Published at the Society for Computer Simulation's Advanced Technology Simulation Conference, Seattle, WA April, 2001

Using Linear Genetic Programming to Develop a C/C++ Simulation Model of a
Waste Incinerator
Larry M. Deschaine, Janardan J. Patel, Ronald D. Guthrie, and Joseph T. Grumski
(Science Applications International Corporation)
and M.J. Ades
For Information Contact:
Larry.M.Deschaine@alum.mit.edu

Abstract

INTRODUCTION

We explore whether Linear Genetic Programming
(LGP) can evolve a C/C++ computer simulation model that
accurately models the performance of a waste incinerator.
Human expert written simulation models are used
worldwide in a variety of industrial and business
applications. They are expensive to develop, may or may
not be valid for the specific process that is being modeled,
and may be erroneous.
LGP is a machine learning technique that uses
information about a process’s inputs and outputs to
simultaneously write the simulation model, calibrate and
optimize the model’s constants, and validate the solution.
The result is a calibrated, validated, error-free C/C++
computer model specific to the desired process.
To evaluate whether this is feasible for complex
industrial processes, the method on data obtained from the
operation of a hazardous waste incinerator. This process is
difficult to model. Previously, in a well-conducted study,
the popular machine learning technique, analytic neural
networks, was unable to derive useful solutions to this
problem. The present study uses various mutation rates
(95%, 50%, and 10%), 10 random initial seeds per mutation
rate, and a large number of generations (1,280 to 4,461).
The LGP system provided accurate solutions to this problem
with a validation data measure of fitness, R2, equal to 0.961.
This work demonstrates the value of LGP for process
simulation. The study confirms previously published results
and found that the distribution of outputs from multiple
genetic programming (GP) runs tends to include an
extended “tail” of outstanding solutions. Such a tail was not
found in previous studies of neural networks. This result
emphasizes the need for employing a strategy of multiple
runs using various initial seeds and mutation rates to find
good solutions to complex problems using LGP. This result
also demonstrates the value of a fast LGP algorithm
implemented at the machine code level for both static
scientific data mining and real-time process control. The
work consumed 600 hours of CPU time; it is estimated that
other GP algorithms would have required between 4 and
136 years of CPU time to achieve similar results.

With the increasing complexity of modern
manufacturing [Popovic98] and processes [Popovic90],
industries require fast techniques for adaptive real-time
control [Francone00a]. Today, many industries allocate in
excess of 10% of their plant investment capital outlays for
instrumentation and control [Murrill00]. This percentage has
doubled over the past 30 years and shows no signs of
diminishing. The industrial processes often are non-linear
and the mathematical representation of the process is
unknown [Sinha00]. Hence, simulation models are not
available for many of the processes that exist today. Without
simulation models, optimal process control is very difficult
to achieve. This results in unnecessary waste of resources.
GP is a promising machine learning technology that has
been the subject of intensive academic research since 1988.
Since 1998, commercial applications have been made
available on the market [Francone00b]. GP can be used to
automatically develop a simulation model of complex
industrial processes. In this work, we specifically examine
whether a very fast form of GP, LGP can evolve a C/C++
computer simulation model that simulates the behavior of
the concentrations of carbon dioxide in a waste incinerator.
Waste incineration was chosen as a test case because it is a
very complex process that involves variable input material
properties (i.e., solids, liquids, and gaseous), high
temperature, large temperature variations, variable-input
energy sources, compressible gas flow, density effects etc.
The simulated variable, the concentration of carbon dioxide
in the secondary combustion chamber, varies widely from 0
to 5,000 parts per million (ppm). This process has been
demonstrated resistant to solution by machine learning via
the analytical neural network technique (ANN), as
evidenced by a well-conducted study [Fausett00].
Despite the complexity of the incineration processes,
developing a computer simulation code that maps the
process variables to the carbon dioxide emission
concentration should at least be feasible using GP. The
strength of GP is its ability to abstract an underlying
principle from a finite set of fitness cases [Banzhaf98,
Koza99]. This principle can be considered the essence of the
regularities that determine the appearance of concrete fitness
cases. GP evolves both the structure and the constants of the
solution simultaneously, the goal being to extract these
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regularities and put them under the form of an algorithm or
computer program, which then represents a simulation
model.

THE GENETIC PROGRAMMING
ALGORITHM
The Goal
The task given to the GP algorithm is to develop a
C/C++ computer simulation program that accurately maps
the important waste incineration process variables with the
concentration of carbon dioxide in the waste incineration
process. The goal of GP is to evolve the one excellent
solution that solves the problem, as opposed to evolving
many average or good solutions. Identifying the important
inputs will reduce the cost of the real-time process
monitoring and control system. A computer program that
predicts the concentration of air contaminants can reduce
the cost of monitoring the incineration facility and provide a
tool to simulate emissions prior to incinerator loading,
thereby improving compliance with the U.S. Environmental
Protection Agency (EPA) Clean Air Act (CAA), as
amended. An optimal strategy for incinerating waste, as
defined by maximizing incineration rate and optimizing
profits without operating permit violations, then can be
developed.

The Genetic Programming Algorithm
For this work, a GP algorithm was used that specifically
evolves a computer program at the machine code level
[Nordin97&99] on a Von Neumann machine, a machine
where the data and program resides in the same storage
location. This approach is called LGP, and also is known as
the Automated Induction of Machine Code by Genetic
Programming (AIMGP). This system formally was known
as the Compiling Genetic Programming System (CGPS).
The algorithm, since it manipulates the machine code
directly, avoids compilation overhead and has been
estimated to be more than 60 times faster when compared to
an interpreting C-language implementation and up to 1,500
to 2,000 times faster when compared to a LISP-computer
language implementation. While any of the number of
available GP algorithms that have been developed could
have been used [Banzhaf98], the speed of LGP means that
programs that would take months or years to evolve on a
single processor can be evolved in less than a day. For
example, this research consumed 600 hours of CPU time. A
GP system that relied on C-language interpreter approach
would have consumed approximately 4 years of CPU time
and a LISP computer programming GP approach would
have taken approximately 100 years.

Machine Learning Facilitating Human
Learning
GP is a machine learning technique that writes
computer programs. During a GP run, an intron explosion
occurs. An intron is an instruction that occurs in a program
that has little or no consequence on the output. Introns are
believed to occur to protect a good program from the
destructive effects of crossover [Banzhaf98]. To the human
observer, these introns make the code confusing. Specific
algorithms have been developed that transform the raw
machine learned program to a human understandable
program. These algorithms, which clean, simplify, and
optimize the code, facilitate the process of transferring the
knowledge derived during machine learning to the human
expert, facilitating acceptance of the solution as well as
increasing the knowledge of the process.
Parsimony Pressure
Parsimony pressure is a term used to refer to techniques
that tend to make the evolved program shorter. Parsimony
pressure causes “natural selection in evolutionary learning
systems to favor the selection of shorter and more compact
programs. It is a penalty function on program length. The
function calculates the percentage difference between two
programs evolved using the tournament selection algorithm.
If the shorter program meets acceptance criteria when
compared to competing individuals, the shorter program is
selected as the winner. Shorter programs often are easier to
interpret. Parsimony was not deemed necessary in these
simulations, as discussed in the results section.
Intron Removal
Substituting the no operation instruction into the
program and comparing the two output values remove
introns. If the output value does not change, the instruction
is deemed to be an intron and is removed.
Custom Fitness Functions
A custom fitness function can be incorporated that
allows the researcher to specify precisely how the results of
the GP evolutions are scored, in addition to the standard
linear and least squares and R2 error approach.
Interactive Evaluation of Evolved Program
Interactive evaluation of the evolved program allows
the researcher to simplify, modify, and optimize the
program as well as explore the results of the modification(s)
on the program’s fitness. This algorithm also allows the
researcher to perform what-if scenarios on the code,
including importing solutions from known sources or other
GP runs
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THE TEST CASE
LGP generated excellent solutions to the incinerator
problem. The incineration prediction challenge, however,
had no known solution; hence a benchmark with which to
compare either the results or the resulting program does not
exist. The results of the program fit were compared to the
validation data set to verify the accuracy of the results.
To test the LGP technique, the performance of a waste
incineration plant was modeled using real-time typical
operational data collected hourly over a 1-week period at an
incinerator [Fausett00]. The incinerator processes a variety
of solid and aqueous waste, using a combination of a rotary
kiln, a secondary combustion chamber, and an off gas
scrubber system. The process chosen is a very complex and
consists of variable fuel and waste inputs, high temperatures
of combustion, and high velocity offgas emissions.
Variables that describe the incinerator process were
collected as follows:
• Process Parameters
– Rotary Kiln Incinerator (lb./hr): Fuel Oil (flow),
Liquid Waste (flow), Solids (airflow), Solids
(flow), Solids (average flow), Fuel Oil (airflow),
Liquid Waste (airflow), Aqueous Waste (flow),
Temperature (C), Time (hrs.)
– Secondary Combustion Chamber (lb./hr): Fuel
Oil (flow), Fuel Oil (airflow), Steam (flow),
Temperature (C), percent O2 .
– Offgas: Four measurements of CO2 (ppm), two
measurements of percent O2, and one
measurement of duct flow (scfm).
• Output Parameter
– Secondary Combustion Chamber: CO2
(concentration as ppm).
If the GP is to be successful, it must develop the
relationship that maps the variables of the incineration
process to the carbon dioxide concentration in the secondary
combustion chamber. This parameter was chosen because
the ANN had great difficulty developing any useful model
for this mapping [Fausett00]. We used a zero and 1 hour
offset for the data when constructing the training and
validation instance sets. This resulted in a total of 44 input
variables. Thirty LGP simulations for a period of 20 hours
each using 10 different random seeds for each of three
mutation rates were run. The results of the LGP simulations
were compared for solution convergence.

The LGP System Parameters
The parameters and values that were used in this test
case, as well as the rationale for their selection, are
discussed below.
Linear Genetic Programming
Population Size— A population in LGP is the number
of programs that the system will evolve. Generally, the

larger the population the more difficult the problem to be
solved, and the longer the run will take. The size of the
population is limited by the random access memory (RAM)
of the computer. A population size of 25,000 was used, and
the LGP algorithm consumed 95,692 Kbytes of RAM.
Maximum Number of Tournaments—A GP
tournament is the process in which evolved programs are
produced. The tournament algorithm is constructed as
follows:
1. Initialize a Population of Programs. Create a
population of randomly generated programs.
2. Perform the Tournament Contest. Randomly select
four programs from the population and evaluate how
well they map the input data to the output data. This
step is known as the program “fitness” evaluation.
Two programs are selected as winners and the other
two are tagged as losers.
3. Transform the “Winner” Programs. The two
“winner” programs then are copied and transformed
probabilistically by:
– Exchanging parts of the “winner” programs with
each other to create two new programs
(crossover), and/or
– Randomly changing each of the tournament
winners to create two new programs (mutation).
4. Replace the “Loser” Programs. Replace the “loser”
programs in the population with the transformed
“winner” programs. The winners of the tournament
remain in the population unchanged.
5. Iterate Until Convergence. Repeat steps (2) through
(4) until a program is developed that predicts the
behavior sufficiently.
Time and memory only limit the number of
tournaments. An arbitrarily large maximum number of
tournaments of 2,147,483,647 was used, as the stopping
criterion was 20 hours, this value was never reached.
Search Parameters:
• Mutation Rate. Mutation is one of the principal
search operators used to transform programs in the
GP algorithm. Mutation has the effect of causing
random changes to occur in tournament winners.
The mutation is applied probabilistically to all
programs that have won tournaments, regardless of
whether a winner has been selected for crossover.
While many GP systems use either minor or no
mutation operators, increasing the mutation rate has
been shown to significantly improve the
generalization capabilities of GP [Banzhaf96]. The
mutation rate can range from 0% (no mutation to
100%). Mutation rate values of 95%, 50%, and 10%
were selected. These values agree with reported
research values, although the maximum mutation
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rate used (95%) exceeds the 80% maximum
reported value.
• Crossover Rate. The crossover rate is another key
search parameter in LGP. The crossover operates by
exchanging sequences of instructions between two
tournament winners. This results in two programs
being inserted into the population in place of the
two losers in that tournament. The crossover rate
can vary from 0% to 100%. We used a constant
crossover rate of 50% for all 30 simulations.
• Reproduction Rate. Reproduction rate is another
search operator in LGP. Reproduction copies a
program and places the copy in the population in
addition to the original program. It is a function of
the crossover and mutation rates, as follows:
reproduction_rate = 100-(mutation_rate)(crossover_rate*[1-mutation_rate]).
Demes
• Number of Demes. The number of demes pertains
to the division of the population of programs. A
deme is a subset of the program population to
essentially isolate groups of populations from each
other. This paradigm is consistent with biologists’
belief that genetic diversity is enhanced when
populations are separated from each other
geographically. A value of 10 demes for this run
was selected, with 2,500 programs per deme.
• Crossover Percentage Between Demes. As
discussed above, crossover occurs between
programs in the same population. By dividing the
population into demes, crossover now occurs both
within each deme as well as between demes. The
percentage of crossover between demes sets the
percent of tournaments that will result in crossover
between programs in adjacent demes. The algorithm
works as follows:
1. Select a deme at random.
2. Select one of the two adjacent demes at
random.
3. Select two programs from each of the selected
demes, the better of which is selected for
crossover.
4. Crossover the selected program from each
deme. The offspring of the crossover replaces
the two tournament losers.
We used a deme crossover rate of 10%; it can range
from 0% to 100%. Note that this “between deme” crossover
rate of 10% provides a different purpose than the crossover
rate that occurs in the same population, which is the value of
50% discussed above.
• Dynamic Subset Selection. Dynamic subset
selection uses a subset of the data that the LGP uses
to develop the equation, the training set, to help

•

•

•

•

•

evolve solutions that are more generalized. It works
by periodically changing which subset of the
training set is used for training purposes, and hence
helps avoid memorization.
Target Subset Size. This size controls the size of
subset of the training set that will be used. The total
data set consisted of 166 instances, 151 training
instances and 15 validation instances chosen as
every 10th point, which gave a representative range
of output values to train and validate the solution
against. A value of 120 training instances out of the
total training set of 151 was used for the target
subset size. The value for the target subset size is
very problem specific because this was a small data
set, a relatively large percentage (80%) of it was
chosen, on larger data sets with thousands of
instances, it would not be unusual to use only a
fraction of the data at any one time. The key factor
is that the subset selected should be representative
of the data set as a whole.
Selection by Age. The algorithm keeps track of the
usage of each individual training instance. The
training set is chosen in proportion with the time
since the training instance was last used. The least
recent training instances are preferentially chosen
during the next training set assembly. A weight
selection of 50% was chosen for this parameter.
Selection by Difficulty. The algorithm also keeps
track of how difficult it is for the LGP to find a good
solution for a particular training instance of the
training data set. By setting this parameter as nonzero, more general solutions are found. A selection
weight of 50% was chosen for this parameter.
Stochastic Selection. This parameter is used to
select training instances randomly. A selection
weight for this criterion was set to 0% because
stochastic selection was not used in our runs.
Training Subset Change Frequency Equivalents.
This parameter determines how frequently the
training subset is changed in “generation
equivalents.” Since the LGP uses the tournament
selection criteria, a generation equivalent is one-half
of the population size, in the case considered 12,500
tournaments. A value of (1) generation equivalent,
or 12,500 tournaments, was used on the training
data subset in these runs. Every 12,500 tournaments,
a new training subset was developed according to
the methodology described above.

RESULTS
The GP algorithm produced a very good solution to the
incineration simulation challenge. Table 1 summarizes the
results. The table summarizes the information from the bestvalidated program from each simulation.
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Table 1. Comparison of R2 for Various Mutation Rates and Random Seeds
Fitness Case (R2)

Mutation Rate = 95%

Mutation Rate = 50%

Mutation Rate = 10%

Best Validated Fitness

0.961

0.785

0.852

Avg. Validated Fitness

0.720

0.477

0.552

Worst Validated Fitness

0.477

0.088

0.168

Best Fitness

0.979

0.903

0.912

Avg. Fitness

0.709

0.569

0.531

Worst Fitness

0.483

-0.252

-0.117

Validation Data Set

Complete Data Set
(Validation and Training)

The stopping criterion for all simulations was 20 hours.
The average number of generations that were evolved was
3,037 (37,962,500 tournaments). The number of generations
ranged from 1,280 (16,000,000 tournaments) to 4,461
(55,762,500 tournaments). Each tournament represents a
new program being genetically designed for consideration
as the best (i.e., most fit) computer program. It is clear to
see that the shear speed of the LGP technique uses brute
force to find the high fitness solutions.
The fitness of the solution was calculated by comparing
the measured and predicted values using the linear trendline option that is in Microsoft Excel®, with the y-intercept
set to zero. The best-validated data results (R2 of 0.961)
were obtained using a high mutation rate of 95%. Moreover
the two best solutions were obtained at the 95% mutation
rate. As Table 1 shows, the mutation rates of 50% and 10%
failed to produce an R2 validated fitness above 0.852, and
had far worse average solution fitnesses. This is thought to
have occurred because a high mutation causes a more
aggressive search of the solution space as opposed to lower
mutation rates. The best solution is presented in Figure 1.
The distribution of validated solution fitness is shown in
Figure 2. This solution then becomes the simulation tool
from which to predict the waste incinerator performance and
optimize it’s operation, as shown in Figure 3.
The LGP algorithm was run 30 times for a total of
600hrs 09min 30sec of CPU time. The computer consisted
of a dual Pentium III © 533Mhz PC with a 133 FSB,
256MB of ECC 100 RAM, the Intel © 840 chipset on a
Supermicro PIIIDME motherboard using the Microsoft
Windows 2000 Professional operating system. The LGP
algorithm consumed approximately 95,692 KB of memory.
The total memory requirement, including the operating
system, was 204,784 KB when run as a single application.

CONCLUSIONS AND SUGGESTIONS FOR
FURTHER RESEARCH
Earlier research suggests that, for three machinelearning problems, multiple runs on linear GP systems tend
to produce a distribution of outputs with a long tail of
outstanding quality solutions [Francone96]. Interestingly,
this long tail of outstanding solutions exists even though the
average solution generated may not be very good. By way
of contrast, that same study found that neural networks
produce a large number of runs that are normally distributed
around a mean of average quality solutions, but that
multiple neural network runs do not produce the tail of
outstanding solutions characteristic of LGP.
The present study is consistent with the earlier results in
[Francone96]. Like the previous study, neural network
technology was unable to generate outstanding solutions to
the problem at hand. And, like the previous study, multiple
LGP runs produced a tail of outstanding solutions, which
included solutions considerably better than any solution
produced by neural network technology. To wit, LGP
evolved a validated program that explains 96.1% [Validated
R^2 of 0.961 from Table 1] of the relationship between the
process inputs and output variable for a machine learning
unfriendly incineration process.
In real world applications, the goal of machine learning
is normally to produce the one super-solution that solves the
problem as opposed to generating many average solutions.
Two studies (including this present study) now suggest that
an LGP approach meets this criterion better than do neural
networks. GP performed extremely well on this very
difficult process control problem. However, this technique
did not perform well for all of the runs. This confirms the
difficulty of the problem.
The results of this research also demonstrate the
importance of solving problems by performing multiple
LGP runs at different mutation rates and initial randomly
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generated populations. This process facilitates finding the
best solution because of the unique distribution of the
results of multiple, LGP runs discussed above. However,
multiple runs are very time consuming because machine
learning in general (and GP in particular) is very
computationally intensive. Ordinary GP or neural network
software would not have been capable of performing the
runs in this study in remotely realistic time frames, the next
best GP algorithm would have consumed approximately 4
years of CPU time.
Accordingly, these conclusions underline the
importance of LGP’s great speed in solving process control
problems. Process control frequently involves difficult
learning domains that benefit from multiple runs. Thus,
LGP’s speed may well open other, historically intractable
dynamic control of complex process problems to
widespread solution by machine learning techniques.
This success demonstrates the promise of using LGP
algorithms to simulate the waste incineration process.
Further work includes testing this technique on other
complex manufacturing processes. To date, success has
been demonstrated on manufacturing of solid materials
[Deschaine00a] and other environmental [Deschaine00b]
processes.
With the simulation model developed, what-if scenario
simulations of a planned waste incineration activity can help
keep emissions to within acceptable limits. The C/C++
process description also allows process optimization to be
explored via linkage with cost information and other
management resource planning and optimization tools.
Reducing the number of monitoring locations for data
collection by focusing on the evolved solution inputs has
obvious benefits with respect to capital expenditures,
reduced operations and maintenance of the control system,
and automated reporting.
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