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ABSTRACT 
 

Genetic Programming, an heuristic optimization 
technique based on the theory of Genetic Algorithms, is a 
method successfully used to identify nonlinear model 
structures by analyzing a system's measured signals. 
Mostly, it is used as an offline tool which means that 
structural analysis is done after collecting all available 
identification data. In this paper, we propose an enhanced 
on-line GP approach that is able to adapt its behaviour to 
new observations while the GP process is executed. As 
an example we document how a model for a BMW diesel 
engine’s NOx exhausts was identified using on-line 
measurement data provided by an real-time data 
simulator environment. 
 
 
1 INTRODUCTION 
 
1.1 Problem Statement 
 

The problem of finding a model for a system's 
measured signal, i.e. discovering the mathematical 
relationship between empirically observed variables 
measuring a system, is an important problem in technical 
fields such as mechatronics, but also in economics and 
other areas of science (Langley et al. 1987). In practice, 
the observed data may be noisy and there may be no 
known way to express the relationships involved in a 
precise way. Problems of this type are of scientific 
interest in the context of systems control and data 
mining; usually they are called symbolic system 
identification problems, black box problems or modeling 
problems. When the model that is discovered is used in 

predicting future values of the state variables of the 
system, the problem is called a forecasting problem 
(Koza 1995). 
 

In this paper we present an on-line structure 
identification method based on a Genetic Programming 
identification approach. This identification algorithm is 
able to adapt its behaviour during its execution to new 
data, i.e. to a changing of the algorithm's environment. 
By doing so, this method combines the advantages of 
enhanced, hybrid variants of Genetic Algorithms and 
heuristic optimization techniques with real-time 
knowledge discovery and data mining. 

 
Evolutionary programming techniques (especially 

GAs and GP) have often been and are still often 
considered not suitable for on-line identification: “For an 
off-line process, a Genetic Programming method could 
be utilized to ‘evolve’ the function that best represents 
the system dynamics. This is an attractive approach 
because the actual structure of the dynamic equations 
would be revealed (and the parameters optimized in the 
process). Unfortunately, evolutionary programming 
techniques are ill-suited for on-line learning.” (Ellis 
1998) 

As we demonstrate in Section 4, this widespread 
opinion has to be reconsidered since the proposed GP-
based method is indeed suitable for evolving suitable 
models (at least for mechatronical systems) on-line. The 
approach presented here, in fact, is not restricted to any 
specific problem situation but can be used for any kind of 
data driven on-line identification process since a wide 
range of mathematical expressions can be represented 
and the framework used is very flexible and not tuned to 
any specific application. 
 
1.2 Selected Evolutionary Computing Techniques: 
Genetic Algorithms and Genetic Programming 
 

Evolutionary computing is the collective name for 
heuristic problem-solving techniques based on the 



principles of biological evolution, which are natural 
selection and genetic inheritance. One of the greatest 
advantages of these techniques is that they can be applied 
to a variety of problems, ranging from leading-edge 
scientific research to practical applications in industry 
and commerce; by now, evolutionary algorithms are in 
use in various disciplines like optimization, artificial 
intelligence, machine learning, simulation of economic 
processes, computer games or even sociology. 

The forms of evolutionary computation relevant for 
the work described in this paper are Genetic Algorithms 
(GA) and Genetic Programming (GP). The fundamental 
principles of GAs were first presented by Holland 
(Holland 1975), overviews about GAs and their 
implementation in various fields were given for instance 
by Goldberg (Goldberg 1989), Michalewicz 
(Michalewicz 1996) and Affenzeller (Affenzeller 2003). 

 
A GA works with a set of solution candidates (also 

known as individuals) called population. During the 
execution of the algorithm each individual has to be 
evaluated, which means that a value indicating the 
quality is returned by a fitness function. New individuals 
are created on the one hand by combining the genetic 
make-up of two solution candidates (this procedure is 
called “crossover”), producing a new “child” out of two 
“parents”, and on the other hand by mutating some 
individuals, which means that randomly chosen parts of 
genetic information are changed (normally a minor ratio 
of the algorithm's population is mutated in each 
generation). 

Beside crossover and mutation, the third decisive 
aspect of Genetic Algorithms is selection. In analogy to 
biology this is a mechanism also called “survival of the 
fittest”. Each individual is associated with a fitness value, 
and an individual’s probability to propagate its genetic 
information to the next generation is proportional to its 
fitness: The better a solution candidate’s fitness value, 
the higher the probability, that its genetic information 
will be included in the next generation's population. This 
procedure of crossover, mutation and selection is 
repeated over many generations until some termination 
criterion is fulfilled. 

 
The basic idea of Genetic Programing, which was first 

explored in depth by Koza in 1992 (Koza 1992), is that 
virtually all problems in artificial intelligence, machine 
learning, adaptive systems, and automated learning can 
be recast as a search for a computer program, and that GP 
provides a way to successfully conduct the search for a 
computer program in the space of computer programs. 

Similar to GAs, GP works by imitating aspects of 
natural evolution to generate a solution that maximizes 
(or minimizes) some fitness function: A population of 
solution candidates evolves through many generations 
towards a solution using certain evolutionary operators 
and a “survival-of-the-fittest” selection scheme. The 
main difference is that, whereas GAs are intended to find 

an array of characters or integers representing the 
solution of a given problem, the goal of a GP process is 
to produce a computer program (or a formula) solving 
the optimization problem at hand. 

Population 
of 

Programs

           Test 
      Programs

 
Select Parents 
in Proportion 
to their Fitness 

Create new 
 Programs 

Figure 1: The Genetic Programming Cycle (taken 
from (Langley 1987)) 

 
Typically, the population of a GP algorithm contains a 

few hundred individuals and evolves through the action 
of operators known as crossover, mutation and selection. 
The population of a GP algorithm evolves through the 
action of operators known as crossover, mutation and 
selection. Figure 1 visualizes how the GP cycle works: 
As in every evolutionary process, new individuals are 
created. They are tested, and the fitter ones in the 
population succeed in creating children of their own. 
Unfit ones ‘die’ and are removed from the population 
(Langdon 2002). 
 
 
2. GP BASED STRUCTURE IDENTIFICATION 
 

Preliminary work for the approach presented in this 
paper was done for the project “Specification, Design 
and Implementation of a Genetic Programming 
Approach for Identifying Nonlinear Models of 
Mechatronic Systems” in the context of a bigger 
strategical project at the Johannes Kepler University 
Linz, Austria. The goal of this project was to find models 
for mechatronic systems. It was successfully shown (for 
instance in (Winkler, Affenzeller and Wagner 2004a), 
(Winkler, Affenzeller and Wagner 2004b) and in further 
detail in (Winkler 2004)) that methods of GP are suitable 
for determining an appropriate mathematical 
representation of a physical system. Furthermore, in 
(Winkler, Affenzeller and Wagner 2005) we have 
documented that this approach can also be used for 
solving classification problems. 



We have used the methods implemented for this 
project for developing a GP-based real time structure 
identification algorithm. This algorithm operates on a set 
of training data with measured signals (X1,…,XN). One of 
these signals (Xt) has to represent the system's signal for 
which a model has to be found for. On the basis of the 
training data, the algorithm tries to evolve (or, as one 
could also say, to “learn”) a solution, i.e. a formula, that 
represents the function which models the chosen target 
channel. In other words, each presented instance of the 
structure identification problem is interpreted as an 
instance of an optimization problem; a solution is found 
by a heuristic optimization algorithm. The goal of this 
GP process is to produce an algebraic expression 
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approximating Xt as well as possible (only on the basis of 
a database containing the measured results of the 
experiments to be analyzed). Thus, the GP algorithm 
works with solution candidates that are tree structure 
representations of symbolic expressions. When the 
evolutionary algorithm is executed, each individual of the 
population represents one structure tree. 

Details of the basic structure of these formula trees, 
their implementation and several consideration regarding 
the function library (since the selection of the library 
functions is an important part of any GP modeling 
process because this library should be able to represent a 
wide range of systems) can be found in (Winkler 2004) 
and (Winkler, Affenzeller and Wagner 2005). 

 

 
 
Figure 2: Genetic operations on tree structures. 

In general, both crossover and mutation processes are 
applied to randomly chosen branches (in this context a 
branch is the part of a structure lying below a given point 
in the tree). Crossing two trees means randomly choosing 
a branch in each parent tree and replacing the branch of 
the tree, that will serve as the root of the new child 
(randomly chosen, too), by the branch of the other tree. 
Mutation in the context of Genetic Algorithms means 
modifying a solution candidate randomly and so creating 
a new individual. In the case of identifying structures, 
mutation works by choosing a node and changing it: A 
function symbol could become another function symbol 
or be deleted, the value of a constant node could be 
manipulated or the index or the time-offset of a variable 
could be modified. This procedure is less likely to 
improve a specific structure but it can help the 
optimization algorithm to re-introduce genetic diversity 
in order to re-stimulate genetic search. Examples of 
genetic operations on tree structures are shown in Figure 
2: The crossover of parent1 and parent2 yields child1, 
child2 and child3 are possible mutants of child1. 

For evaluating solution candidates, the use of various 
functions is possible. For this project we have decided to 
use the average squared error function since it is 
independent of the number of considered samples: 

∑
=

−=
N

i
tt iXiX

N
E

1

2))()(~(1
 

 
 
  

Knowledge / 
Suspection about the 

model 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3: Workflow of the Extended 
On-Line GP Process. 
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3 ON-LINE GP MODELING 
 
Thanks to the fact that the GP process is executed 

periodically, the insertion of an additional stage can be 
designed and implemented quite easily. As is graphically 
shown in Figure 3, we have added an additional phase to 
the standard GP cycle: Before the next generation of 
solution candidates is produced, possibly available new 
data are collected from a predefined data source (e.g., a 
file as in the case of our prototypical implementation). 

 
The approach presented here has actually got several 

advantages: 
• One of the major advantages of this apprach is that 

the benefits of Evolutionary Computation (namely 
the combination of directed and undirected 
heuristics as well as the use of a certain amount of 
randomness) are combined with concepts of on-line 
knowledge discovery and data mining. As described 
in further detail in the following section, this 
modeling method can be used as an alternative to 
existing on-line modeling and identification 
methods that are for example used in industrial fault 
detection and identification programs. 

 
• With respect to the measured data, the algorithm is 

able to adapt its behavior as new identification data 
are available: Since all individuals of a GP 
algorithm's population have to be evaluated every 
generation, the corresponding data set can be 
modified after every generation step. This of course 
means a change of the algorithm's environment and 
is likely to influence the GP process in several 
(maybe unforeseen) ways.  

 

But since structural identification anyway assumes 
an underlying concept of the investigated system, 
this changing of environment is expected to have 
rather positive than negative effects. 

 
 

• Last, but surely not least we strongly take advantage 
of the fact that instead of using standard 
implementations of the Genetic Algorithm as 
underlying GP algorithm, a new generic 
evolutionary algorithm, the SASEGASA, is applied. 
As presented and explained in further detail in 
(Affenzeller and Wagner 2004), this hybrid GA uses 
an enhanced selection model which is designed to 
directly control genetic drift within the population 
by advantageous self-adaptive selection pressure 
steering. 

Additionally, this new selection model enables to 
detect and combat premature convergence which is 
generally quite a critical issue in GAs. As elaborate 
test series have shown (Affenzeller and Wagner 
2004; Winkler 2004; Winkler, Affenzeller and 
Wagner 2005), the results obtained for various 
different optimization problems using the 
SASEGASA were significantly better than those 
produced by standard GA implementations. 

Figure 4 gives an overview of the taxonomy of 
optimization techniques (taken from (Affenzeller 
and Wagner 2004). As the reader can see, GP 
belongs to the class of Evolutionary Algorithms as 
well as GAs (and also Evolutionary Techniques 
which are not essentially relevant to the work 
presented here). 

 

Figure 4: Taxonomy of optimization techniques, 
taken from (Affenzeller and Wagner 2004). 



Furthermore one can easily see that there are special 
forms of GAs, one of them being the SASEGASA. 
It has been designed for retarding the unwanted 
effects of premature convergence. This is 
accomplished by a combination of interacting 
generic methods; these generalizations of a GA are 
inspired by population genetics and take advantage 
of the interactions between genetic drift and 
migration. In this regard a new selection scheme is 
introduced which is designed to directedly control 
genetic drift within the population by advantageous 
self-adaptive selection pressure steering. 
Additionally this new selection model enables a 
quite intuitive heuristics to detect premature 
convergence. 

In order to assure that the proceeding of genetic 
search occurs mainly with successful offspring, this 
is done in a way so that the used crossover and 
mutation operators are able to create a sufficient 
number of children that surpass their parents’ 
fitness. Therefore, a new parameter called Success 
Ratio is introduced giving the quotient of the next 
population members that have to be generated by 
successful mating in relation to the total population 
size. If the success ratio is set to 0.0, the 
SASEGASA behaves exactly like a standard GA. 
This new selection schema (“Offspring Selection”, 
Affenzeller and Wagner 2005) is graphically shown 
in Figure 5: 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5: Flowchart for embedding the new selection 
principle into a Genetic Algorithm (taken from 

(Affenzeller and Wagner 2004)). 
 
At the end of each single generation, the actual 

selection pressure is defined by the quotient of 
individuals that had to be considered until the 
success ratio was reached, and the number of 
individuals in the population. The algorithm’s 
maximum selection pressure parameter is an upper 
limit of selection pressure, defining the maximum 

number of offspring considered for the next 
generation (as a multiple of the actual population 
size) that may be produced in order to fulfill the 
success ratio. 

 
Several other new concepts are also incorporated 

into the SASEGASA. For instance, gender-specific 
selection for GAs is implemented as well as the 
possibility to use multiple crossover operators in 
parallel: 
- Whereas standard GA implementations use only 
one selection operator, the SASEGASA requires 
two: The so-called female selection operator as well 
as the male selection operator; for a detailed 
explanation of this Gender-Specific Selection see 
(Wagner and Affenzeller 2005b). Similar to our 
experience collected during the tests on the 
identification of mechatronical systems, it seems to 
be the best to choose the roulette-wheel selection in 
combination with the random selection operator. 
The reason for this is that apparently merging the 
genetic information of rather good individuals 
(formulae) with randomly chosen ones is the best 
strategy when using the SASEGASA for solving 
identification problems. 
- If more than one crossover operator is available 
for a certain problem representation, it is beneficial 
and recommendable to apply all contempable 
crossover operators in parallel with the same 
probability of coming into operation. In this way all 
operators (even the worse) propagate only their 
advantageous crossover results into the next 
generation and as different crossover mechanisms 
tend to generate different offspring, this strategy 
increases the broadness of genetic search without 
counteracting the goal directedness, which also 
helps to retard premature convergence. (Affenzeller 
2005) 

 
 
4 EXPERIMENTAL RESULTS 
 

Empirical studies with different problem classes and 
instances are the most effective way to analyze the 
potential of heuristic optimization searches like 
Evolutionary Algorithms. 

In our experiments, all computations were performed 
on a Pentium 4 PC with 1 GB RAM under Windows XP; 
the programs are written in the C# programming 
language using the Microsoft .NET framework 1.1. As 
already mentioned in the previous sections, the basic GP 
structure identification method has been tested 
elaborately yielding surprisingly suitable models, for 
instance investigating several mechatronical systems and 
regression problems (Winkler, Affenzeller and Wagner 



2004b; Winkler 2004; Del Re et al. 2005; and Winkler, 
Affenzeller and Wagner 2005)*. 

During all these test series (and also for testing the 
proposed on-line learning method), the HeuristicLab 
(Wagner and Affenzeller 2005a), a generic and 
extensible optimization framework developed by 
members of the Institute of Systems Theory at the 
University of Linz, Austria, was used as underlying basic 
framework. 

For testing the presented on-line learning GP 
algorithm we have analyzed the data representing several 
signals of a BMW M47D diesel engine (with activated 
exhaust recirculation). The goal was to identify a model 
for the engine’s NOx emissions using the measured 
values of several other engine parameters (such as 
temperatures, pressures or the position of the throttle 
control). Additionally, information about other emissions 
(mainly CO and CO2) and the throttle control should not 
be incorporated in the model because of redundancies 
and relatively high costs of exhaust sensors. 

A whole FTP 75 cycle was performed within 
approximately 1,400 seconds; all sensor signals (in total 
33) were recorded with 20 Hz resolution, for the GP 
identification algorithm the data was downsampled to 5 
Hz resolution. 
 

 
 

Figure 6: Best result after 30 seconds. 
(Gray line: measured NOx exhaust, black line: values 

calculated by the actual best model.) 
 

 
 

Figure 7: Best result after 3 minutes. 
(Gray line: measured NOx exhaust, black line: values 

calculated by the actual best model.) 

                                                 
* All mentioned publications as well as screenshots 
illustrating recent structure identification results are 
prepared for download from www.heuristiclab.com. 

For simulating an on-line learning scenario, initially 
only 50 samples are inserted into the algorithm's data 
pool adding one more every 0.2 seconds. Since the data 
basis available to the identification algorithm grows 
constantly during the simulation causing runtime 
problems, the identification data was restricted to the 
most recent 500 samples (representing 100 seconds). As 
underlying GP algorithm the SASEGASA was applied 
working with a population size of 300 individuals, 5% 
mutation rate and a combination of Random Selection 
and Roulette Selection as selection operator. The average 
of squared errors was chosen as fitness function. 
 

 
 

Figure 8: Best Result after 10 Minutes. 
(Gray line: measured NOx exhaust, black line: values 

calculated by the actual best model.) 
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Figure 9: Best result after end of whole FTP cycle. 
(Gray line: measured NOx exhaust, black line: values 

calculated by the actual best model.) 
 

 
 

Figure 10: Identified model after end of FTP cycle. 



The Figures 6, 7, 8 and 9 illustrate the algorithm’s 
behavior; they graphically show evaluations of the 
currently best models after 30 seconds (Fig. 6), some 
minutes (Fig. 7), after 10 minutes (Fig. 8) and finally at 
the end of the whole simulation (Fig. 9). The model that 
was returned by the program in the end (after finishing 
the whole simulation, i.e. after approximately 23 
minutes), is shown in Figure 10; it was checked and rated 
as a very good one by experts in the field of automotive 
control, namely members of the Institute of Design and 
Control of Mechatronical Systems at the University of 
Linz, Austria. 

In fact, the presented simulation based GP 
identification method is able to produce not only better 
results than the standard GP identification approach; the 
time needed to produce them is even much lower. Figure 
11 shows a graphical representation of the result 
achieved using standard GP* for the same NOx data set 
after more than 19 hours: It is far not as good as the 
result produced by the simulation based procedure after 
not even half an hour. 

 

 
 

Figure 11: Best result for the same BMW NOx data set, 
produced by GP identification using the SASEGASA on 

the basis of off-line data after 19 hours. 
 

 
CONCLUSION 
 

On the basis of evolution inspired heuristic 
optimization techniques, an enhanced on-line learning 
and model structure identification approach based on 
Genetic Programming has been presented. We have also 
documented how it was successfully applied to a NOx 
identification problem producing surprisingly good 
results. Since the results for several problems are very 
good, even more challenging ones (such as the 
identification of soot, e.g.) have to be attacked. 
Furthermore, there are several possibilities how the 
                                                 
* The SASEGASA was used as underlying genetic 
algorithm; the population consisted of 4000 individuals, 
5% mutation rate and a combination of Random and 
Roulette selection operators were applied. 

results presented in this paper could help develop even 
more enhanced variants of GP. For example, we are 
planning to implement a GP method using sliding 
window effects simulating environmental changes as 
they occur within on-line learning; this should help avoid 
overfitting as well as significantly decrease the run-time 
needed for solving off-line structure identification 
problems. 
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