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1. Introduction 
 

Segmentation is a key step in object-based image analysis; it is 

responsible for generating the fundamental building blocks for further 

analysis. 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. It means that 

proper segmentation parameters values must be found for each particular 

kind 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 free tool developed for 

research purposes – with no commercial intention – at the Computer Vision 

Lab (LVC) of the Electrical Engineering Department at the Catholic University 

of Rio de Janeiro (PUC-Rio) (http://www.lvc.ele.puc-rio.br/wp/). SPT 

implements a particular approach to the tuning of segmentation parameter 

values, in which a pre-defined optimization algorithm 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, which will be subjected to segmentation, and a reference 

file is loaded (raster image or an ESRI Shapefile with the reference polygons 

for certain class), which contains a set of reference segment samples. Then, 

a segmentation procedure is chosen, as well as the objective function that will 

drive the selected optimization algorithm. Finally, when the RUN button is 

pressed, the optimization step begins. At the end of this process, SPT delivers 

a set of parameter values for the selected segmentation procedure, as well 

as a raster image and an ESRI Shapefile with the segmentation outcome. 

 

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 an optimization process. Furthermore, SPT could be 

used to assess a segmentation outcome given a certain reference (raster 

image or an ESRI Shapefile) using one of the seven metrics implemented. 



 

Currently SPT is in its third version, SPT 3.1.0 [1] [2] . There are five 

segmentation procedures available, seven objective functions to be 

minimized by four different optimization algorithms. 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. 

 

 

2. System Components 
 

Let’s see the components of SPT 3.1.0 as well as the methodology 

followed to find the optimal parameters values of each segmentation 

procedure. 

 

 

2.1. Overview 

 

The methodology followed by SPT 3.1.0 to find the optimal parameters 

of a segmentation algorithm is illustrated in Figure 1, let’s see each step in 

detail: 

 

 Parameter Initialization: It is an initial set of parameters where the 

search for optimal values will begin by the optimization algorithm. 

 

 Input Image: the image to be segmented. 

 

 Segmentation: This phase segments the image using one of the five 

segmentation algorithms available. 

 

 Reference Segments: The reference segments are given by the 

user using a raster image or an ESRI Shapefile. They represent the 

ideal segmentation outcome. 

 

 Fitness Function: It contrasts the segmentation outcome against the 

reference segments. There are seven different fitness functions 

available in SPT 3.1.0. 

 

 Optimization: This phase provides new set of parameters values 

that are used by the segmentation procedure. There are four 

different optimization approaches available in SPT 3.1.0. 

 

 



Then, based on these processes, SPT 3.1.0 calculates the optimal set 

of parameters values for the selected segmentation procedure. Firstly, the 

input image is segmented with a set of initialization parameters values. 

Later, the fitness function, which measures the dissimilarity between the 

segmentation outcome and its references, is calculated. If this is its 

minimum value, then, the optimal set of parameters values have been 

found. However, if it is not its minimum value, the optimization phase 

provides a new set of parameters to test. This process is repeated 

iteratively until a convergence criterion is reached (e.g. maximum number 

of iterations, minimum error, etc.). 

 

 
 

Figure 1 Methodology followed by SPT 3.1.0. 

 

 

2.2. Segmentation Procedures 

 

There are five Segmentation procedures considered in the 

implementation of SPT 3.1.0 for the optimization phase. One more 

segmentation algorithm is available only for the segmentation phase 

(when a segmentation algorithm is executed using the parameters given 

by the user). A brief description of each one will be given. For further 

information, review the corresponding references of each segmentation 

algorithm. 

 



2.2.1.  Multiresolution Region Growing segmentation 

 

Proposed by Happ [3], this segmentation procedure is based on the 

region growing algorithm proposed by Baatz & Schäpe [4]. The algorithm 

is a stepwise local optimization procedure that minimizes the average 

heterogeneity of the image objects. 

The main difference between this algorithm and the proposed by 

Baatz & Schäpe is in the shape features used to calculate the 

heterogeneity criterion. Instead of using Smoothness, Happ uses Solidity 

as shape feature. This algorithm has three main parameters: the color 

weight, the compactness weight and a scale parameter. This last one 

parameter controls indirectly the size of the final segments. 

The input images for this segmentation algorithm are BMP and 

Hyperspectral images in HDR format. 

 

 

2.2.2.  Mean Shift segmentation 

 

Proposed by Comaniciu & Meer [5], Mean-Shift algorithm is a 

clustering-based approach focused on finding local extrema in the 

density distribution of a data set. Firstly, a search window is defined (with 

certain probability density distribution), then, its center is shifted to the 

current center of mass of the data inside the window. It is repeated until 

the search window stops moving. 

The search window’s probability density distribution is defined by a 

multivariate Gaussian that considers two kinds of features: Spatial 

(location) and Intensity. Then, there are two radiuses that have to be 

defined: the spatial radius and a spectral radius. The final minimum area 

of each segment is a parameter to be tuned too. The input images for this 

segmentation algorithm are Optical and Hyperspectral images in HDR 

format. The hyperspectral version of this algorithm was adapted from the 

EDISON’s Mean Shift implementation [6]. 

 

2.2.3.  SPRING segmentation 

 

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 [7]. 

 The procedure has two main parameters: the minimum Euclidean 

distance between the mean of spectral values of each segment and the 

minimum area to be considered as a segment, defined in number of 

pixels. Also, the maximum number of iterations is a parameter to be 



tuned. The input images for this segmentation algorithm are Optical and 

Hyperspectral images in HDR format. 

 

2.2.4.  Graph-based segmentation 

 

Proposed by Felzenszwalb & Huttenlocher [8], this approach 

models the image as an undirected graph where each pixel is 

represented by a vertex. Each edge of this graph has an associated 

weight which measures the dissimilarity between two pixels. 

Firstly, each pixel is considered a segment. Then, each segment is 

merged with its neighboord only if the external variation between them is 

small with regard to their respective internal variations. How much greater 

could be one with respect to the other is defined by a constant 𝐾 that 

controls indirectly the size of the final segments. A Gausian smoothing is 

applied at the beginning of the segmentation, where its standard 

deviation is an input parameter too. The minimum area for the final 

segments is a parameter to be tuned too.  

The input images for this segmentation algorithm are Optical (no 

more than three bands) and Hyperspectral images in HDR format. The 

hyperspectral version of this algorithm was done form the original source 

code provided by the author. 

 

2.2.5.  Multiseg segmentation 

 

 It is an extension of the algorithm proposed by Sousa Jr. [9]. It 

processes multiband intensity images (optical and SAR) over an image 

pyramid (compression levels). A region growing approach is applied in 

each compression level. Then, a border adjustment/refinement is 

performed in each decompression (transition from a compression level 

to a lower one). A re-segmentation is done for heterogeneous regions. It 

was implemented in C++ using TerraLib libraries. 

  

 The main parameters are the following: 

 

𝑁 : Number of compression levels. 

𝑆𝑖𝑚𝑖𝑙0 
: Similarity threshold (dB) for decision on region 

growing/merging. 

𝐶𝑜𝑛𝑓% 
: Confidence level (%) for 

homogeneity/hypothesis tests. 

𝐸𝑁𝐿 
: Equivalent number of looks of the original 

image. 

𝑀𝑖𝑛. 𝐴𝑟𝑒𝑎 : Minimum area size (pixels) of final regions. 



 

2.3. Fitness Functions 

 

A fitness function indicates how good the segmentation outcome is. 

Currently, SPT 3.1.0 has seven different fitness functions to evaluate the 

segmentation result. They will be described in the following sections. 

 

 

2.3.1. Hoover index (𝑯) 

 

Proposed by Hoover et al. [10], it compares a segmentation 

outcome 𝑆 with its ground truth 𝐺𝑇. This index consideres five types of 

segments classifications: correct detection, over-segmentation, 

under-segmentation, missed and noise. Only correct detections are 

considered for the fitness function. 

A correct detection occurs when the number of pixels in the 

intersection betweem two segments is greater than a 𝑇 percent of the 

pixels in each one of that segments. Let’s be 𝑂𝑖, 𝑂𝑗 and 𝑂𝑖𝑗 the number 

of pixels in the segments 𝐶𝑖, 𝐶𝑗 and its intersection 𝐶𝑖 ∩ 𝐶𝑗. Then, it is 

considered a correct detection when: 

 

𝑂𝑖𝑗 ≥ 𝑇 × 𝑂𝑖        ⋀          𝑂𝑖𝑗 ≥ 𝑂𝑗 (1) 

 

Finally, the fitness function is defined as follows: 

 

𝐻 = 1 −
𝐶𝐷

𝑁𝐺𝑇
 (2) 

 

where 𝐶𝐷 is the number of correct detections and 𝑁𝐺𝑇 represents the 

number of segments in the 𝐺𝑇 image. 

 

 

2.3.2. Area-Fit-Index (𝑨𝑭𝑰) 

 

Proposed by Lucieer [11], is defined as follows: 

 

𝐴𝐹𝐼 =
1

𝑁𝐺𝑇
∑

𝐴𝑘 − 𝐴𝑙.𝑖.𝑘

𝐴𝑘

𝑁𝐺𝑇

𝑘=1

 (3) 

 

where 𝐴𝑘 is the area, in pixels, of a reference segment 𝐶𝑘 in the 𝐺𝑇 image 

and 𝐴𝑙.𝑖.𝑘 is the area, in pixels, of the segment, in the segmentation 



outcome 𝑆, with the largest intersection with the reference segment 𝐶𝑘. 

𝑁𝐺𝑇 is the number of segments in the 𝐺𝑇 image. 

 

2.3.3. Shape Index (𝑺𝑰) 

 

This index addresses the polygon form. It is defined as the ratio 

between the area and the perimeter of a segment 𝐶𝑘. 

 

𝑆𝐼𝑘 =
𝜌𝑘

4√𝐴𝑘

 (4) 

 

where 𝜌𝑘 is the perimeter of the reference segment 𝐶𝑘 and 𝐴𝑘 is its area. 

Then, the final index is defined as follows [12]: 

 

𝑆𝐼 =
1

𝑁𝐺𝑇
∑ (

𝜌𝑗

4√𝐴𝑗

−
𝜌𝑖

4√𝐴𝑖

)

𝑁𝐺𝑇

𝑗=1

 (5) 

 

where 𝑁𝐺𝑇 is the number of segments in the 𝐺𝑇 image, 𝜌𝑖 and 𝜌𝑗 are the 

perimeters of the segments 𝐶𝑖 and 𝐶𝑗, and 𝐴𝑖 and 𝐴𝑗 are their respective 

areas. 

 

2.3.4. Rand Index (𝑹𝑰) 

 

Proposed by Rand [13], is a clustering evaluation measure. Let 𝐼 =

{𝑝1, … , 𝑝𝑁} be the set of pixels of the original image and consider the set 

of all pairs of pixels 𝒫 = {(𝑝𝑖, 𝑝𝑗) ∈ 𝐼 × 𝐼|𝑖 < 𝑗}. Moreover, 𝐶𝑖, a segment 

in the segmentation 𝑆, and 𝐶𝑗, a segment in the 𝐺𝑇 image, are considered 

as partitions of the image 𝐼. Then, 𝒫 is divided into four different sets 

depending on where a pair (𝑝𝑖, 𝑝𝑗) of pixels falls: 

 

 𝒫11: in the same segment both in 𝐶𝑖 and 𝐶𝑗. 

 𝒫10: in the same segment in 𝐶𝑖 but different in 𝐶𝑗. 

 𝒫01: in the same segment in 𝐶𝑗 but different in 𝐶𝑖. 

 𝒫00: in different segments both 𝐶𝑖 and 𝐶𝑗. 

 

Finally, the Rand Index is defined as follows according to [14]: 

 

𝑅𝐼 = 1 −
|𝒫𝑜𝑜| + |𝒫11|

|𝒫|
 (6) 

 



2.3.5. Precision and Recall (𝑭) 

 

Given a segment from the segmentation outcome 𝑆 (red segment 

in Figure 2) and a segment from its ground truth 𝐺𝑇 (green segment in 

Figure 2), then, there are four different regions easily differentiated: 

 

 True positives (𝑡𝑝) : pixels that belong to both 𝑆 and 𝐺𝑇. 

 False positives (𝑓𝑝) : pixels that belong to 𝑆 but not to 𝐺𝑇. 

 False negatives (𝑓𝑛) : pixels that belong to 𝐺𝑇 but not to 𝑆. 

 True negatives (𝑡𝑛) : pixels that do not belong to 𝑆 or 𝐺𝑇. 

 

The last one is not delineated in Figure 2. 

 
Figure 2 Precision and Recall definition. 

 

Based on the aforementioned definitions, Precision (𝑃) and Recall 

(𝑅) are defined by the eq. (7) [14]: 

 

𝑃 =
𝑡𝑝

𝑡𝑝 + 𝑓𝑝
𝑅 =

𝑡𝑝

𝑡𝑝 + 𝑓𝑛
 (7) 

 

 Actually, the 𝐹 measure, which captures the trade-off between 𝑃 

and 𝑅 as their weighted harmonic mean, was used. 

 

𝐹 = 1 −
2𝑃𝑅

𝑃 + 𝑅
 (8) 

 

2.3.6. Segmentation Covering (𝓒) 

 

The overlap between two segments, 𝐶𝑖 in a segmentation 𝑆 and 𝐶𝑗 

in its 𝐺𝑇, is defined as [14]: 

 

𝒪(𝐶𝑖 , 𝐶𝑗) =
|𝐶𝑖 ∩ 𝐶𝑗|

|𝐶𝑖 ∪ 𝐶𝑗|
 (9) 



 

 Then, the covering of a 𝐺𝑇 by a segmentation 𝑆 is defined as 

follows: 

 

𝒞(𝑆 → 𝐺𝑇) = 1

−
1

∑ 𝑁𝐺𝑇
∑ |𝐶𝑡| .

𝑚𝑎𝑥 𝒪(𝐶𝑖 , 𝐶𝑡)

𝐶𝑖 ∈ 𝑆
 𝐶𝑡∈𝐺𝑇

 
(10) 

 

where ∑ 𝑁𝐺𝑇 is the total number of pixels in the original image. Noticed 

that covering only considers the segments with the maximum overlapping 

between them. 

  

2.3.7. Reference Bounded Segments Booster (𝑹𝑩𝑺𝑩) 

 

Proposed by Feitosa et al. [15], the 𝑅𝐵𝑆𝐵 metric corresponds to the 

ratio between the non-intersection area and the reference’s area. Based 

on the definitions from Figure 2, 𝑅𝐵𝑆𝐵 is defined as follows: 

 

𝑅𝐵𝑆𝐵 =
1

𝑁𝐺𝑇
∑

𝑓𝑛𝑡 + 𝑓𝑝𝑡

𝑓𝑛𝑡 + 𝑡𝑝𝑡

𝑁𝐺𝑇

𝑡=1

 (11) 

 

where 𝑡 represents a segment from 𝐺𝑇 and 𝑁𝐺𝑇 is the number of 

segments in the 𝐺𝑇 image. 

 

2.4. Optimization Algorithms 

 

The optimization algorithms were implemented to interact with the 

segmentation algorithms and could be applied in the image processing 

filed, through the determination of the optimal set of parameters that could 

define the performance of a segmentation algorithm given a certain fitness 

function. 

In the next sub-sections a briefly description of the optimization 

algorithms implemented is presented, for a detailed explanation the 

corresponding references can be consulted. 

 

 

2.4.1. Differential Evolution (𝑫𝑬) 

 

DE is an algorithm used to minimize nonlinear and non-differentiable 

functions in a continuous space of search; and is in scope of the 



evolutionary strategies algorithms that consist of an evolutionary process 

that attempts to minimize a given objective function [16]. 

The process, as illustrated in Figure 3, works in an iterative way 

through different generations of a group of individuals specified by their 

corresponding genes, in which an individual represents a potential solution 

and their genes represent the variables or parameters of the optimization 

problem, besides, the set of individuals form a population which evolves 

over the course of generations. 

 

 
 

Figure 3. Diagram Flow of the Differential Evolution Algorithm. 

 
At each generation, the fitness of each individual is evaluated in order 

to determine how good the individual in question is to solve the 

optimization problem. In every new generation, the less suited individuals 

are discarded and the better ones generate new individuals through 

genetic operators of mutation and crossover, and thus their characteristics 

are passed on to the next generation. At the end of the process, the best 

individual is selected as the approximate solution of the optimization 

problem. 

 

2.4.2. Generalized Pattern Search (𝑮𝑷𝑺) 

 

The GPS algorithm is defined as an iterative one, used to solve 

optimization problems without restrictions and without the need for 

information of the function derivatives [17]. The general structure of the 

GPS algorithm can be described as the diagram flow shown in the Figure 

4. 



The algorithm start with the definition of an initial point from which 

the search step is executed whenever is activated, with the objective to 

find a better start point than the current one to be used in the pool step. 

Once the search step is concluded the pool step is performed, in 

which a mesh of trial points is created around the actual solution with 

certain directions, also called as patterns (as illustrated in the Figure 6), 

and the objective function is evaluated in every trial point in the mesh; if 

one of this points gives a lower value than that in the actual solution, the 

method takes this point as the next actual solution and the mesh size is 

incremented, otherwise, the actual solution is preserved and the mesh 

size is reduced; this process is performed until the optimal solution is find 

or the maximum number of iterations is reached [18]. 

 

 
Figure 4. GPS algorithm diagram flow [19]. 

  



 

 
Figure 5. Mesh of trial points around the current solution xk [18]. 

 

 

2.4.3. Mesh Adaptive Direct Search (𝑴𝑨𝑫𝑺) 

 

As an update of GPS the MADS algorithm was proposed, 

developed to solve nonlinear optimization problems; it has a similar 

structure than the GPS algorithm with the main difference sited in the poll 

step, in which the definition of the search directions is more robust and 

not restricted to a finite number of directions, giving the algorithm a bigger 

set of trial points from where to choose and asses [20] and thus achieving 

a faster convergence time. 

 

 

2.4.4. Nelder-Mead (𝑵𝑴) 

 

The NM algorithm was proposed to minimize the value of an “n” 

dimensional function through the comparison of the objective function 

values at the (n+1) vertices in a general simplex, followed of a substitution 

process of the vertex with the highest value by another one with a lowest 

value within the current simplex assessed [21]. 

The algorithm starts ordering the values of the objective function at 

the simplex vertex in ascendant order, then, four processes are 

performed: reflection, expansion, contraction and reduction, as shown in 

Figure 6. The points: 𝑃𝑙, 𝑃ℎ and 𝑃𝑠 are the ones with the lowest, highest 

and second highest objective function values respectively; the points 𝑃𝑟 

and 𝑃𝑒 are the reflection and expansion points, lastly, 𝑃𝑚 and 𝑃𝑐 represent 

the middle points in their respective segments. 

The reflection process performs an isometric reflection of the point 

𝑃ℎ in the direction of the centroid of the other vertices, resulting in the 

point 𝑃𝑟, and if this point has a lower value than those evaluated in 𝑃𝑠, 

then an expansion process is performed in the same direction. If the 

value at the point 𝑃𝑒 is lower than that in 𝑃𝑟, then this vertex is taken as 



the new one in the next simplex; finally if none of the previous conditions 

occurs, then the contraction and reduction process are performed. Once 

the new vertex is defined and the new simplex is formed, all the 

processes above described are iteratively performed until the optimal 

solution is founded. 

 
 

 
Figure 6. NM algorithm Process: (a) Reflection, (b) Expansion, (c) 

Contraction, (d) Reduction [22]. 
 

 

3. User Requirements 
 

 SPT 3.1.0 has been tested on Windows® 7 / 8 (64 bits). 

 

 

4. Installation 
 

 SPT 3.1.0 can be downloaded from the LVC’s web page: 

http://www.lvc.ele.puc-rio.br/wp/?p=1403 

 

 This package contains all necessary files to run appropriately SPT 3.1.0. 

After download it, extract the files in a new folder: 

 

http://www.lvc.ele.puc-rio.br/wp/?p=1403


 
 

Figure 7. Extraction of SPT 3.0. 

 

 After the extraction, the folder should contain the following files: 

 

 
 

 Just double click on “SPT.exe” to launch the program. 

  



5. Graphical User Interface (𝑮𝑼𝑰) 
 

The GUI is organized in four different tabs; each tab has a specific purpose 

and represents an internal tool of SPT. These tools are the following: 

 

 Reference Tool. 

 Optimization Tool.  

 Segmentation Tool. 

 Assessment Tool. 

  

The following sections describe the functionality of the visual controls on 

the SPT’s tools. 

 

5.1. Reference Tool 

 

In this tab (see Figure 8 and Figure 9), the user can Load an image 

(Optical or Hyperspectral) and compose an RGB. The purpose of it is to 

help the user to Create/Edit/Load/Save references in ESRI Shapefile 

format. When a reference is loaded, it could be as a raster image (labeled 

image) or an ESRI Shapefile. Once all reference segments have been 

created, it is possible to select which will be saved and which not. It is 

useful to produce different shapefiles with reference segments belonging 

to different classes. 

 

This window has the following functionalities: 

 

 

Open a browser to look for an image to 

be processed; the user can open only 

one input image per optimization 

procedure to be assessed. This image 

could be Optical or Hyperspectral. 

 

Opens a browser to load the references 

segments. It could be a raster image 

(labeled image) or an ESRI Shapefile. 

 
Save the current reference. 

 
Delete all the references 

loaded/created. 

 

Zoom in (by left click or area selection) 

or out (by right click). 



 
Pan the image. 

 

Creates a new reference; when pressed, 

the user must click on the image to insert 

the vertices of the new segment. If a 

wrong point was created, it is easily 

deleted by a right click. 

 

Edit the vertices belonging to a segment 

on the reference image; when pressed, 

the user can drag the vertices to modify 

the segment. 

 

Deletes segments from the reference 

image; when pressed, the user must 

click over a segment to be deleted from 

the reference image. 

 

Selection of bands to compose an RGB 

image which is a visual help to create 

the reference segments. 

 

Compose an RGB image with the three 

bands selected by the user. 

 

List with all available segments 

Created/Loaded by the user. The user 

can select only a few or all of them to be 

saved in an ESRI Shapefile. The 

checkbox next to Segments show/hide 

the number that represents each 

polygon. 

 
Select all segments available in the list. 

 

Deselect all segments available in the 

list. 

 

 



 

Figure 8. Reference Tool and Initial Tab of SPT 3.0. 

 

 
Figure 9. Reference Tool, each reference segment has an associated index 

which is used to select or not the segment and save it in a shapefile. 
 



5.2. Optimization Tool 

 

Through the Optimization Tool, the user can define the parameters of 

the optimization algorithm an of the segmentation procedure, as well as 

choose the fitness function to be used in the tuning process; once done all 

these previous steps the execution can be initiated. 

The users are encouraged to adopt the default values for these 

parameters, which are expected to work fine for most applications; 

nerveless, SPT allows setting up these parameters to achieve a faster 

convergence or a better solution. 

Figure 10 presents a view of this tab with the image to be segmented. 

On this tab, the user can select the optimization algorithm, the 

segmentation procedure to be tuned and the fitness function to be used in 

the tuning process. They can also define the name of the output file and 

the number of experiments to be performed. Noticed that as the 

initialization of each optimization algorithm is done randomly, each 

experiment will lead to different results. 

 

 
Figure 10. Optimization Tool. 

 



5.2.1. Optimization Algorithms 

 

In this section the user can select between the four optimization 

algorithms implemented, as shown in Figure 11. Once a determined 

algorithm is selected, their corresponding parameters are loaded, which 

can be modified or can remain with their initial values; thus, for: 

 DE algorithm, the user can modify the number of dimensions, 

depending on the number of parameters to be tuned in the 

segmentation algorithm; the number of population and generations 

to be used in the optimization procedure; and the minimum error 

between the reference and the original image that must be reached. 

 GPS and MADS algorithms, the user can modify the number of 

dimensions and iterations, the minimum mesh size and error 

allowed, and the search option to be used. 

 NM algorithm, the user can modify the number of dimensions, 

iterations and the minimum error to be reached. 

 

 

Figure 11. Optimization algorithms selection. 
 

5.2.2. Segmentation Algorithms 

 

In this section the user can select between the five segmentation 

algorithms implemented, as shown in Figure 12. With the selection of 

each algorithm, the minimum and maximum searching limits for the 

parameters to be optimized are loaded, this limits can be modified by the 

user or can still remain with the pre-defined values. 

 

 

Figure 12. Segmentation algorithms selection. 



 

5.2.3. Fitness Function 

 

The fitness function (see Figure 13) can be selected from the seven 

options described in the previous sections, all of them can be used with 

any of the optimization or segmentation algorithms, the suitability of a 

determined a metric will depend on the type of image and on the kind of 

the application, not every metric will be good for all the applications, 

neither one application could be solved with all the metrics. 

 

 
Figure 13. Fitness function selection. 

 

5.3. Segmentation Tool 

 

 This tool (see Figure 14) allows the user to execute one of the 

segmentation algorithms available in SPT 3.0. The user must provide the 

parameters of the segmentation algorithm. For more information of each 

parameter, please see the references of each segmentation algorithm. 

 

Additionally, the user can assess the segmentation outcome 

obtained by loading a reference (raster image or ESRI Shapefile) and 

selecting an evaluation metric. 

 



 
Figure 14. Segmentation Tool. 

 

5.4. Assessment Tool 

 

This tool was created to directly assess a segmentation 

outcome. The user has to load the original image (just for 

visualization purposes), the segmentation outcome and a 

reference (both could be a raster image or an ESRI Shapefile). 

Then, a metric is selected and its value is calculated. 

 



 
Figure 15. Assessment Tool. 

 

5.5. Output Files 

 

 SPT 3.0 generates the following output files for the parameter 

tuning process in the folder “(SPT_PATH)/Results/” according to the 

Output File name given by the user:: 

 

 
Figure 16. Output files generated by SPT 3.0. 

 

 

 

 

 



where each file represents: 

 

OutputFile.tif 

Segmentation outcome corresponding to 

the optimal parameters found by SPT 3.0 

according to the selected configuration. 

OutpufVector.dbf 

OutputVector.shp 

OutputVector.shx 

ESRI Shapefile containing the 

segmentation outcome. 

report.txt 
Text file with information related to the 

executed experiment. 

 

The text file generated by SPT 3.0 has the following information: 

 

 
Figure 17. Report generated by SPT 3.0 containing information about the 

executed experiment. 
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