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Abstract— In recent years, new sensor technologies have 
increased the accessibility of high-resolution satellite images. The 
information in these images can help to improve activities like 
urban planning and growth analysis of cities. Additionally, 
information extracted from these images can be used for taking 
decisions related to infrastructure planning, e.g. identifying 
objects that might interfere with network assets like underground 
cables. To be able to justify the cost of network planning decisions 
a high degree of interpretability is required. Convolutional Neural 
Networks (CNNs) are the state of the art for segmenting these 
images, but like any black box model they do not offer any 
explanation for their output. In this paper, we present an 
approach on how to use a Fuzzy Logic System (FLS) for 
performing explainable semantic segmentation of trees in satellite 
images. The FLS uses the HSV (hue, saturation, value) of the pixels 
as inputs and was optimized by using an evolutionary algorithm 
called Big Bang Big Crunch. The best configuration for the 
Interval Type-2 FLS has an Intersection over Union metric 
measure of 60.6%, which is close to the results obtained from 
neural network, however the proposed FLS provides interpretable 
outputs which is highly needed for the real-world operation 
especially in the telecommunication domain.  

Keywords—Fuzzy Logic System, Neural Networks, explainable 
AI, semantic segmentation, interpretable models, satellite images. 

I. INTRODUCTION 

Semantic segmentation, or pixel-wise classification, is the 
task of assigning a semantic label to every pixel in an image, e.g. 
building or tree [1]. Satellite images contain large amounts of 
structured and uniform data compared to traditional images, and 
semantic segmentation can be used to extract that information 
[2]. Automatic segmentation of remote sensory data facilitates 
monitoring forest resources [3], agricultural land for economic 
analysis [4] and urban modelling and growth analysis of specific 
geographic areas [5]. Utility companies that provide phone, gas 
and electric services are within the main interested parties for 
semantic segmentation of satellite images [6]. Their interest for 
the output of this task is primarily due to the need for 
information related to buildings, terrain and vegetation from 
a 

geographic area, to be able to perform planning and maintenance 
activities of their infrastructure [6]. 

In the last few years, the improvements and development in 
sensor technologies have increased the accessibility to high 
spatial resolution images [7], which has also enabled the 
automatic creation of computer-aided designs and models of 
geographic areas [6]. Additionally, the availability and 
accessibility of new high performance GPUs have made 
possible the training of deep neural network architectures and 
has drawn significant attention towards different architectures 
for solving the segmentation problem [8]. Currently, deep 
Convolutional Neural Networks (CNNs) are considered state-
of-the-art [8], however, the lack of explainability in how the 
model makes predictions [8] and the large amount of labelled 
data required for training the model [9] are the two main 
drawbacks of this approach. The lack of explainability is the 
main disadvantage since there is a need for the end users to be 
assured of a reconstructed model’s credibility [6]. The use of an 
explainable Artificial Intelligence (AI) model can help automate 
the creation of these models and provide the end user with an 
explanation of why a geographic area was constructed in a 
certain way. 

In this paper we present a type-2 Fuzzy Logic System (T2 
FLS) for performing explainable semantic segmentation of trees 
in satellite images. The T2 FLS uses the HSV (hue, saturation, 
value) of the pixels as inputs and it was optimized by using an 
evolutionary algorithm called Big Bang Big Crunch.  The 
proposed approach provides a better understanding of how the 
prediction is computed. Also, since it is now a pixel-wise 
classification, the number of labelled images needed is lower 
since multiple training patterns can be extracted from each 
image.  

The paper is organized as follows: Section II provides an 
overview of neural network architectures for semantic 
segmentation while Section III provides an overview on HSV 
color spaces. Section IV presents the proposed optimization 
process for our fuzzy logic system implementation. Section V 
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presents the experiments and results. The conclusions and future 
work are presented in section VI. 

II. A BRIEF OVERVIEW OF NEURAL NETWORK ARCHITECTURES

FOR SEMANTIC SEGMENTATION

In the last few years, it has become possible to have deep
neural networks trained in less time due to the advances in 
technology. In particular, Convolutional Neural Networks 
(CNNs) have received significant attention when trying to solve 
image segmentation problems [10]. CNNs are typically 
composed of a combination of convolution, pooling, rectified 
linear units and fully connected layers. They were originally 
designed for image classification but they have been 
successfully adapted for semantic segmentation [11]. Despite 
being considered the state-of-the-art due to their accuracy 
success [7], CNNs have two major problems: (1) they need a 
large amounts of data with labels for each pixel to achieve an 
acceptable error level [9] and (2) they lack of a clear 
understanding on what kind of features those architectures are 
learning [8].  

A Multilayer Perceptron (MLP) with Back-Propagation 
Learning is a simple neural network architecture that transforms 
the segmentation problem to a pixel classification problem by 
using extracted features from each pixel as inputs [12]. A pixel-
wise classification means that the MLP will use each pixel of an 
image as a training input instead of the complete image, 
therefore multiple training patterns might be extracted from a 
single image and the number of labelled images might be 
reduced. Also, by extracting features and feeding them as inputs, 
it is possible to at least understand what the network is using to 
predict. 

III. A BRIEF DESCRIPTION OF HSV COLOR SPACE

The HSV (hue, saturation, value) color space is based on the 
characteristics and the way the human visual system perceives 
color [13]. Hue (H) is a single value between 0 and 360 that 
represents the color, unlike RGB color space where the color is 
represented by the combination of the three values. Saturation 
(S) describes how pure the color is, it is measure with a value
between 0 and 1, with 0 being white. Value (V) can be seen as
the amount of light in the color, it is a value between 0 and 100,
where 0 will look black [14]. This color space approach of
separating color, intensity and light is preferred because it is
considered easier to understand than the combination of color
intensities in RGB space.

Combinations of RGB colors are not considered as 
interpretable as using only a single variable to define color input. 
E.g. having a green Hue with high saturation and low value is
considered easier to interpret than low Red, high Green and low
Blue. This close relationship of the HSV color space with how
humans perceive color is the main reason to use it as preferred
input. In our implementation, RGB images from the dataset were 
transformed to HSV color space.

IV. THE OPTIMIZATION PROCESS FOR THE PROPOSED FUZZY 

LOGIC SYSTEMS 

A. A Brief Overview of Fuzzy Logic Systems

A rule-based FLS is a system that maps crisp inputs to crisp
outputs with the help of an inference engine based on rules [15]. 
The rules are IF-THEN rules, composed of antecedents (IF-part) 
and consequences (THEN-part), each of them has associated a 
linguistic label such as low, medium or high. Fuzzy sets are then 
used to model and describe the uncertainty of the crisp inputs 
that belong to each of the linguistic labels. The modelling of 
these imprecise human concepts allows rule-based FLS to 
mimic the human thinking [16].  

Type-1 (T1) and type-2 (T2) fuzzy sets can be used to model 
the uncertainty in the inputs, each of them model different levels 
of uncertainty [17]. Type-1 fuzzy sets are described by 
membership functions that represent the different crisp inputs 
associated to a linguistic label, however, since the membership 
functions are certain, they are unable to handle the uncertainty 
of transferring knowledge from different experts to precise 
functions and rules. Type-2 fuzzy sets, on the other hand, are 
useful for handling the uncertainty of determining an exact 
membership function for an input or output fuzzy set, therefore, 
they can be used to handle uncertainty related to rules and 
measurements [15], [18]. This additional handling of uncertainty 
has proven to make Type-2 FLS better than Type-1 FLS at 
complex problems [19], [20]. 

As mentioned in [16], a rule-based FLS is considered an 
Explainable AI (XAI) model since it covers all the XAI 
components from [21]. The rule-based FLS generated speaks the 
same languages as humans [22], this allows any user to easily 
analyze and interpret the model output [16]. Additionally, the 
user is capable to augment the model by capturing their expertise 
in the rules [16].  

In later sections of this paper, a Type-1 FLS and a Type-2 
FLS are optimized using evolutionary algorithms and presented 
as an explainable AI model alternative for semantic 
segmentation of satellite images. An example of the rules of the 
generated Fuzzy Logic Systems (FLSs) is: IF hue is green, 
saturation is high, and value is medium THEN the pixel belongs 
to a tree. These rule based FLSs transform the data to linguistic 
concepts that humans can easily understand. This level of 
interpretation is not available in neural network architectures 
e.g. a neural network will receive crisp numbers for hue,
saturation and value and output a class. Further comparison of
these models is presented in Section V.

B. A Brief Overview of the Big Bang – Big Crunch (BB-BC)
Optimization Algorithm

The BB-BC algorithm, presented by Erol and Eksin [23], is
an evolutionary optimization technique inspired by the big bang 
theory about the evolution of the universe in Physics. This 
approach was selected because of its proven fast convergence 
when compared to other classical genetic algorithms [23]. The 
algorithm has two phases: The Big Bang (BB) phase and the Big 
Crunch (BC) phase. The former is where candidate solutions of 
a population are randomly generated, the latter is where the 
convergence to the optimal point happens by compressing all 



solutions to a representative point via the center of mass. The 
steps describing the algorithm are as follows: 

1) Big Bang phase 
a) This phase is similar to other evolutionary search 

algorithms. An initial population of N candidates is randomly 
generated within the search space limits. 

b) The cost function value of each of the candidates is 
computed. 
 
2) Big Crunch phase 

c) The point to which the algorithm converges is 
selected. Either the best fit candidate or the center of mass is 
chosen as the center point. The center of mass is calculated as: ݔ௖ = ∑ ೣ೔೑೔೔ಿసభ∑ భ೑೔೔ಿసభ    (1) 

Where, ݔ௖ is the position of the center of mass, ݔ௜ is the 
position of the solution candidate, ݂௜ is the cost function value 
of the ݅௧௛ candidate and ܰ is the population size. 

d) The candidates of the new population will be created. 
New candidates are calculated around the center of mass in the 
form of: ݔ௡௘௪ = 	 ௖ݔ ൅ ௟௥௞   (2) 

Where, ݔ௖ is the previously computed center of mass, ݈ is 
limit of the search space, ݎ is a normal random number and ݇ is 
the iteration or generation number. 

e) Return to Step 1.a until stopping criteria have been 
met. 

C. The Proposed Optimization Method 

To optimize antecedent membership functions (MFs) using 
the BB-BC algorithm, the parameters have to be encoded into a 
form of a population [24], [25]. We have taken a look at 
successfully optimized FLS using Genetic Algorithms in [26]–
[30] and a similar encoding approach as the one in [29] is used 
in the BB-BC algorithm. The parameters for a single Type-1 

(T1) triangle or trapezoid membership function is a set of 4 
points that describe the shape of the function. In the case of 
Interval Type-2 (IT2) MFs, at least two additional points are 
needed to represent upper and lower membership functions. The 
number of parameters to be optimized for each input is 
determined as follows: ܰݎܾ݁݉ݑ	݂݋	ݏݎ݁ݐ݁݉ܽݎܽ݌	ݎ݋݂	݁݌ݕܶ	1 = ܯ ൅ 2 (3) 

2	݁݌ݕܶ	ݎ݋݂	ݏݎ݁ݐ݁݉ܽݎܽ݌	݂݋	ݎܾ݁݉ݑܰ  = 3 ∗  (4) ܯ
 

Where, M is the number of membership functions for the input 
fuzzy set.  
 ଵܲଵ ଶܲଵ ଷܲଵ ସܲଵ … ௡ܲభଵ  … ௡ܲ೔ିଵ௜  ௡ܲ೔௜  

Fig. 2. The encoded points that represent all the membership functions from all 
the input fuzzy sets of the FLS. 

The algorithm uses an encoded configuration in a list format 
like the one shown in Fig 2, where all the points of the fuzzy 
sets are stored in ascending order. In Fig. 2, the superscript 
represents the input number and the subscript is the point 
number from the input fuzzy set. The fuzzy sets from all inputs 
should have the following conditions:  

1) First membership function is a trapezoid that starts at 
the lowest value of the set. 

2) Last membership function is a trapezoid that ends at 
the highest value of the set. 

3) The rest of the MFs are triangle shape. 

Fig. 1, shows the optimized membership functions of the 
(HSV) ‘Value’ input fuzzy set, the vertical lines illustrate where 
the optimized parameters that represent the fuzzy set are located. 
Each candidate solution created during the Big Bang phase of 
the algorithm is a set containing parameters from the input fuzzy 
sets (Fig. 2), where ݅ is the input number and ݊௜ is the maximum 
number of parameters for the	݅௧௛ input fuzzy set. The 
optimization process for both, the Type-1 and Type-2 FLS is the 
following: 

Fig. 1. The fuzzy set for (HSV) 'Value' channel of a pixel. The points that are optimized by the BB-BC algorithm are shown in vertical lines. 



1) Randomly initialize a population of ܰ candidate
solutions.

2) Each candidate describes a configuration for the
membership functions. Use the training data to create
a rule base for each candidate configuration.

3) Evaluate the rule base of each candidate.
4) In this paper, the best candidate solution is selected as

the center of mass. 
5) Start a new population. Create new parameters for

each candidate around the center of mass by using (2).
6) Repeat steps 2 – 5 until the number of iterations is

reached.

D. Rule base Generation

The rule base is generated by using the available training
dataset in a similar process as the one described in [29]. First, 
we run the raw rule extraction process, which consists of reading 
all input-output training patterns from the training data and 
computing the membership value for each of the patterns. Then, 
IF-THEN rules are generated by combining matched fuzzy sets, 
i.e. fuzzy sets where the membership values are greater than
zero. In case of type-2 fuzzy sets, it is matched by an input when 
either the upper or lower function is greater than zero.

When doing semantic segmentation of a single class most 
pixels in the training images will be background, therefore the 
dataset is unbalanced. To avoid any bias from the FLS towards 
the class with highest percentage of training patterns, the firing 
strength of each of the rules is scaled by using the following 
equations presented in [29]: ݂ݏ௝௧ = ௙ೕ೟∑ ௙ೕೕ∈಴೗ೌೞೞ	ೕ (5) 

Equation (5) states that the scaled firing strength (݂ݏ௝௧) of a 
given rule ݐ with a consequent Class ܥ௝ is given by dividing the 
non-scaled firing strength (݂௝௧) of the rule ݐ by the summation 
of the firing strengths of all the rules in the rule base with an 
output Class ܥ௝. This allows handling the imbalance of the data 
[29]. For Type-2 fuzzy sets, (5) will be used for the upper and 
lower firing strengths, resulting in two values: ݂ݏఫ௧തതതതത and ݂ݏ௝௧. 

Many of the generated rules in the extraction process will be 
conflicting rules, i.e. they have the same antecedents but a 
different consequent. To resolve conflicts, confidence and 
support values for each rule will be used. The confidence that 
class ܥ௤ is the output class for the set of antecedents ܣ௤෪  is 
computed using the following equation: ܿ	൫ܣ௤෪ ⇒ ௤൯ܥ = 	 ∑ ௙௦ೕ೟(௫ೞ)ೣೞ∈಴೗ೌೞೞ	಴೜∑ ௙௦ೕ೟(௫ೞ)೘ೕసభ  (6) 

In Equation (6) the summation of the scaled firing strength 
of the conflicting rules where the expected output class for the 
training pattern ݔ௦ is ܥ௤ is divided by the summation of the firing 
strength of all conflicting rules, this is considered a validity 
measure for ܣ௤෪ ⇒   .௤ [29]ܥ

The measure of support of a rule is viewed as the coverage 
of training patterns for ܣ௤෪ ⇒  ௤. This can be computed asܥ
following: ݏ	൫ܣ௤෪ ⇒ ௤൯ܥ = 	 ∑ ௙௦ೕ೟(௫ೞ)ೣೞ∈಴೗ೌೞೞ	಴೜௠  (7) 

Where ݉, is the total number of available training patterns. 
When computing confidence and support for a Type-2 FLS, (6) 
and (7) should be applied to the upper and lower scaled firing 
strength, resulting in upper and lower values for each measure. 

Using confidence and support measures we compute 
dominance of each rule as follows: ݀	൫ܣ௤෪ ⇒ ௤൯ܥ = 	ܿ	൫ܣ௤෪ ⇒ ௤൯ܥ ∗ ௤෪ܣ൫	ݏ	 ⇒  ௤൯ (8)ܥ

The rule with highest dominance value from all conflicting 
rules is the only one kept in the rule base. For Type-2 FLS, an 
upper and lower value of dominance is computed using upper 
and lower confidence and support measures, the rule with the 
highest average between upper and lower dominance is the rule 
selected. 

V. EXPERIMENTS AND RESULTS

In this section we present the results of using a Multi-Layer 
Perceptron (MLP) Neural Network, T1FLS and T2FLS for 
semantic segmentation. The experiments were performed using 
images form the Inria Aerial Image Labeling Dataset [11]. 
Although CNNs are considered state-of-the-art [8], we are not 
including them in this comparison due to their inputs being 
different from the ones of T1 and T2 FLS, resulting in an unfair 
comparison for the models as the inputs may affect the 
performance. CNNs focus on learning filters used to extract 
features at different levels of the image through their 
convolution layers. The extracted features tend to be 
uninterpretable by humans, that is why they lack of 
interpretability [8]. On the other hand, an MLP network can use 
the same inputs as the T1 and T2 FLS, this allow us to manually 
extract a set of human interpretable features from the images and 
pass them to the different AI models.  

The images in the dataset are RGB images and have a high 
resolution of 30 cm. The dataset was manually labelled for the 
class tree, the only object of interest for these experiments, hence 
we are evaluating the performance for binary classification. 
Finally, the selected images were transformed to HSV color 
space and processed to be stored as CSV (comma-separated 
values) files. Each row in the file contained the HSV values and 
the class for a given pixel in the images. The training dataset 
contains 20,000 training patterns, later divided into 80% training 
and 20% validation. The test dataset contains another 20,000 
HSV pixel values. The limitations of only using pixel level 
information are accepted since the focus is on proposing an 
explainable AI model and comparing its performance against a 
black box.  

The standard metric for comparing the performance of 
models when segmenting a given class is Intersection over 
Union (IoU), as it is a metric that considers the unbalance 
between background pixels and desired class pixels [31]. This 
measure value can be computed as follows [2]:  



ܷ݋ܫ  = 	 ்௉்௉ାி௉ାிே  (9) 

 
Where TP is the number of pixels correctly predicted as the 

given class, FP are background pixels predicted to be of the 
given class and FN are pixels from the given class predicted to 
be background. Accuracy, Dice and Recall metrics will be 
included in the results for completeness but the main comparison 
is by using IoU metric due to the unbalanced dataset and the use 
of this metric in the state of the art [31]. 

TABLE I.  TEST SET RESULTS 

  
Metric Results 

IoU Recall Accuracy Dice 

IT1 FLS 49.30% 56.40% 83.40% 66.10% 

IT2 FLS 60.60% 70.20% 86.90% 75.50% 

MLP 69.00% 77.30% 89.90% 81.70% 

 

The MLP network architecture used is similar to the one 
presented in [32]. It uses the 3 HSV channels of the images as 
inputs, a hidden layer with 20 neurons and a single output 
neuron. We trained it with the previously described dataset, 
using TensorFlow with a stochastic gradient descent optimizer 
that had a learning rate of 0.3 and 0.8 for momentum. The best 
IoU measure obtained for tree class on the test set was 69.0% 
(Table 1).  

 
Fig. 1. Example of image used for testing the models. 

The membership functions that define each fuzzy set were 
optimized using the BB-BC algorithm described in Section IV. 
Different configurations of encoded parameters for membership 
functions selected using a heuristic approach, were optimized by 
running the BB-BC algorithm for 250 generations. During each 
generation, a population of 30 sets of encoded parameters was 
used, each of them created based on the current best solution. 
The same training dataset used by the neural network, was used 
with each of the encoded parameters set to generate a rule base 
and evaluate the performance of those parameters. The 
configuration with the best performance was the following: 

• 16 Membership Functions for Hue. 

• 18 Membership Functions for Saturation. 

• 7 Membership Functions for Value. 

 

TABLE II.  MODEL COMPARISON 

 
Metric Results 

IoU Degree of 
Explainability 

Level of 
Understanding 

IT1 FLS 49.3% High Low 

IT2 FLS 60.6% High Low 

MLP 69.0% Low High 

 

The same number of membership functions was used in 
both, the T1 and T2 FLS. The difference is the addition of the 
footprint of uncertainty for the Interval Type-2 FLS membership 
functions.  

The Type-1 Fuzzy Logic System (T1FLS) has an IoU 
measure of 49.3%, while the Interval Type-2 Fuzzy Logic 
System (IT2FLS) has an IoU of 60.6%. The IT2FLS, which 
gave the best result, was still outperformed by the MLP network 
by 8.4%. However, the IT2FLS has the advantage over the MLP 
network of being a white box model, which means that a human 
can easily understand how the system predicted a given class. In 
addition to the high degree of explainability, the IT2FLS uses a 
rule base that can be modified, allowing human experts to 
augment and complement the model with their knowledge by 
adding or modifying rules. For example, end users can see rules 
like ‘IF Hue is green AND Saturation is high AND Value is 
medium THEN label is tree pixel’ and they will be capable of 
changing the output label of the rule to be ‘background pixel’ or 
augment the model capabilities by adding a new label like 
‘building’. This modification of the model does not require 
understanding of the training process since it is not being trained 
again, unlike the MLP. 

 
Fig. 2. Segmentation outputs for the image in Fig. 3. a) ground truth output, b) 
T1 FLS output, c) T2 FLS output and d) MLP network output 

A comparison of the models where metrics like degree of 
explainability and required level of knowledge to modify the 
model are included in Table 2. The assigned values for degree 
of explainability and level of understanding needed to modify 
the model were given based on the analysis of interpretability in 
[16]. For this type of evaluation metrics, FL approaches are 



better than a black box model like an MLP network. The IT2FLS 
is a better explainable AI solution than the Type-1 since it 
performs 11.3% better, visual results are shown in Fig. 4 and it 
is considered to have the same degree of explainability and 
augmentation by end user [16], as shown in Table II. The 
Footprint of Uncertainty (FOU) in the IT2 FLS gave the system 
an IoU measure 11.3% higher than the T1 FLS. In Fig. 4, each 
of the pixels in these images is labeled as part of tree or 
background by each model. In Fig. 4d, the prediction is closer to 
Fig. 4a, however, Fig. 4c provides the user with an explanation 
for each assigned label via the T2FLS. The end user can 
understand when the model is working fine and when it is not, 
increasing with this the trust and credibility needed in real-world 
operation [6]. On the other hand, Fig. 4d shows a better 
performance from the MLP but there is no explanation for each 
assigned label and no ability to add any rules or expert 
knowledge to the model to improve its performance. In the 
MLP, the user will not understand when the model should be 
trusted.  

VI. CONCLUSIONS AND FUTURE WORK

In this paper, three models for performing semantic 
segmentation of trees in high resolution satellite images were 
presented: two approaches using fuzzy logic systems (Type-1 
and Interval Type-2) and one using neural networks. The 
Interval Type-2 Fuzzy Logic System (IT2FLS) outperformed 
the Type-1 FLS (T1FLS) by an Intersection over Union (IoU) 
measure of 11.3%. The Multi-Layer Perceptron (MLP) network 
has the best performance of all three models with an IoU of 
69.0%, which is 8.4% higher than the IT2FLS. However, the 
IT2FLS has a higher degree of explainability and augmentation 
of model by the end user. Utility companies required a high level 
of trust in the generated models [6] and in this paper we 
presented an alternative solution using Type-2 FLS that has a 
high level of explainability and a higher degree of trust 
compared to a black box model [16].  

One of the main limitations from the presented work is the 
use of pixel level information, which limits the models to 
specific characteristics of certain objects instead of using 
features that allow to generalize. As part of our future work we 
expect to include more complex features that provide context 
information of the pixel and do not limit the model to the color 
characteristics of a certain area. In addition, we plan to explore 
the use of the output in the automatic creation of virtual 
environments for assisting humans in visualization and planning 
tasks.  
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