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Abstract 

Evolutionary algorithms (EA) are widely employed to solve a broad range of optimization problems. Even though 
they work in an algorithmically simple manner, it is not always easy to understand what is going on during a particular 
optimization run. It is especially desirable to gain further insight into the state and course of the algorithm if the opti-
mization does not yield the expected results or if we are not sure whether the result achieved is really the best result 
possible.  
During an optimization run an evolutionary algorithm produces a vast amount of data. The extraction of useful infor-
mation is a non-trivial task. In this paper, we review visualization methods used to extract this useful information. We 
shall also demonstrate the application of visualization techniques and explain how they help us to understand the 
course and state of the evolutionary algorithm.  
This extra information gained by the use of visualization techniques is often the difference between a good result and 
a very good result. In complex real-world applications merely achieving a good result often means that the approach 
has failed. On the other hand, a success means large gains in productivity or safety or a decrease in costs. 

Keywords: 2-D visualization, 3-D visualization, image plot, scaling, convergence, real-world application 
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1 Introduction 
A new optimization problem must be solved. Not much is really known about the properties of the system under optimization. 
For several reasons the decision is made to use evolutionary algorithms (EA). The objective function implementing the optimi-
zation problem is written and one of the many toolboxes implementing evolutionary algorithms is selected. The operators and 
parameters of the evolutionary algorithm are defined (based on experience or using a standard set suitable for the system under 
optimization). The evolutionary algorithm is started and quite a few numbers scroll over the screen. After some time a result is 
presented. The result is checked and looked at in the context of the system. There might be a chance that the result is satisfac-
tory first time round – that it is much better than anything known before or than anyone expected. What a stroke of luck! It 
seems to have been a simple problem that nobody had thought about or tried to optimize before. 
But this is real life. We never get such simple problems to solve and one optimization run is never enough. The numbers pre-
sented on the screen are never sufficient to really understand the way the evolutionary algorithm “solved” the problem – never 
sufficient to even know the inner workings of the evolutionary algorithm used. In the beginning the optimization was simply 
restarted. Did we get better results, were they different or the same? We obtained some new information – but did it really 
help? There was such a vast amount of data produced by the evolutionary algorithm, that we had to find methods of extracting 
useful information from this data. This is a non-trivial task. 
The visualization of the data produced by the evolutionary algorithm can provide the insight necessary to understand the re-
sult(s). However, which data types over which time frame and using which visualization methods should be plotted? 
Over the last ten years we have employed a large number of different visualization techniques to present the data types pro-
duced by evolutionary algorithms. Some of them have proved indispensable nearly all the time (and will be presented in this 
paper). A few others were useful under special circumstances or to help understand a very special feature (some will be out-
lined in this paper). Many more produced colorful graphics, but did not provide additional or better insight compared to the 
visualization techniques already in use (some of these are discussed in [8]). 
In this paper, we will present a set of techniques for the visualization of different data types of evolutionary algorithms. These 
data types and techniques give an instant visual impression of the evolutionary algorithm's progress or the actual state of the 
individuals within the population. In this way, we also gain insight into the problem which has to be solved. We understand the 
problem better, learn more about its properties relevant to optimization and gain more experience in the application of evolu-
tionary algorithms for the solution of this type of problem. For each technique, examples are given and the information derived 
is described. Most of the visualization techniques are simple to calculate and easy to display using standard visualization tools. 
Nevertheless, we shall provide some additional information on the real-world application of the techniques (having learned 
these fiddly details the hard way). 
Previous work on the visualization of evolutionary algorithms is still rare. Apart from standard techniques most of the early 
work was published by Routen and Collins ([11], [12], [2], [3]). A systematic approach to the visualization of evolutionary al-
gorithms was set out in [13] and in [8], chapter 5, but further (systematic) work still has to be done. The first workshop on the 
visualization of evolutionary algorithms was organized at GECCO’1999 [5]. Another workshop with a broader range was held 
at ALife VIII [1]. However, these are singular events. 
If we look at all these publications we can see that a lot of techniques for visualizing evolutionary algorithms have been pub-
lished. But only very few of them are employed regularly by the users of evolutionary algorithms. Thus, we also need to de-
scribe the advantages of the visualization techniques for “every-day” and “always-on” use. In this paper we will provide some 
of these descriptions including easily understandable examples. 
Section 2 provides a compact systematization of the data types and time frames in evolutionary algorithms. Each of the follow-
ing sections describes one particular visualization technique. Section 9 ends with concluding remarks and some possible direc-
tions of further investigations. 
A few conventions are used throughout the paper. All the optimizations use minimization. We mostly work with a real-valued, 
fixed length representation during optimization (most of the real-world problems we, at DaimlerChrysler, solved are real-
valued and fixed length). Many of the example diagrams are generated by optimizing one of the many standard test functions of 
evolutionary algorithms (and other optimization areas). 
In the examples we employ two types of evolutionary algorithm, one which is globally and one which is locally oriented. The 
first one employs multiple subpopulations (regional population model, also called island model or coarse grained model), mi-
gration, and the application of different strategies and competition between subpopulations. In this paper it is called the Multi-
Population Evolutionary Algorithm MPEA1. The second type of evolutionary algorithm employs a small population and a mu-
tation operator similar to an evolution strategy. This is called LEA2. The first type, MPEA1, performs a globally oriented 
search and is the optimization algorithm which we use first for each new problem. Sometimes we are given problems suitable 
for a locally oriented search (no multi modalities, no discontinuities, ...) and we employ LEA2 for this kind of problem. In this 
paper we shall only look at single-objective problems. 
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2 Data types and time frames of evolutionary algorithms for visualization 
When we want to extract useful in-
formation from the data produced by 
the evolutionary algorithm we must 
first understand which data types are 
available. In this paper we mostly 
concentrate on directly available 
data types: individuals and popula-
tions (including subpopulations). 
Each individual contains multiple 
variables and one or multiple objec-
tive values. Populations contain mul-
tiple individuals each containing 
variables and objective values. In a population we can look at single individuals (best or mean individual of the population) or 
at multiple or all individuals. In addition, we may also include data available from the use of advanced techniques. As an ex-
ample we shall use the application of multiple subpopulations (regional population model including migration and competi-
tion). Figure 1 presents an overview of the selection of data types available for the visualization of evolutionary algorithms. 
The data types are only one side of the equation. We must also 
look at the time frame of the available data. In evolutionary algo-
rithms the time frame of one or multiple generations is directly 
available. We can use up to all the generations of one optimiza-
tion run or extend the time frame to the data produced by multi-
ple optimization runs. These different time frames are shown in 
Figure 2. When visualizing data produced during many genera-
tions, a picture of the progress or course of the evolutionary algo-
rithm is presented. Techniques employing only data produced 
anew for every generation give a picture of the current state of the population or the evolutionary algorithm. Using data from 
multiple optimizations runs we can compare different evolutionary algorithms or changes in their parameters. 

3 How does the best result get even better during optimization? 
If any one visualization method is used, it is almost always the convergence diagram. It presents the objective value of the best 
individual in the population over many generations (mostly all the generations of one optimization run). A simple example is 
given in Figure 3 left. This type of diagram gives a good impression of the convergence of the evolutionary algorithm. 
The objective values are problem-specific and their range varies with every optimization problem. The clarity of the diagram 
depends largely on the scaling of the objective values. On the other hand, the user of the evolutionary algorithm “understands” 
these problem-specific values. What are the problems with the convergence diagram and how can we circumvent them? 
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Figure 3: Convergence diagram; left: objective value of best individual, middle: best and mean objective value including standard de-

viation of all objective values, right: logarithmic scaling of best objective value (including best objective value of every sub-
population); [sphere function, MPEA1] 

At the beginning of an optimization run the objective values (often) improve quickly. During the remaining generations the 
changes in the best objective values are not that large. Thus, the important changes at the end of the optimization cannot really 
be seen. Logarithmic scaling of the objective values (y-axis of the diagram) can provide a solution. When employing loga-

• individuals (solution vector)
→ variables (real-valued, integer-valued or binary representation)
→ objective value(s)

• (sub) population
→ individuals (variables of best or all individuals, objective values of best or all individuals)
→ ranking / order and size of subpopulation
→ derived data types, for instance distance between individuals

 
Figure 1: Data types of evolutionary algorithms for visualization (selection) 

different time frame
→ one generation state of EA
→ multiple/all generations course of EA
→ multiple runs comparison of EA

 
Figure 2: Time frames of evolutionary algorithms for visu-

alization (selection) 
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rithmic scaling, the objective values must always be positive (or to be more exact: not change their sign) during an optimization 
run. The diagram in Figure 3 right, presents a run similar to Figure 3 left. By using logarithmic scaling it is possible to clearly 
see changes in the best objective values over a much longer time frame (180 generations compared to 50 generations). 
Many publications include the mean and worst objective value in the convergence diagram. However, including the worst ob-
jective value very often destroys the scaling of the diagram (especially when using globally oriented search algorithms such as 
MPEA1). More information can be extracted if the mean objective value and the standard deviation of all the objective val-
ues are included instead, Figure 3 middle. This provides a rough overview of the distribution of the objective values and is 
much better than using the worst objective value. However, we prefer other visualization techniques which provide a real pic-
ture of the distribution and values of (nearly) all the objective values (Section 5 and Section 7). 
Another simple solution to the scaling problem is to visualize only a limited time frame of an optimization run. During an op-
timization we visualize only the last 20-50 generations (10%-20% of the maximal number of generations) presenting the most 
interesting time frame. This ensures useful scaling (even without logarithmic scaling). After an optimization, we review the op-
timization results by “zooming” into interesting parts of the optimization. Figure 3 left and middle are examples of this selec-
tion of a useful and understandable time frame. 
At the end of the description of the convergence diagram we would like to present an extension which is useful when employ-
ing a special feature in the evolutionary algorithm. When the regional model is employed (MPEA1), the simple convergence 
plot can be extended to show the best objective value of each subpopulation, Figure 3 right. We can directly see the different 
behavior of the subpopulations. If all the subpopulations use the same parameters this is not really interesting. But if the sub-
populations employ different strategies we are able to get a first impression of the success of the strategies during an optimiza-
tion run. However, there is another data type which can display this information in a more direct way (see Section 6). 
The convergence diagram is a powerful visualization technique for providing an overview of the problem-specific performance 
of the optimization run. Nevertheless, we only see the best of the objective values. This is only the “tip of the iceberg”. The fol-
lowing visualization techniques start to look under the surface. 

4 How does the best individual change during optimization? 
By using the convergence diagram we are able to gain an impression of the objective value of the best individuals. On the other 
hand, the visualization of the variables of the best individual from every generation presents the background or basis for these 
objective values for the most representative diagrams of the progress of an optimization run. The user can actually see how the 
variables are changed and which combinations of variables are successful. During the run, the user is given a picture of good 
variable values. It is possible to gain a particularly good insight into the optimization results when this is combined with the 
convergence diagram. The diagrams in Figure 4 show this combination of variables and the objective value of the best indi-
viduals over the generations of an optimization run using three different example functions. 
When examining these diagrams, we can directly see: 
• whether or not large or small jumps in variable values occur during the optimization. These are an indication of exist-

ing local minima (Figure 4, top left: variables nearly always change in jumps, at the beginning in large jumps, from 
generation 40 onwards the jumps are quite small; Figure 4, top middle: around generation 50 and 150, variables 
change considerably but continuously; Figure 4, top right: only a few jumps occur, most of the variable value changes 
are quite small), 

• where the “interesting” areas of variable values are (Figure 4, top left: all variables tend to 0; Figure 4, top middle: 
variables concentrate near zero but are not identical; Figure 4, top right: each variable has its own area), 

• the correlation between variable values (Figure 5 left: all variables change at the same time together). This often 
makes an optimization much more difficult (or an evolutionary algorithm using variable mutation rates is needed, such 
as LEA2, see Section 1), 

• the correlation between changes in variable values and changes in the objective value (Figure 4, right: the large vari-
able change around generation 60 corresponds with a very large change in the objective value). This is especially use-
ful, when the convergence becomes “slower”. Visualizing the variable values can often provide information on 
whether the optimization is stuck at a local minima, or if the search is continuing. 

All the diagrams in Figure 4 top used the 2-D line plot. Each line represents the course of one variable. However, an assign-
ment between variable number and line is not possible. We cannot see which line corresponds to a given variable. The use of a 
legend and different line styles and colors can solve this problem for a few variables (up to 10 variables), see Figure 4 top right. 
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Figure 4: Combination of variables of the best individual (top row) and the respective objective values (bottom row) of many genera-

tions; left: RASTRIGIN’s function 6, MPEA1; middle: moved axis parallel hyper ellipsoid, LEA2, right: lateral control of a 
vehicle, MPEA1 

However, other techniques for presenting this data type also exist. A direct solution seems to be to use a 3-D line plot. The 3-D 
line plot, Figure 5 middle, provides the extra dimension needed to visually assign every variable to a line. However, this tech-
nique works only for systems where adjacent variables have similar values, otherwise the overview becomes completely lost. In 
addition, it is difficult to derive a variable value from the diagram at a given generation. 
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Figure 5: Visualization techniques for variables of the best individual from many generations; left: 2-D line plot; middle: 3-D line plot, 

right: 2-D image plot [ROSENBROOK’s function 2, LEA2] 

However, there is another technique which can extract all this information – the 2-D image plot, Figure 5 right. Even for a 
large number of variables and different values of adjacent variables, a good impression of the distribution and change in the 
variables is possible. This type of diagram needs some time to get accustomed to. The use of color as an extra dimension is not 
common in everyday use. Nevertheless, in our opinion this is (nearly always) the best visualization technique for presenting the 
variables of the best individual during an optimization. 
There is still one problem left. In most real-world problems each variable has its own range. To present all the variables in one 
diagram, we must scale the variables. Fortunately, the lower and upper variable boundaries are generally known (input of the 
optimization algorithm). Therefore, very different variable ranges can be circumvented by scaling the variables according to the 
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domain of each variable, thus visualizing the relative values of the variables. An example is presented in Figure 4 top right. 
This can also be used for the 2-D image plot. However, the direct information on the actual variable values is partly lost, we see 
just the relative value of the variable in its domain. 
For all variable scaling it is important to keep a zero. Thus, scaling is performed to the range of [-1, 1]. In this way we keep the 
important information of a changing sign of the variables unchanged. However, if the sign of the variables is always the same, 
we can shrink the scaling range to the positive (or negative) part. 

5 How can all objective values be shown at once? 
The previous two data types involved only the best individual of the population. To obtain an overview of the whole popula-
tion, one can visualize the objective value of all the individuals of every generation. This provides a further level of information 
about the progress (and state) of the optimization run. 
Compared to the visualization of the objective value of “just” the best individual, we gain a real overview of the distribution of 
the objective values in the population. This includes the following aspects: 
• which objective values are present in the population and at which time in the optimization run they are present, 
• whether any “attraction” levels exist, in which many similar objective values are present, 
• whether the objective values change continuously or by jumping from one level to the next. 
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Figure 6: Objective values of all the individuals of many generations; left: 2-D point plot [RASTRIGIN’s function, MPEA1], middle: 

2-D image plot employing a regional model (multiple subpopulations with competition) [sphere function, MPEA1], right: 2-
D image plot employing a one-dimensional local model [six-hump camel back function, MPEA1] 

Two techniques are demonstrated for the visualization of this data type. The 2-D point plot, Figure 6 left, shows the distribution 
of the objective values. Attraction levels and the continuous changing of the objective values can be clearly seen. The 2-D im-
age plot, Figure 6 middle and right, also shows the assignment between the objective value and the position of the individual in 
the population. In a panmictic population this is not really useful. However, when we employ the regional population model 
with or without competition between the subpopulations (MPEA1), Figure 6 middle, we can extract further information. We 
actually “see” the boundaries between the subpopulations here as well as the changing size of the subpopulations. Moreover, 
we also see the effect of migration. In generation 40 migration takes place, transferring a few good individuals between sub-
populations. Try to understand this many numbers and effects in another way - you will be lost! 
The 2-D image plot also comes in handy when analyzing the use of a local population model. A distance between individuals 
develops as selection is performed in a limited neighborhood only. Thus, information cannot spread very rapidly in the popula-
tion. This effect of the “diffusion” of good objective values in the population during an optimization run is obvious in Figure 6 
right. The visualization technique is exactly the same as the one used for the regional population model (or with a panmictic 
population). We obtain this extra information without having to carry out additional work. 
Similar to Section 4 (especially Figure 5), a 3-D point or line plot is not very useful for the presentation of all objective values 
of the population during an optimization run. The relation between the objective value and the position of the individual in the 
population is not as easy to understand as in the 2-D image plot. 
One problem remains - the scaling of the objective values. Normally, the range of possible objective values is not known. This 
range can be quite large. Because of the large changes at the beginning of an optimization run it is difficult to see the smaller 
changes at the end. Logarithmic scaling (similar to presenting the objective value of the best individuals in Section 3) is one 
possible solution to the problem. However, we chose a different one. For the scaling of the diagram we use only the better part 
of the population (85% of the individuals of the population proved useful). The objective values of all those individuals that are 
worse are set to this maximal value (just for visualization). In this way, we move the worst individuals out of the uninteresting 
area into the value range most interesting for the user. This kind of scaling was carried out in all the diagrams in Figure 6. For 
documentation purposes the percentage of the population used is shown in the title of the diagram. 
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This type of diagram is indispensable in our everyday work. Especially in many discussions with colleagues and application-
specific engineers, it has proved very useful for explaining questions about the behavior of the optimization run. We have al-
ready been able to present many insights into the optimization by combining this data type with the previous two data types 
(objective value of the best individuals, see Section 3, and variables of the best individual from many generations, see Sec-
tion 4). 

6 How do the different subpopulation strategies compare? 
For the solution of real-world applications it is often difficult to decide which of the available evolutionary algorithms are best 
suited and how the operators and parameters should be combined. The use of competing subpopulations which employ differ-
ent strategies offers an elegant solution to these questions. The application of different strategies is the result of the definition 
of specific strategy parameters for every subpopulation (e.g. different mutation and recombination operators and/or parame-
ters). In this way it is possible to specify different behavior for every subpopulation of the evolutionary algorithm. 
The extension of competing subpopulations is based on the application of different strategies. However, it goes one step further 
than that. The different strategies are not only applied simultaneously but the successful ones also receive more resources than 
the less successful ones. This leads to a dynamic distribution of resources (changing number of individuals). 
The success of a subpopulation is measured by its rank within the order of subpopulations. This approach is analogous to the 
ranking during the fitness assignment/selection process of the evolutionary algorithm. From the rank of a subpopulation we are 
able to assess the utility of a subpopulation in comparison to the other subpopulations. In this case, a low rank is better than a 
high rank. To calculate the order of subpopulations they have to be sorted according to one criterion. Since a subpopulation is 
made up of a number of individuals its quality results from the properties of its individuals. For a full description of both exten-
sions refer to [8], chapter 4 or [10]. 
The main questions during and after optimization are: 
• Which strategy / subpopulations are successful (or not successful)? 
• When is a strategy / subpopulation successful? 
Both questions can be answered by employing standard 2-D line plots of the available data on the size and/or order of the sub-
populations. The example in Figure 7 (optimization of the hyper sphere function, also called DeJong function 1) presents the 
results for competing subpopulations. 
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Figure 7: Order or size of subpopulations – 2-D line plot; left: direct visualization of the size of the subpopulations, middle: cumula-

tive size of subpopulations, right: order/ranking of subpopulations (best subpopulation gets lowest rank) [hyper sphere func-
tion, MPEA1] 

The left diagram in Figure 7 displays the absolute size of the single subpopulations while the middle diagram shows their rela-
tive size using a stacked line plot. At the beginning of the optimization, subpopulation 2 is the most successful, thus the size of 
subpopulation 2 increases. Around generation 50, the strategy of subpopulation 5 becomes more successful. Hence this sub-
population receives more resources; its size grows while subpopulation 2 decreases in size. This change between successful 
subpopulations occurs in generations 110, 210 and 340 for other strategies. 
The right diagram in Figure 7 presents the order of the subpopulation. This can be seen as the raw data of the subpopulations’ 
success rate. It offers an explicitly more detailed picture of the subpopulations’ order. Here, short time changes in the order of 
the subpopulations can also be seen. At the same time it is definitely more difficult to derive a clear picture. However, the less 
filtered data may provide a more sophisticated answer, especially in cases which are not as clear-cut as the one presented. 
Regarding the visualization, no special requirements need to be adhered to for these diagrams since all employ a standard 2-D 
line plot. The use of distinguishable line styles should be standard. The use of the stacked line plot in the middle diagram in 
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Figure 7 is a special peculiarity. The number of individuals in the middle diagram results from the distance between two con-
tiguous lines. This adds the advantage that the index of each subpopulation can be identified without a legend. The first sub-
population is at the bottom of the diagram, the second is above and the last one is at the top. Even for 15 or more subpopula-
tions (when a legend would get far too large) this diagram still provides the necessary information and we need only a few dif-
ferent line styles to distinguish between adjacent lines. Thus, this type of diagram can be scaled to a much higher number of 
subpopulations than the other two diagrams. 

7 Objective values of all the individuals of one generation 
All the previous visualizations presented the course of the optimization. Yet there is always a point at which these “overviews” 
deliver a picture which is too rough. For these areas more detailed diagrams are needed, which present the state of the popula-
tion or the optimization in detail. The objective values of one population are the first stage of this deeper detailing. 
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Figure 8: Objective values of all the individuals of a population in one generation; left: 2-D point plot, middle: 2-D filled stairs plot 

[hyper sphere function, MPEA1], right: 2-D image plot employing a two-dimensional local model [six-hump camel back 
function] 

Figure 8 presents three techniques for visualizing the objective values. The 2-D point plot in Figure 8 left is straightforward. By 
using a filled 2-D stairs plot, Figure 8 middle, the differences within the population and between adjacent individuals become 
more apparent. Both diagrams display a population divided into subpopulations. The dotted lines mark the boundaries between 
the subpopulations. Thus, these diagrams also present information about the relative performance of the subpopulations in 
greater detail than the diagrams in Figure 7. 
Figure 8 right employs a 2-D image plot to visualize the two-dimensional neighborhood of the objective values when using a 
two-dimensional local model. A sequence of such diagrams shows the diffusion of good objective values through the popula-
tion during an optimization run. 

8 Variables of all the individuals of one generation 
The visualization of the variables of a population’s individuals provides a very detailed insight into the distribution of the indi-
viduals, the distance between them and their concentration in one or more areas. However, because of the enormous amount of 
information involved, the technique chosen for visualization is important. 
Figure 9 shows two techniques at three different stages of an optimization run. The upper row of diagrams shows a 2-D line 
plot of the variables of the best individual together with the mean and the standard derivation of the variables of all the indi-
viduals. The sequence of three diagrams displays the change in the variables’ values and their distribution. The lower row 
shows the same data as a 2-D image plot. Due to the additional dimension of the image plot the data does not need to be com-
pressed, but can be displayed directly. Comparing both diagram types we can see that the contents of the lower row can be re-
trieved more easily and in a more intuitive manner. 
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Figure 9: Variables of all the individuals of a population: 2-D line plot of the best (thick line) and the mean individual including stan-

dard derivation of all the variables at three stages of an optimization run; left: beginning of the run, middle: middle of the 
run, right: end of the run 

All the data types and techniques visualizing the state of a population or the evolutionary algorithm should be used in a se-
quence of the respective diagrams during an optimization run or afterwards. The animation of these diagrams can reveal new 
and extended information and insights into the issue under investigation. The only problem is that these animations are hard to 
present in print. On the other hand, more and more papers are being published on-line, hence this restriction should diminish 
over the next years. 

9 Concluding remarks 
In this paper we have reviewed a number of visualization techniques for understanding the evolutionary optimization process. 
They provide a baseline for analyzing the behavior of the course and state of the evolutionary algorithm. Beginning with the 
convergence diagram, each of the data types presented provides more details of the optimization run. By selecting and combin-
ing diagrams of different data types the “necessary” level of detail can be defined. 
The question remains of how data types and diagrams can be combined best. There is no simple answer to this question. The 
standard behavior in [7] is to use all 6 data types. This could be quite a lot of information, but the user gains an impression of 
the available data (and hopefully tries to understand it). 
A good combination using a lower number of diagrams would be: 
• the convergence diagram (Section 3), 
• the visualization of the variables of the best individuals of all the generations (Section 4) and 
• the objective values of all the individuals in the population of all the generations (Section 5). 
The visualization techniques presented were applied in the course of solving real-world problems using evolutionary algo-
rithms. Thus, these techniques are used in everyday work, have proved informative (see [8]), and could answer more than 95% 
of our questions regarding the behavior of the evolutionary algorithms employed. An implementation of all of these and addi-
tional techniques can be found in [7]. 
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