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1. Introduction  
 
Segmentation is a key step in object-based image analysis, for it is responsible for 
generating the fundamental building blocks of the analysis process. In the context of a 
specific image interpretation problem, the quality of segmentation can be best expressed by 
its basic goal: the delineation of meaningful objects, which will be subjected to further 
processing in subsequent steps of the interpretation process.  

 
In order to produce the desired outcome, considering particular object classes and the 
different spectral and spatial characteristics of the available digital images, most 
segmentation algorithms must be tuned, which means that proper segmentation parameters 
values must be found for each particular class of problem. Generally, however, the relation 
between those and the corresponding segmentation outcome is not obvious, and the 
definition of suitable values is usually done manually, through a time consuming trial-and-
error process.  

 
Segmentation Parameters Tuner (SPT) is a software prototype developed for research 
purposes – with no commercial intention – at the Computer Vision Lab (LVC) in the 
Electrical Engineering Department at the Catholic University of Rio de Janeiro (PUC-Rio) 
(www.lvc.ele.puc-rio.br). SPT implements a particular approach to the tuning of 
segmentation parameter values, in which a Genetic Algorithm (GA) searches the parameter 
space for (nearly) optimum values. Optimality is established by an objective function that 
measures the level of agreement between the segmentation outcome and a set of reference 
samples.  

 
Operation of SPT usually consists of a few simple steps. First, the user selects an image (or 
a set of images), which will be subjected to segmentation, and draws a set of reference 
segment samples through SPT’s graphical user interface (GUI). A segmentation procedure 
is then chosen, as well as the objective function that will drive the GA’s search. Finally, the 
GA search engine is started. At the end of the evolutionary process, SPT delivers a set of 
parameter values for the selected segmentation procedure, as well as a label image with the 
outcome of the segmentation.  

 
Additionally, SPT can be used to simply run the segmentation procedures coded into the 
software, with parameters arbitrarily defined by the user or previously found through 
genetic evolution. 
 
Currently there are three segmentation procedures coded into SPT and two objective 
functions are available. A brief description of the prototype components will be given in the 
subsequent sections. After that, the elements of SPT’s GUI will be presented.  
 
SPT only handles TIFF files. These may be of any format and in any combination of 
formats, if two or more images of a scene are intended to be used as inputs for a particular 
segmentation experiment. SPT users must be aware that, in case of multi-page files, ALL 
pages are read. Thus, if one wishes the prototype to process only the first, all the bands 
corresponding to the subsequent pages in the file must have their weights manually set to 
“0” (zero). This will automatically disable the band weight tuning when running an 
evolution (see Section 3 for further notice). That being said, previously breaking such files 
into individual images might be a better option, in cases where only a single page is meant 
for segmentation. 
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2. System Components  
 

2.1. Overview  

In SPT, a Genetic Algorithm (GA) evolves the values of each segmentation parameter, in a 
process driven by a set of reference segments provided (drawn) by the user. The problem 
SPT tackles can be stated as: given a particular segmentation procedure and a set of 
reference segments, what parameter values will lead to a segmentation outcome that is as 
similar as possible to the reference segments?  
In evolutionary computing terms, individuals represent potential solutions for a given 
problem, and their relevant characteristics with respect to the problem are called genes. A 
population is a set of individuals in a particular generation, and individuals in a population 
are graded as to their capacity to solve the problem. That capacity is determined by a fitness 
function, which indicates numerically how good an individual is as a solution to the 
problem (Michalewicz, 1999).  

The initial population (the first generation of individuals) is created by setting random 
values for the genes of each individual. After fitness evaluation, a new population is created 
by substituting the (or just the worst) individuals of the prior population. New individuals 
are created by altering the gene values of (usually) the fittest individuals from the prior 
generation through genetic operations, which include mutation and genetic crossover. 
 
 

 
Figure 1. GA’s basic process 

 

In SPT’s specific GA implementation, an individual consists of genes representing the set 
of segmentation parameters. The fitness of a solution (individual) is calculated by 
comparison of the segmentation they yield with the user-provided reference (Figure 2).  

The selection of individuals for reproduction takes the fitness values into consideration, so 
that the fittest have a larger probability of being picked out. The evolutionary process stops 
after a fixed number of generations, and the gene values of the fittest individual are taken as 
the final adapted segmentation parameters. 
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Figure 2. Fitness evaluation 
 

The general model shown in Figure 2 is independent of the segmentation procedure and of 
the fitness function used for the evaluation of the GA’s individuals. However, SPT users 
can 7 only choose among the three segmentation procedures (Section 2.2) and the two 
fitness functions (Section 2.3) currently coded into the prototype.  

The system’s GUI calls SPT’s engine, which consists of a single executable file. The engine 
can optionally be executed via the command line console of the operating system (see 
Section 5.2).  

It should be made clear that the user can not only evolve segmentation parameters, but 
also run the segmentation procedures independently, i.e. with any chosen set of 
parameters. 
 

2.2. Segmentation Procedures 

Currently three segmentation procedures are coded into SPT:  

 

2.2.1. Baatz Segmentation Procedure  

This segmentation procedure is based on the region growing segmentation algorithm 
proposed in (Baatz and Shäpe, 2000). It is identified as the Baatz segmentation procedure in 
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SPT. The algorithm is a stepwise local optimization procedure that minimizes the average 
heterogeneity of the image objects  

The heterogeneity criterion is defined by the values of the following parameters: the color 
weight (w

color
), the compactness weight (w

cmpct
) and the spectral band weights (w

band
). 

 

2.2.2. Spring Segmentation Procedure  

The Spring segmentation procedure is the region growing segmentation algorithm coded 
into the Spring software, developed by INPE (the Brazilian National Space Research 
Institute). A detailed description of this segmentation procedure can be found in (Alves et 
al., 1996).  

The procedure has two parameters: similarity – the maximum allowed Euclidean distance 
between the mean digital numbers in each image band of two neighboring segments, for the 
segments to be merged; and area – the minimum area to be considered as a segment, 
defined in number of pixels. 
 

 

2.3. Fitness Functions  

The fitness of an individual (a set of segmentation parameters) indicates how good the 
segmentation of the input image(s) is, in comparison with the reference segmentation. In 
mathematical terms, given a set of reference segments S and a parameter vector P, a fitness 
function F(S, P) that appropriately expresses the goodness of a segmentation outcome must 
be defined. Once the fitness function F is chosen, the task of the GA consists in searching 
for the parameter vector P

opt
, for which the value of F is minimum: 

 
 
 
 
 
 

Currently two fitness functions are coded into SPT’s engine; they will be described in the 
following sections. 
 

2.3.1. Reference Bounded Segments Booster  
 
The Reference Bounded Segments Booster fitness function is formally defined as follows. 
Let S

i 
denote the set of pixels belonging to the i-th segment of the set S. Let O

i
(P) denote the 

set of pixels belonging to the segment with the largest intersection with S
i 
among the 

segments produced by using P as parameter values of the segmentation algorithm. The 
fitness function is then given by the equation below, in which ‘-‘ represents the set 
difference operator, ‘#( )’ is the cardinality function, and n is the number of segments in the 
set S. 

 
 
 

Figure 3 shows graphically the components of the proposed fitness function. The region 
with the solid contour represents a referent segment S, and the region with the dashed 
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contour 8 represents O(P). Notice that a perfect match between the reference segmentation 
and the output segmentation corresponds to F=0. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3. Graphical representation of the entities featured in the Reference Bounded Segments 

Booster fitness function 
 

It is important to point out that S does not need to represent a complete segmentation of the 
input image – where every pixel of the image would belong to a segment in S. Actually if S 
represents a complete segmentation, we would be looking for the best set of parameters that 
can properly segment all different objects on an image. 
 
 

2.3.2. Larger Segments Booster  

The Larger Segments Booster fitness function is formally defined as follows. Figure 3 
depicts all entities featured in the function devised for the parameters tuning and given by 
Equation (3). 

 

 

 

 

 

 

 

Figure 4. Graphical representation of the entities featured in the Larger Segments Booster fitness 
function 
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Let us first assume that there are n reference segments delineated by the analyst. We denote 
by S

i 
(for i=1,…n) the i-th reference segment, and #(S

i
), its area expressed in pixels. Let also 

SO(P)
i 
be the set of segments produced by the segmentation algorithm – with P as the 

parameter values – that have at least half of their pixels intersecting S
i
. With some abuse of 

9 notation, the symbol SO(P)
i 
stands, as well, for the set of pixels belonging to any segment 

in SO(P)
i
. Let us further consider: 

 

• fp
i 
as the number of pixels in SO(P)

i 
that do not belong to the i-th reference segment; the 

so-called false positives;  

• fn
i 
as the number of pixels in the i-th reference segment that do not belong to SO(P)

i
; the 

so-called false negatives;  

• b
i 
as the number of border pixels in SO(P)

i 
that intersect the i-th reference segment area; 

and  

• NS as the number of empty SO(P)
i
.  

The fitness function then used by the GA to measure the segmentation quality is defined as 

 

The behavior of the function given above is worth being considered with care. First, both fp
i 

and fn
i 
terms favor solutions with a tight overlap with the reference segments, which most 

likely leads to solutions consisting of numerous small (in the limit of single-pixel) 
segments. 

The b
i 
term counterbalances this effect by granting a lower score to solutions with few, 

larger, segments. 

Equation (3) yields F=0, IF there is a perfect match between a solution and the set of 
reference segments. 

 

2.4. Genetic Algorithm  

This section will – hopefully – provide the user with the ground tools for developing some 
insights into setting the GA parameters. 

The GA has parameters of its own (that can be set through the system’s GUI), which also 
require tuning. At a first glimpse this may seem rather strange, since they outnumber the 
segmentation parameters themselves. 
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However, aside from their lower sensitivity, one hás a better clue to the definition of their 
values. They are divided into two groups: general and operators parameters. 

The first group concerns the following attributes: 

 

1) Number of Experiments  

Reduces the algorithm’s inherited random quality. It’s the number of times the GA 
will be executed with a particular configuration. If the algorithm is set to converge 
to the (nearly) global optimum, then all these trials should resegmentation fitness. 
Otherwise, another GA parameters configuration should be tried out.Ten 
experiments is the number often adopted. 

 

2) Number of Generations 

 Measures the evolution cycle lenght. That is, how many times a group of possible 
solutions (population) will be processed – after their “birth” – during the search for 
the (near) best. 

 

3) Population Size  

Number of individuals in a population. Larger populations have a greater genetic 
variety hence needing more time (generations) to converge. 

 

4) Normalization  

Fitness normalization interval. If all solutions in a group tend to have a fitness 
degree close to one another, then normalizing them allows a comparative and thus 
more realistic evaluation assessment. The [1 100] interval is the “classical” choice 
for the fitness normalization. 

 

5) Steady State (GAP)  

Percentage of a population that won’t remain in the next generation. Higher 
percentages also lead to a wider diversity. Keeping the best offspring(s) of a 
generation, however, results in a faster convergence rate and guarantees that a fair 
amount of high quality genetic material will remain among the population in the 
next generations. One should, however, have in mind that radical eugenics has 
historically never brought about the best consequences for mankind. 

 

 

Regarding the latter group: 

 The genetic operators may be roughly subdivided  into “crossover” and “mutation”. 
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1) Crossover 

Exploits the genetic material of a population. This operator combines the 
characteristics of different solutions, in order to (hopefully) generate a better 
offspring. The richer (more diverse) the population, the more significant the usage 
of this operator. 

 

2) Mutation  

Explores the search space. Prevents the algorithm from being stuck in a local 
minimum, especially at the end of the evolution process. If rates are too high, the 
GA will resemble a random search algorithm. 

 

The general guidelines on those two operators are: 

• mutation rates should be kept lower, although increasing towards the end of na evolution 
cycle. 

• crossover rates are comparatively much higher and (in most cases) their rate should drop 
as the end evolution approaches. 

Naturally, all these seven parameters are somewhat interdependent. More experienced users 
may play around with them to achieve – especially – a faster convergence rate. However, 
itshould be made clear that if fixed – reasonable – values are set for the operators’ 
parameters, the GA most likely to converge by changing solely the general ones. 

Steering the focus to the general operators, one can make the GA parameters calibration 
procedure even coarser. Since normalizing the fitness evaluations is never crippling, it 
could be adopted as a default measure. Regarding the steady state, is advisable to always 
maintain some portion of the best individuals throughout the generations, say 20%, which 
means a GAP of 80%. If one performs the same experiment a certain number of times 
(again, 10 seems a perfectly sensible choice) – so that convergence assessment is 
guaranteed – they’re left with two remaining parameters: population size and number of 
generations. The latter represents the evolution cycle, or rather, how many times the 
searching heuristic needs to be executed until convergence. Thus, by overestimating this 
parameter – say, assigning 100 generations to the GA – convergence is assured. Taking all 
these issues into account, the most sensitive parameter is usually the former, which means 
that by granting the GA with a convenient population, it is most likely to converge to a 
(nearly) optimum. 

All genetic operators featuring the SPT software were implemented exactly as described in 
(Michalewicz, 1999). This book actually provides a neat description of the overall GA 
functioning, supplying the reader with numerical examples. It’s a keen reference for users 
seeking a tighter control of the whole evolution process. 

3. User Requirements  

SPT runs on Windows
® 
XP / Vista / 7 (32 bits) operation systems. 

The following Microsoft
® 

releases must be installed, prior to running the application.  

• Microsoft .NET Framework 3.5 Setup (dotNetFx35setup.exe)  
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• Microsoft Visual C++ 2008 Redistributable Setup (vcredist_x86.exe)  

 
For installation to be completed, they must fetch data from the WEB, so make sure the 
computer is on-line, before executing these files.  

Both files are available in the SPT installation package. However, they can also be 
downloaded from:  

http://www.microsoft.com/downloads/details.aspx?displaylang=en&FamilyI

D=333325fd-ae52-4e35-b531-508d977d32a6 

 

http://www.microsoft.com/downloads/details.aspx?familyid=9B2DA534-

3E03-4391-8A4D-074B9F2BC1BF&displaylang=en 

 

4. Installation 
 

The user must download the SPT Setup on page www.lvc.ele.puc-rio.br  and perform 
the following steps: 
 
 
The user must choose the language of the installer SPT Setup and click OK to continue. 
 

 
Figure 12. Select the Language 

Welcome screen to install wizard SPT 2.0. Click Next to continue. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 13. Setup Window 
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The user can choose the folder where the SPT 2.0 will be installed and click Next to 
continue. The Program Files directory is chosen by default. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 14. Select Destination Location 

The user can choose the location where will create the program’s shortcut and click Next to 
continue. By default, the setup will create a SPT directory in the Start Menu folder. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 15. Select Start Menu Folder 
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The user can select the option Create a desktop icon to create an additional icon to SPT 
2.0 on the desktop. Click Next to continue. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 16. Select Additional Tasks 

Setup is now ready to begin installing SPT 2.0 in your computer. Click Next to continue. 
 

 

 

 

 

 

 

 

 

 

 

Figure 17. Ready to Install 

 

The user can select the option Launch SPT to run the program after setup window close. 
Click Finish to complete the installation. 
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Figure 18. Completing the SPT Setup Window 

 

5. Graphical User Interface 
 
The GUI is organized in four different windows: 

• Reference Editor Window – where the user can select the image(s) to be segmented and 
draw the reference segments for fitness evaluation. 

• Evolution Window – through the window the user can: select the segmentation procedure 
to be tuned and the fitness function to be used by the GA; set, load, save or Edit the GA 
parameters, and command the execution of the genetic tuning process. 

• Segmentation Window – through the window the user can command the execution of a 
segmentation procedure independently of the tuning process – the user can select  a 
segmentation procedure and set its parameters manually. 

• Bands Window – where the user control the appearance of the image(s) selected for 
segmentation, by defining whose bands will be shown in wich display channel (red, green 
or blue). 

The following sections describe the functionality of the visual controls on the SPT’s 
windows. 

5.1. Reference Editor Window 

When the user starts the program this is the main window. 

The Reference Editor Window has two basic functionalities: to open the image(s) that will 
be subjected to segmentation – hereafter denoted as the input image – and to edit the 
reference image, a label image that contains the reference segments used in the genetic 
tuning process. 
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Figure 5. Reference Editor Window 

The user can open only one input image. After selecting the input image, the system 
automatically opens the Bands Window, where the user should select which bands will be 
shown in each display channel (red, blue or green). The reference segments are created 
from the use of buttons on the left sidebar on the window. 

The buttons on the Reference Editor Window has the following features: 

•  - Opens the painel image to be processed by the user. 

•  - Opens an existing reference image. 

•  - Saves the current reference image. 

•  - Deletes the current reference image. 

•  - Creates a new references segment. After pressing this button, the user must click on 
the image to insert vertices of the new segment. 

•  - Edits the vertices belonging to a segment on a reference image. After pressing this 
button, the user can drag the vertices to modify the segment. 

•  - Deletes segments from the reference image. After pressing this button, the user must 
click over the segment to be deleted on the reference image. 

5.2. Evolution Window 

Through the Evolution Window, the user can define the parameters of the genetic tuning 
process and initiate its execution. 
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The users are encouraged to adopt the default values for these parameters, which are 
expected to work fine for most applications. 

Nevertgeles, SPT allows to set up these paremeters to achieve a faster convergence of the 
GA. The input image for the tuning process may be selected through the Reference Editor 
Window. It is important to notice that all bands of the input image will be considered in the 
process, and not just those selected to be displayed. 

On this window, the user can select the segmentation procedure to be tuned (Section 2.2); 
the fitness function (Section 2.3) and the reference image (Section 3.2) to be used in the 
tuning process. They can also define the name of the output files. 

Figure 6. Evolution Window 

Description of its specific fields and buttons: 

 

•                                                                    - GA general parameters.  
 
 
 

 

•  - Loads a previously saved GA parameter file. 
 

•  - Saves de GA parameters in a text file. 
 

•  - Allows editing the GA parameters. This button opens the GA Operators 
Panel Pop-Up Window (user unacquainted with the GA theory should use the default 
values). 
 

•  - Disables band weight tuning. Check this box for setting fixed 
weight values for each band in the Band Weights Settings Window (redirection is 
automatic).     
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•  - Memory allocation type: Disk or RAM – it is advisable to select 
“Disk” for the Baatz segmentation procedure and “RAM” for the Spring segmentation 

procedure. 
 
 

•  - Selects the segmentation procedure. 
 

•  - Defines the ranges of the segmentation procedure parameters.  
 
 

•   - Selects Fitness Function 
 
 

•  - Sets the name of the output files.  

•  - Shows de output file. 
 

•  - Runs the genetic tuning procedure. 
 

The GA Operators Panel Pop-Up Window is depicted in Figure 7. It contains all the GA 

operators configuration parameters: 1
st 
column – Initial Rate; 2

nd 
column – Final Rate, 3

rd 

column – Relative Weight.  

See Section 2.4 for further reference. 
 
 
 
 
 
 
 

 
 
 
 
 

Figure 7. GA Operators Pop-Up Window 
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5.2.1. Band Weighting 
Although the input image band weights are parameters of both Baatz segmentation 

procedure (Sections 2.2.1), the user can decide not to tune them and define arbitrary values 
for those parameters instead. 

In order to do that, the user must check the Disable Band Weight Tuning box in the 
Evolution Window. In this case, the user will be automatically redirected to the Band 
Weighs Settings Window. 

 

 

 

                               

                              Figure 8. Band Weights Settings Window 

Additionally, SPT’s evolution feature may be used to evaluate the fitness of a particular 
segmentation parameters set, which is equivalent to a one-individual-only evolution 
process. 

To do so, the user must set the Nº Experiments, Population Size and Nº Generations fields 
to 1 and tighten the segmentation procedure parameter ranges, so that both the Min. and 
Max. fields are assigned the same (desired) value. If running the Baatz segmentation 

procedure, the user must also disable the band weights tuning in order to set their values.  

5.2.2. Output Files 
Three results are generated by the tuning process: 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 9. Evolution Chart  

 

1) A text file with the prefix “ev” – contains information regarding both the 
configuration parameters and the tuned segmentation parameter values.  
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2) Evolution Chart – shows the evolution process, taken by the mean of experiments, 
and the average best fitness value (Figure 9). It is recommended checking this plot 
to verify whether the GA has converged to a solution. If it didn’t, SPT should be 
executed again, possibly increasing the number of generations, or changing some of 
GA options shown in Figure 7.  

3) Segmented Images – each segmentation procedure has its own set of particular output 
images.  

5.3. Segmentation Window 

 
Through this window, the user can command the execution of a segmentation procedure 
independently of the tuning process. The user must select a procedure and manually set its 
parameter values before commanding the segmentation.  

At the end of the process, the system will show the segmentation results. Each segmentation 
algorithm has its own set of particular output images. 

 

Figure 10. Segmentation Window  

Description of its specific fields and buttons: 

•  - Selects the segmentation procedure.  

•  - Defines the values of the segmentation procedure parameters.  
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•  - Memory allocation type: Disk or RAM – it is advisable to select 
“Disk” for the Baatz segmentation procedure and “RAM” for the Spring segmentation 

procedure.  
 

•  - Loads a previously saved segmentation parameter file.  
 

•  - Saves the segmentation parameters in a text file.  
 

•  - Sets the name of the output files.  
 

•  - Shows the output files.  
 

•  - Runs the segmentation procedure.  
 

5.4. Bands Window 

 
Through this window, the user can control the appearance of the input image(s) selected for 
segmentation, by defining which band will be shown in each display channel (red, green 
and blue). The selected composition will be displayed in the input image panels of the 
Reference Editor, Evolution and Segmentation windows. 

Figure 11. Bands Window 

Description of its specific fields and buttons: 
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•  - Defines which band will be shown in the red 
display channel.  
 

•  - Defines which band will be shown in the green 
display channel.  
 

•  - Defines which band will be shown in the blue 
display channel. 
 

•  - Generates the composition and moves back to the Reference Editor 
Window.  
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