATION

This thesis has primarily focussed on the development of an automatic fault detection

module and path optimisation algorithm for use with a robotic Y-cutting system.
8.1.1 Initial Fault Detection Development

Initial development of fault detection strategies used an older IRL8L Y-cutting system.
Data relating to 32 Y-cuts were acquired, and features of the cut-path were related to
motor current data from the shoulder axis of the robot. The largest increase in the load
experienced by the axis occurred as the tool traversed the knee. There was a clear
difference between a cut that failed to insert and a completed Y-cut. If the tool pulled
out of the cut prematurely, the current signal quickly returned to the level of an insertion

failure.

Two knowledge-based fault detection strategies were developed to classify captured
signal data into three classes of cut and to determine the cut end-point. The first
strategy applied a threshold of 0.00 A to the current signal, and the cut end-point was
deemed to have been reached when the signal remained below this threshold level for
more than 0.04 seconds. This strategy correctly classified 78.1% of the available
datasets. The error in the end-point determination was 0.17 seconds. The second
strategy applied the same threshold of 0.00 A, but detected regions of the signal that
were above this level for more than 0.11 seconds. This strategy had an improved
classification rate of 81.3% and a more accurate end-point determination error of 0.14

seconds.

Four neural network strategies were tested using different architectures. A multilayer
perceptron (MLP) strategy correctly classified 70.6% of the cuts, with an end-point

error of 0.26 seconds. A strategy using a radial basis function (RBF) network had an
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almost equivalent performance with 71.0% of cuts correctly classified and an end-point
error of 0.21 seconds. Two strategies used learning vector quantisation (LVQ)
networks trained with different learning algorithms. The LVQ network classified only
58.1% of the cuts correctly when trained with the LVQ1 algorithm. This performance
improved when the LVQ2.1 training algorithm was used, with a classification rate of
69.7%. The LVQ strategies were not used to determine the cut end-points. None of the
tested neural network strategies were as effective as the knowledge-based strategies at
detecting end-point failures, although all of the tested strategies reliably detected

insertion failures.

A series of hybrid strategies were developed by combining the second knowledge-based
strategy with the four neural network strategies. The performance of these strategies
was superior to the basic neural networks in all cases except the LVQ network trained
with the LVQ2.1 algorithm. The best performing hybrid strategy used the MLP
network, resulting in a classification success of 79.0% for the three classes of cut and an
end-point error of 0.15 seconds. This level of performance approached that of the
second knowledge-based strategy. However, none of the tested strategies were able to
meet the fault classification requirement of 95%. Even though the fault detection
performance was limited by the small size of the available dataset, this work
demonstrated the potential of a neural network-based system to detect faults from
process load variations. It was thought that the classification performance could be
improved by obtaining a larger dataset of Y-cut signals, with a bigger population of

samples providing a better representation of the different classes of cut.

8.1.2 Implementation of a Fault Detection Module

The commissioning of the full KUKA Y-cutting system enabled the capture of a greater
number of axial load datasets. The process had been substantially improved since the
development work with the IRL8L robot, resulting in the need to only detect insertion
failures. Although the kinematics of the KUKA were more complicated than the
IRLSL, the Y-cutting process loads were still observable in the motor current data from

several of the robot axes.
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An LVQ-based fault detection module was developed to classify insertion failures from
the motor current of axis AS. The LVQ network successfully classified 98% of the
presented datasets during offline training. The addition of data from other axes did not
improve the classification success. The sampling rate was decreased from 2 ms to 180

ms without adversely affecting the classification performance of the network.

The LVQ fault detection module was implemented in the KUKA Y-cutting system
using two interrupt routines. An online training scheme was also developed to allow for
the automatic adjustment of the weights of the LVQ network. This training scheme was
shown to quickly modify the weights to match changes in the Y-cutting process,
requiring only 350 cuts to retrain the network. The retrained fault detection module was
tested during normal operation of the Y-cutting system and successfully classified 100%
of 502 cuts.

The provision of the online training scheme is an important feature of the fault detection
module. If major changes are made to the path or the speed of the robot, then the sock-
ringer can be switched off to retrain the insertion failure weights. The completed cut
weights require the sock-ringer to be switched on, but can be retrained while the system

continues Y-cutting.

A key advantage of the developed module is that it does not require any additional
hardware. The initial fault detection work with the custom-built IRL8L robot required a
separate computer and data acquisition system. While this would have been relatively
straightforward to implement, the extra cost may have restricted the uptake of the
system. Instead, the KUKA robot provided automatic access to the necessary motor
current data and the LVQ network was easily integrated within the structure of the

existing KRL Y-cutting program.

8.1.3 Development of a Path Optimisation Algorithm

The provision of this fault detection module allowed the development of an automated
path optimisation system. This system was designed to optimise the first two waypoints

of the cut-path and maximise the insertion success rate. Initial analyses identified
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fifteen path parameters that needed to be optimised. A series of cutting trials were
conducted using the Goulburn Y-cutting robot to determine the nature of the success-
rate objective function. Due to time constraints, data was collected for only six

parameters.

The observed success rates generally matched the expected form of the objective
function. No correlation was found between the brisket measurement for the individual
carcasses and the outcome of each cut. A linear model gave very poor correlations
between the six tested parameters and the success rate for each cutting trial, with R
values less than 0.28. A Gaussian model provided a better fit to the data with R* values
greater than 0.70. This model was used for subsequent development and simulation

work.

The standard deviation of each Gaussian model provided an indication of the relative
importance of the parameters. Smaller standard deviations indicated that the success
rate was more susceptible to changes in the particular parameter. Using this metric, the
height of the insertion point /PZ was the most important path parameter. The least
important of the tested parameters was the waypoint offset B42Y. This ranking

indicated the order in which the parameters should be optimised.

An optimisation algorithm was developed based on the existing one-dimensional
manual tuning process. The algorithm used a line search along each parameter to
estimate the position of the optimum parameter value. Key internal parameters of the
algorithm were the line search ratio R and the line sample size m. The fastest
convergence to a 98% success rate occurred for R = 1.7 and m = 21, with the mean
number of required Y-cuts being 1320. All of the tested values of m were capable of

converging in less than 2000 iterations.

The algorithm was improved by modifying the sampling procedure used to determine
the success rate at the conclusion of each line search. The success rate sampling was
halted prematurely if the number of observed insertion failures exceeded the permitted
number of failures. The modified optimisation algorithm typically required 25% fewer
Y-cuts to converge than the original algorithm. The faster convergence for the modified

algorithm occurred for R = 1.6 and m = 11, with the mean number of Y-cuts being 960.
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Various success rate criteria were also tested for the termination of the line search
algorithm. ~ Stronger criteria took longer to converge but resulted in lower residual

errors in the estimate of the parameters.

The optimisation algorithm was shown to continually improve the parameter estimate
during simulated operation. The optimisation algorithm was also able to respond to
changes in the optimum parameter values, tracking both step and ramp changes

successfully.

A constant line search length was tested to contrast with the standard deviation-scaled
variable length used in prior testing. The variable method took an average of 13.7%
fewer Y-cuts to converge than the constant method, depending on the value of R and m.
While the constant method required more iterations than the variable method, this test
demonstrated that a constant line search could still be applied without significantly
affecting the convergence in situations where an estimate of the success-rate objective
function was not available. This is important if the optimisation algorithm is to be
generically applied to other processes without the need for exhaustive preliminary

testing to determine the nature of the objective function.

Following the successful application of the optimisation algorithm to the simplified six-
parameter model, the Gaussians for the remaining nine critical parameters were
estimated. The fastest convergence for the expanded fifteen-parameter model occurred
for R = 1.0 and m = 21, with the mean number of simulated Y-cuts being 4760. This
equates to approximately a day and a half of processing in a plant operating at 8
ccs/min. This convergence time is significantly faster than the existing manual tuning
process, which has previously required weeks or months of tuning to achieve a success
rate of 98%. If an automation engineer has an indicative charge-out rate of NZ$1,000
per day and two engineers are required to observe and tune the system, then each day of
tuning costs NZ$2,000. There are also additional costs incurred by the plant while the
y-cutting system is being tuned. An extra downstream butcher (at an indicative cost of
NZ$200 per day) could be required to manually Y-cut any carcasses that the robot
misses. Even if the optimisation algorithm conservatively reduces the tuning time by 5

days, then this could equate to a financial saving of NZ$11,000.
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The optimisation algorithm was modified to allow the more effective tracking of step
and ramp changes. An adaptive line search ratio was used, with R = 1.0 if the success
rate was less than 90%, otherwise a smaller ratio R = 0.4 was used. This modification
allowed the algorithm to fine-tune the parameter estimate and increased the number of
iterations spent on normal Y-cutting rather than tuning. The modified algorithm was
successfully applied to the expanded set of path parameters, tracking both step and ramp
changes in the optimum parameter values and reducing the residual error over

continuous periods of operation.

8.1.4 Expansion of the Fault Detection Module

The fault detection module for insertion failures was expanded to allow the detection of
end-point failures. Extra neurons were added to the LVQ network, with these neurons
having a combination of the weights from the base insertion failure and completed cut
neurons. Each neuron corresponded to a particular end-point class labelled EP1 to
EP17, with neuron EP1 equivalent to an insertion failure and EP17 equivalent to a
completed cut. End-point failure signals were simulated by combining randomly
selected insertion failure and completed cut signals at randomly selected points. The
expanded network was tested with 100,000 simulated signals. The average
classification error was 1.72 end-point classes or 0.31 seconds. The classification of
75.7% of the cuts was within two end-point classes of the target class. The end-point
determination error was smaller for end-points that corresponded to larger
discriminating differences between the insertion failure and completed cut weights. The
smallest error occurred for end-point EP10, with an error of 0.19 seconds.
Neighbouring end-points EP9 and EP11 also had an error of less than 0.20 seconds.
These three end-points all corresponded to the peak loading as the tool traversed the

knee, which was the largest discriminating feature of the cut-path.

The fault detection module was also modified to detect variations in the load
experienced by the robot. One method used the output of the LVQ neurons as a
measure of the deviation from a normal cutting operation. However, this lacked the
ability to identify specific regions of the cut-path that differed from a normal cut. A

more direct method used the difference between individual weights and the input signal.
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Regions of excessive signal variation were identified in captured datasets and
modifications to the KUKA interrupt routines were proposed to detect these cut

abnormalities.

8.2 CONTRIBUTIONS TO ORIGINAL RESEARCH

This thesis has made a number of significant contributions to the field of robotics,
particularly related to the robotic handling and processing of highly varying natural

products:

e Process faults relating to the automated Y-cutting of sheep carcasses have been
characterised from robotic axial motor current signals. More advanced sensing
techniques were not possible because of the harsh meat-plant environment.
However, the limited dataset of motor current signals were successfully used to
identify specific process faults and served as the basis for the subsequent
development of a fault detection module and path optimisation algorithm.

e The effectiveness of MLP, RBF and LVQ neural networks has been investigated for
detecting faults and localising cut end-points from concurrently presented motor
current signals.

- The performance of these neural networks has been compared to two
knowledge-based fault detection strategies.

- The optimum neuron width to minimise the output error has been established
for a fault detecting RBF network.

- The classification success of LVQ networks trained with the LVQI
algorithm has been compared with networks trained with the LVQ2.1
algorithm.

- A hybrid neural network strategy has been developed to detect process faults
from conditioned axial motor current signals.

e The developed LVQ fault detection module is the first known application of neural
network-based fault detection for a robotic system used to process highly varying
natural products.

- An investigation has been completed into the use of single and multiple

robotic axis data for detecting Y-cutting process faults.
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The effect of reducing the sampling frequency of robotic axial load data on
the classification performance of the LVQ network has been established for
the Y-cutting process.

The LVQ module has been successfully integrated within a commercial
automated Y-cutting system to provide continuous and reliable observation
of the outcome of each cut, eliminating the need for a person to compile trial
statistics manually.

An online training scheme for an LVQ network has been developed and

implemented within a KUKA robotic platform.

The effect of additive noise on the classification performance of an LVQ network

has been investigated.

The fault detection performance of an expanded LVQ network has been evaluated.

An investigation has been completed into the ability of the expanded LVQ
network to detect and isolate cut end-points.
The LVQ network has been extended to isolate cutting load variations using

individual neuron weights.

A novel path optimisation algorithm based on an adaptation of the sequential

random search algorithm has been examined.

A heuristic analysis of parameters used to define a robotic Y-cut path has
been completed.

The Y-cutting success-rate objective function has been modelled from
cutting trial data using a multivariate Gaussian distribution.

An adaptive line search ratio has been developed to improve the tracking
performance of the path optimisation algorithm.

The developed path optimisation algorithm has demonstrated significant
timesavings over the existing manual tuning process.

In conjunction with the fault detection module, the optimisation algorithm

can provide the means to automate the entire path tuning process.

Path parameters used to define the top of the Y-cut have been ranked according to

their effect on the success rate of the system. This importance ranking has not been

identified during previous Y-cut installation work.

The ConveyorTech counter module used by the KUKA robot for tracking moving

conveyors has been adapted to allow for the simultaneous tracking of multiple
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objects. This is a novel application of existing technology, providing additional

functionality that was considered unworkable by KUKA representatives.

8.3 RECOMMENDATIONS FOR FUTURE WORK

There are several opportunities for further research and development that stem from this

thesis.

The optimisation algorithm developed in Chapter 6 requires implementation and testing
as part of the full KUKA Y-cutting system. The algorithm converged significantly
faster than the manual tuning process during computer-based simulations, but must be
tested under real-world conditions. This will require the integration of the algorithm
within the overall structure of the Y-cutting program. The main barrier to the
immediate implementation of the optimisation algorithm is that the Y-cutting system
has been removed from the Goulburn meat-plant following the successful
demonstration of the technology under Australian conditions. However, a number of
other plants in both Australia and New Zealand have indicated that they wish to
purchase the system, meaning that there will soon be the opportunity to test the

optimisation algorithm.

It may be possible to reduce the number of path parameters that need to be optimised
from the fifteen that have been identified. This parameter reduction could be possible
following the testing of the optimisation algorithm in the real Y-cutting system and after
further observation of the process. If the tool maintains a constant yaw-angle A
throughout the cut-path (refer Section 6.6), then both B4/4 and BA24 would not need
to be optimised. There is also the possibility that a constant robot speed could be used,
given that the overall quality of the cut would decrease for very fast speed settings.
During the automated tuning of the system, it is important that the upstream handling
and processing of the carcass be of a high standard, thereby reducing the noise that the
optimisation algorithm will encounter. The legs should be aligned in the spreaders with
a consistent orientation, and the sock-ringer should be adjusted to provide a consistent
opening cut at the top of the leg. The maintenance of these processing standards along

with a decrease in the dimensionality of the parameter space should result in the
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reduction of the overall tuning time from the approximately one and a half days of

processing required by the optimisation algorithm.

The proposed extensions to the fault detection module also need to be tested under real-
world conditions. It should be relatively easy to test the modified interrupt routines for
their ability to detect load variations. However, it may be difficult to test the detection
of end-point failures since the current Y-cutting system has never exhibited this fault
condition. One option would be to detune the cut-path so that the tool ripped out of the
pelt near the knee. A second option would be to manually make a horizontal cut across
the foreleg prior to the Y-cutting operation, which could cause the tool to prematurely

withdraw from the pelt.

An immediate application of the fault detection module is that a Y-cut could be
reattempted if a fault is detected. This might not be possible if the conveyor-chain is
moving relatively fast (>6 ccs/min), since the foreleg may have already moved out of
the workspace of the robot. However, for slower chain speeds (<6 ccs/min) there

should be sufficient opportunity for the robot to repeat the Y-cut.

The fault detection module also presents several product development opportunities.
An option that could be provided to purchasers of the Y-cutting system is a down-
stream signalling device. Currently, every carcass has to be manually inspected to
determine if the automated Y-cut has been successfully completed. A signalling system
would allow the identification of particular carcasses that the robotic Y-cutter had
missed or incorrectly cut and that needed to be manually Y-cut by a down-stream
butcher. A possible implementation of this signalling system would be a row of
indicator lights placed along the front of the conveyor rail. If a fault was detected then
the lights could be illuminated in sequence to track the relevant carcass along the

conveyor-chain.

Another opportunity presented by the fault detection module is the automatic collection
and calculation of statistics relating to the performance of the automated Y-cutting
system. This information is readily available, since the module has demonstrated the
ability to determine the outcome of each cut reliably. The controller of the KUKA

robot also has the capacity to be interrogated via an Ethernet network connection. This
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would allow the performance of the Y-cutting system to be monitored from a remote
location by plant management. Service personnel could also access this information to
assist with diagnosis and maintenance issues; a prolonged deterioration in performance

could indicate that the tool requires servicing.

It is also possible that the fault detection and path optimisation algorithms could be
integrated with a flexible robotic programming environment that is being developed by
the Automation Systems team (Rajapaske & Hildreth, 2004). This environment
incorporates a LabVIEW toolkit that allows a user to program an ABB industrial robot
from a remote computer via a graphical interface. This environment is being extended
to allow a range of robots to be programmed and interfaced to a variety of sensors, all
from a remote location. The fault detection and path optimisation algorithms could be
included as separate software functions within the toolkit to provide additional

functionality to the programmed robot.

8.4 SUMMARY

This thesis has addressed the provision of automatic fault detection and path
optimisation for a robotic Y-cutting system. The following requirements were specified

at the beginning of the thesis:

e Define and characterise faults that occur in the Y-cut process.

e Develop a system for detecting the incidence of process faults automatically and
reliably, with a fault classification rate of at least 95%.

e Improve the existing manual tuning process of the Y-cutting system by reducing the
time taken to achieve a cutting success rate of 98%.

e Provide generic fault detection and tuning solutions that can be applied to other IRL

robotic devices.

Five process faults have been identified and defined, and two of these conditions were
characterised using robotic axial motor current signals. A neural network-based fault
detection module was developed to detect insertion failures. The fault detection module

successfully classified 98% of the presented cut signals during offline training. Testing
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of the fault detection system in an Australian meat-processing plant resulted in 100%
successful classification of 502 cuts. This performance exceeded the specified
classification rate of 95% required by the fault detection system. Additionally, an
online training scheme was developed to allow for the retraining of the neural network
weights as required. Although the module was only required to detect one process fault,
provision has been made for the expansion of the module to detect additional fault

conditions. This module can also be generically applied to other robotic processes.

An adaptive path optimisation algorithm was developed to meet the third requirement of
the thesis. This algorithm was designed to work in conjunction with the fault detection
module to provide an automated system to tune a robotic path. Simulations involving
the optimisation of fifteen path parameters required an average of 4760 Y-cuts to
achieve a cutting success rate of 98%, equating to approximately 1.5 days of processing
in a typical meat-plant. This is significantly faster than the manual tuning process,
which had required weeks or months of continuous tuning. The optimisation algorithm
was shown to continually improve the parameter estimate and track changes in the
optimum parameter values over time. Six of the path parameters have been ranked
according to the standard deviation of the Gaussian regression model. The most
important parameter for an optimum success rate is the height of the insertion point /PZ,
followed by waypoint offset BA1Y and insertion point depth /PY. The least important

parameter was the waypoint offset B42Y.

In conclusion, the developed fault detection module and path optimisation algorithm
provide the means to automatically tune the cut-path of a robotic Y-cutting system. The
fault detection module is the first known application of a neural network in a meat-
processing robot, and the optimisation algorithm has the potential to significantly
reduce time, labour and financial costs associated with the commissioning of a new Y-
cutting system. These developments have the potential to increase the uptake of meat
automation technology and represent an important competitive advantage for current

and future robotic systems produced by Industrial Research Limited.
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