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ABSTRACT 
 
Ever since there has been an increase in the number of automatic wildfire monitoring and 
surveillance systems in the last few years, natural landscape images have been of great 
importance. In this paper we propose an expert system for fast segmentation and classification 
of regions on natural landscape images that is suitable for real-time applications. We focus 
primarily on Mediterranean landscape images since the Mediterranean area and areas with 
similar climate are the ones most associated with high wildfire risk. The proposed expert system 
is based on cogent confabulation theory and knowledge bases that contain information about 
local and global features, optimal color spaces suitable for classification of certain regions,  and 
context of each class. The obtained results indicate that the proposed expert system significantly 
outperforms well-known classifiers that it was compared against in both accuracy and speed, 
and that it is effective and efficient for real-time applications. Additionally, we present a FESB 
MLID dataset on which we conducted our research and that we made publicly available. 

Keywords: 
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I. Introduction 
 

   Natural Mediterranean landscape images are becoming more important each day because of 

the rapidly growing number of installations of automatic wildfire monitoring and surveillance 

systems [1-3]. Such systems usually consist of three parts: a video camera located on a 

monitoring location, a transmission system used to transmit data from that monitoring location 

                                                           

1 The article was originally published in the „Advances in Electrical and Computer Engineering“, Volume 
17, Issue 2, Year 2017, On page(s): 85 – 94, DOI 10.4316/AECE.2017.02012. This particular text was 
modified by an added Abstract.  The article has been approved for scholarly and non-commercial use. 
The reprint permission is granted to authors.  

 

mailto:maja.braovic@fesb.hr
mailto:darko.stipanicev@fesb.hr
mailto:damir.krstinic@fesb.hr


2 

 

 

to the operation center, and an appropriate processing unit with software for automatic image 

analysis whose main goal is to recognize wildfire smoke or flames on images. New methods for 

wildfire detection partly rely on knowledge about the type and position of regions on analyzed 

images; therefore region classification of natural landscape images is an important task in 

wildfire detection [3-4]. In order to improve the detection algorithms, we have oriented our 

research efforts to fast and automatic segmentation and classification of regions that may 

appear on natural Mediterranean landscape images. In this paper we propose a novel expert 

system for natural Mediterranean image segmentation and classification based on cogent 

confabulation theory [5-6] and knowledge bases that contain information about optimal color 

spaces suitable for classification of certain regions, local and global features, and context of 

each of the 11 Mediterranean landscape classes that we used. Since color helps to discriminate 

between many types of classes it is still one of the most commonly used feature in automatic 

image classification systems. Because of this, our particular effort was on research about 

optimal color spaces for the classification of regions found on natural Mediterranean landscape 

images. For example, in static images the sea will usually appear blue and the vegetation will 

usually appear green, so just by using color alone the difference between these two classes can 

be easily observed. However, since many different color spaces exist it is sometimes difficult to 

select the one that would be optimal for the image processing task at hand. A color space that 

is suitable for one set of images is often not suitable for another, and this can lead to many 

difficulties. Although many papers on evaluation of different color spaces exist (e.g. for edge 

classification in outdoor scenes [7], skin detection in face recognition systems [8], etc.), as far as 

we know an evaluation of different color spaces for use in the classification of natural 

Mediterranean landscape images does not exist. Since the knowledge base that contains 

information about color probability histograms in different color spaces is an important part of 

our expert system, in this paper we present results of our research related to the search for 

optimal color spaces for the segmentation of images of natural Mediterranean landscape. Nine 

different color spaces (RGB, HSV, HLS, Ohta, CIE-XYZ, CIE L*a*b*, CIE L*u*v*, YCgCr and YCbCr) 

were used in this research, and our aim was to discover the optimal ones for the classification 

of different semantic classes that can usually be found in images of Mediterranean landscape. 

   This paper is structured as follows. In Section 2 we propose an expert system for the 

automatic segmentation and classification of Mediterranean landscape images, which we will 

refer to as the cogent confabulation based (CCB) expert system. As this expert system is based 

on various knowledge bases that contain information about color probability histograms and 

optimal color spaces for color segmentation, in Section 3 we present our research about 

optimal color spaces for Mediterranean landscape images regions segmentation and 

classification. This chapter also includes an analysis of related works about optimal color spaces 

analysis, and also presents the FESB Mediterranean Landscape Image Dataset (FESB MLID) used 

in this research. FESB MLID dataset consists of 400 images of natural Mediterranean landscape 

and their corresponding hand-labeled segmented and classified images. Section 4 gives details 

of proposed expert system segmentation and classification procedures, as well as results of 

comparison with standard classifiers. Finally Section 5 gives a conclusion and discusses future 

work. 
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II. Expert system for segmentation and classification of landscape images 
 

   Our main task was to design and construct an expert system for automatic segmentation of 

Mediterranean landscape images in 11 semantic classes. Since we decided to work with natural 

Mediterranean landscape images typically extracted from wildfire surveillance cameras video 

stream, we needed to determine which classes those images usually contain in order to be able 

to automatically classify them. We have decided to work with 11 classes presented in [4] 

(although in [4] they were called categories): smoke, clouds and fog, sun and light effects, sky, 

water surfaces (e.g. sea, lakes, rivers, etc.; in [4] this class was called sea), distant landscape, 

stone, distant vegetation, close vegetation, low vegetation and agricultural areas, and buildings 

and artificial objects. We should note that these 11 classes were selected primarily for the 

purpose of wildfire smoke detection [4], but we still found them to be useful since they covered 

all of the classes that can usually be found in images of Mediterranean landscape. However, 

some of these classes tend to be similar in appearance in certain contexts, so that makes 

automatic Mediterranean landscape image classification very difficult. In addition to these 11 

classes, we also added a class unknown areas, so in total 12 classes were defined. We should 

point out that the class unknown areas is not used in classification process itself, but rather only 

in the evaluation of the classification process. 

   The proposed expert system fuses information about optimal color spaces for each class, local 

and global image features, and context information extracted from the train set of images. One 

of our important tasks was to make it fast and suitable for real time applications, so therefore 

the proposed expert system is based on a simple classifier derived from the cogent 

confabulation theory [5-6]. This classifier was used in the teaching procedure, during the 

construction of knowledge bases, but also as a final classifier in the segmentation and 

classification of unknown images. The proposed cogent confabulation based (CCB) expert 

system was compared against two well-known classifiers (Multi-Layer Perceptrons and Normal 

Bayes), and the obtained results presented in this paper indicate that both the accuracy of the 

proposed expert system and its execution time outperform the other classifiers that it was 

compared against. 

   Behind every expert system there is a knowledge base that contains expert information about 

the task at hand. The knowledge base behind the proposed CCB expert system consists of three 

parts: (1) Color probability histograms knowledge base (CPH-KB), (2) Global color histograms 

knowledge base (GCH-KB), and (3) Contextual information knowledge base (CI-KB). 

Color probability histograms knowledge base (CPH-KB) includes conditional probabilities that a 

certain color value x from the appropriate color channel could appear in certain Mediterranean 

landscape class c - p(x|c). This knowledge base also includes the knowledge about optimal color 

spaces where classification of each class in Mediterranean landscape images gives the best 

results. Based on this research, described in details in Section 3, in the proposed CCB expert 

system we have only used color probability histograms related to color channels in RGB, HSV, 

HLS, CIE-XYZ, CIE L*a*b*, CIE L*u*v* and YCgCr color spaces. We did not use color probability 

histograms related to Ohta or YCbCr color spaces, because neither of those two color spaces 

was deemed optimal for the classification of any of the proposed classes. 
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   Global color histograms knowledge base (GCH-KB) are used for scene classification. While 

deciding which global image features should we include in our knowledge database, we tested 

29 of them and selected the top three. Those global features are global color histograms in the 

following color channels: 3rd channel of the CIE-XYZ color space, 1st channel of the HSV color 

space, and 1st channel of the HLS color space. For each image in the FESB MLID dataset we have 

calculated three global color histograms, one for each of those three channels, and labeled 

them with a vector containing information about the percentage of representation of each 

class in that image. This information is important for the proposed CCB expert system, because 

for every new image that we want to classify we calculate its three global color histograms, 

compare them to the corresponding histograms in the knowledge database, find the ones that 

are closest to them, and obtain their labels. These labels give us information about the global 

scene classification, i.e. they tell us which classes are likely to appear in our image and how 

much area in the image are they likely to occupy. 

   Contextual information knowledge base (CI-KB) was used to improve the overall classification 

performance. For contextual information we have calculated the average probabilities of each 

class that show how likely it is that a particular class will appear in the top, middle, or bottom 

part of the image (this method was also used in [9]). We have calculated these probabilities on 

train images from the FESB MLID dataset, stored them in a knowledge base, and used them in 

the cogent confabulation pixel-based classification procedure explained in section 4. 

Since CPH-KB knowledge base is essential for the proposed CCB expert system, in the next 

section we will describe in details our research related to its construction. 

 

III.  The selection of optimal color spaces in segmentation and classification of natural 
landscape images 
 

   In this section we present an evaluation of the use of 9 different color spaces in the 

classification of 11 classes that can usually be found in the images of Mediterranean landscape. 

We discuss the related work, dataset used in our research, color spaces, and color-based 

classification process, and finally present the optimal color spaces for each class according to 

different criteria. 

 

A. Related work 

   Selection of proper color spaces for different computer vision tasks has been studied in 

scientific literature, but color space evaluation and/or comparison intended for purposes of 

classification, segmentation, detection and/or recognition of classes that can be found in 

natural landscape images (e.g. classes such as water or sky) is still rare. On the contrary, this 

kind of evaluation and/or comparison is abundant for other purposes such as face detection.          

For example, Chaves-González et al. in [8] presented a study of color spaces for skin detection 

in face recognition systems. They compared ten different color spaces (RGB, CMY, YUV, YIQ, 

YPbPr, YCbCr, YCgCr, YDbDr, HSV or HSI and CIE-XYZ) and found that the most appropriate ones 

for skin color detection are HSV, YCgCr and YDbDr. Out of those three models, HSV was deemed 
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the winner in their study. Wang et al. [10] used color space fusion and dimension reduction 

scheme for vehicle color classification. Selection and fusion of color models was also used by 

Stokman and Gevers in [11] for image feature detection. 

   When it comes to natural outdoor scenes, we found that the following papers were most 

similar to our own work: [9, 12-13]. 

   Martí et al. [12] suggested a top-down approach for outdoor scene description in which they 

selected for each object class a subset of color and texture features that best characterised it, 

i.e. that had the potential to best distinguish it from the other object classes. They defined an 

object class as a real object in specific outdoor conditions. The approach that they proposed 

allows the incorporation of new objects in order to better describe a scene. The objects that 

they used in their paper are: road, leaves, sky and ground. 

   Bosch et al. [9] suggested an approach for natural outdoor scenes segmentation and 

description in which the subset of color and texture features was selected for each object with 

the goal of best distinguishing that object from the remaining ones. They used Sequential 

Forward Floating Search algorithm for feature selection for each object. They specified which 

features they used for each object in different image datasets that they used. They evaluated 

their method on three different datasets. On the first two datasets they used the same set of 

classes (sky, grass, road, vegetation and ground - everything else they considered to be 

unknown), and a different set of classes on the third dataset (rhino/hippo, polar bear, 

vegetation, sky, water, snow and ground). The system that they proposed allows the learning of 

new categories given the training examples of those categories. To compensate for objects in 

various weather conditions, each object was modeled as an object class. 

   Celen and Demirci [13] performed fire detection in seven different color models, and found 

that for the detection of fire pixels the best color models (out of the ones that they compared) 

are CIE L*a*b* and YCrCb. They also searched for the best color model for smoke, and selected 

best features for the detection of fire and smoke. The process of construction of color 

probability histograms that we used in this paper is the same as the process of histogram 

construction used in [13], although we did not group similar likelihood values and store them in 

lookup table as the authors in [13] did. Additionally, one of the steps that the authors in [13] 

used while deciding whether a pixel could represent fire or not was computing its likelihood of 

belonging to fire. They accomplished this by multiplying likelihoods (obtained through the 

lookup table) of the intensity values belonging to pixel's channels in a given color space. We 

also used this method while performing image classification (only instead of a lookup table we 

used color probability histograms). 

   Additionally, Çelik et al. [14] also used different color models for the detection of fire and 

smoke. 

   In the work presented in this paper we did not use all of the same classes, features and color 

spaces as the authors in the aforementioned papers did. We focused on a complete 

segmentation and classification of images of natural landscape, i.e. we took into account all of 

the classes that we believe occur most frequently in images of natural Mediterranean 

landscape. Additionally, since we found no other published research on natural Mediterranean 
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landscape segmentation and classification we had to compare the results of our proposed 

expert system to well-known classifiers instead. 

 

B. Mediterranean Landscape Image Dataset 

   Mediterranean Landscape Image Dataset (FESB MLID, http://wildfire.fesb.hr/) is a set of 400 

natural Mediterranean landscape images along with their ground truth (GT) segmentations. 12 

classes that we listed in the previous text were used in the process of manual segmentation of 

the images from this dataset. The name of the dataset is a combination of two acronyms, the 

first one being "FESB" which is a Croatian acronym for the Faculty of Electrical Engineering, 

Mechanical Engineering and Naval Architecture, and the second one being "MLID" which stands 

for "Mediterranean Landscape Image Dataset". Images of Mediterranean landscape from the 

FESB MLID dataset were obtained mostly through the Croatian iForestFire (Intelligent Forest 

Fire Monitoring System) [15] project. Some of the other images used in the FESB MLID dataset 

came from [1] and from our departmental internal image and video database 

(http://wildfire.fesb.hr/). 

    

 

Figure 1. Example image from the FESB MLID dataset and its corresponding GT segmentation. Different shades of 

gray on the GT image correspond to different classes 

 

   Out of the 400 images currently in the FESB MLID dataset, the first 200 are used as train 

images and the second 200 as test images in this paper. We should note that although FESB 

MLID dataset consists of a large number of images, it will expand in the future as we acquire 

and segment new images of the Mediterranean landscape. Fig. 1 shows an example image from 

the FESB MLID dataset and its GT segmentation, and Fig. 2 shows examples of class labels. 

 

C. Color spaces 

   The well-known color spaces that we decided to use are: RGB, HSV, CIE L*a*b*, CIE L*u*v*, 

YCgCr (proposed in [16]), YCbCr, HLS, CIE-XYZ and the color space proposed by Ohta et al. in 

[17]. (We will refer to the color space proposed by Ohta et al. in [17], and defined with color 
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features I1, I2' and I3', as the Ohta color space.). We used OpenCV (Open Source Computer 

Vision, http://opencv.org/) functions to convert RGB image into the following color spaces: 

YCbCr (implemented in OpenCV as YCrCb), HSV, HLS, CIE L*a*b* and CIE L*u*v*. Functions for 

converting RGB image into YCgCr and CIE-XYZ color spaces we implemented ourselves by using 

the directions (with some of our own minor alterations) and information about those color 

spaces that are provided in [8]. We also implemented the function for converting RGB image 

into Ohta color space by using the information about it given in [17] (with some of our own 

minor alterations). 

 

Figure 2. Examples of different class labels 

 

D. Cogent confabulation color-based classification 

   From the 200 train images from the FESB MLID dataset we calculated color probability 

histograms that tell us, for each class and for each color channel of particular color space, how 

likely it is that a certain value of the color channel will appear for a certain class. Fig. 3 shows 

examples of color probability histograms for two classes (close vegetation and smoke) 

calculated for the blue channel of the RGB color space. 
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Figure 3. Examples of color probability histograms for two predefined classes. The histograms are obtained for the 

blue channel of the RGB color space 

   The procedure of the color-based classification that we used is detailed in the following text, 

and is somewhat similar to the classification procedure used by Naive Bayes classifier (although 

it is not the same as Naive Bayes classifier because it does not require probability that the class 

will occur (p(c)) and the probability that the variable will occur (e.g. p(x))). Let us suppose that 

we want to classify one image pixel P(x,y,z) from one test image from the FESB MLID dataset in 

the RGB color space, so x, y and z are red, green and blue values of that pixel. The first step is to 

determine, from color probability histograms, how likely is it that x will appear in the red 

channel of all 11 classes. The result of this step are 11 conditional probabilities, named p(x|c), 

one for each class c. The same procedure is used for the other two channels, so p(y|c) and 

p(z|c) give information about how likely is it that value y will appear in the green channel and z 

in the blue channel of all 11 classes (determined with the variable c), respectively. 

   Finally, for each pixel P(x,y,z) we obtain 33 conditional probabilities (p(x|c), p(y|c), p(z|c), 

where c corresponds to classes from 1 to 11). These information are then stored in color 

probability histogram knowledge base (CPH-KB). 

   In cogent confabulation theory the overall likelihood that a pixel P, having x, y and z as red, 

green and blue components, belongs to a certain class c is a conditional probability p(xyz|c), 

named as a cogency [5], contrary to Bayesian decision theory where it is expressed as a 

posterior probability p(c|xyz). Cogency is the probability of the assumed facts xyz being true, 

given an assumption that the event c is true and Bayesian reasoning suggests to chose the 

event c that has the highest posterior probability p(c|xyz) giving the assumed facts xyz (for 

detail discussion about cogency please refer to [5-6, 18]). Beside the fact that according to [5-6] 

cogent confabulation based reasoning better represents the human model of reasoning, its 

main advantage is simple calculations. Cogency could be approximated according to the cogent 

confabulation theory by a simple confabulation product [5-6], as shown in equation (1). 

 

p(xyz|c)3 ≈ C .  p(x|c) . p(y|c) . p(z|c)       (1) 
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Figure 4. Cogent confabulation based classification and segmentation of images in different color spaces 

 

 In some cases, C might function approximately as a positive constant [5]. This equation named 

as "winner-take-all" strategy suggests that maximizing the confabulation (product of simple 

conditional probabilities: p(x|c) ∙ p(y|c) ∙ p(z|c)) will also maximize cogency (conditional 

probability p(xyz|c)). In [18] we have proposed that the process of cogency estimation by 

maximizing confabulation product can be used as a general effective classification tool for 
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wildfire and natural risk observers, and therefore we have applied it also in optimal color 

spaces evaluation, and also in the proposed CCB expert system classifier. The similar 

mechanism was proposed latter in [13] for the classification of fire and smoke, although it was 

not referred to as the result of the cogent confabulation theory. 

 The winner of the classification procedure that indicates to which class pixel P(x,y,z) most likely 

belongs to is the class c that has maximal confabulation product. The procedure is repeated for 

all test image pixels, as well as for all of the eight remaining color spaces, as shown in Fig. 4. At 

the end we obtain nine labeled images, one for each of the color spaces that we used. An 

example of these images is given in Fig. 5 and Fig. 6, for one image from the FESB MLID dataset. 

 

 
Figure 5. RGB representations of different color spaces. First row: RGB, CIE-XYZ, Ohta, HSV, HLS. Second row: CIE 
L*a*b*, CIE L*u*v*, YCgCr, YCbCr 
 

The reason that we have decided to use this simple classification technique on image pixel level 
was in order to put more emphasis on the selection of the optimal color space for each class 
rather than on the selection of the optimal classifier, optimal image segmentation technique or 
optimal scale on which to perform our analysis. But as section 4 shows, cogent confabulation 
based classifier outperforms other well-known classifiers that it was compared against, and is 
much faster. Therefore it is more suitable for real-time applications and that was one of our 
research goals. 
 
E. The selection of optimal color spaces 
   Figure 7 shows the overview of the procedure that we used for determining the optimal color 
spaces for each of the 11 Mediterranean landscape classes that we have used. 
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Figure 6. Cogent confabulation based segmentation and classification performed in different color spaces. First 
row: RGB, CIE-XYZ, Ohta, HSV, HLS. Second row: CIE L*a*b*, CIE L*u*v*, YCgCr, YCbCr 
 

    

 
Figure 7. Overview of the procedure for optimal color spaces selection 
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   We have applied cogent confabulation color-based classification algorithm to 200 test images 
from the FESB MLID test dataset, and for each image we obtained 9 segmented and classified 
images, one for each color space that we used. We compared these images to their 
corresponding GT images to discover how accurately were they automatically classified. We 
presented the obtained results with confusion matrices, and for the purposes of this paper we 
used two types of confusion matrices. The first type shows precision values for a given class, 
while the second one shows recall values. The confusion matrix that shows precision values is 
obtained by dividing each column element of the "raw" confusion matrix (the one that is not 
yet normalized, i.e. the one with the actual pixel counts) with the sum of all of the elements 
belonging to that column (including the pixels that the classification algorithm failed to classify). 
The confusion matrix that shows recall values is obtained by dividing each row element of the 
"raw" confusion matrix with the sum of all of the elements belonging to that row (including the 
pixels that the classification algorithm failed to classify). We can see that precision gives us 
information about how many pixels classified as belonging to a certain class actually belong to 
that class, while recall gives us information about how many pixels that belong to a certain class 
are actually classified at belonging to that class. In this paper, our confusion matrices have an 
additional column (the last column) that contains information about the pixels that the color-
based classification algorithm failed to classify. Those are the pixels whose label could not be 
determined because the probabilities of it occurring in each color space and for each class that 
was used were zero. We ignored pixels whose GT classification was unknown. 
   In this paper we give visual representations of the confusion matrices that we obtained, 
instead of the confusion matrices themselves (since there would be too many of them). We 
assumed that this would prove to be more effective and intuitive, since it will allow the readers 
to get a quick overview of the precision and recall values without the need to examine 18 
different confusion matrices. Visual representations of the confusion matrices that represent 
precision values are shown in Fig. 8, while the ones that represent recall values are shown in 
Fig. 9. Darker blocks in those images correspond to higher percentages in the confusion 
matrices. The names of the classes in Fig. 8 and Fig. 9 are given by using the following 
convention: (1) Smoke, (2) Clouds and fog, (3) Sun and light effects, (4) Sky, (5) Water surfaces, 
(6) Distant landscape, (7) Stone, (8) Distant vegetation, (9) Close vegetation, (10) Low 
vegetation and agricultural areas, (11) Buildings and artificial objects, and (12) Unknown. 
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Figure 8. Visual representation of the precision matrices. First row shows visual representations of the confusion 
matrices for the RGB, CIE-XYZ and Ohta color spaces, the second row for the HSV, HLS and CIE L*a*b* color spaces, 
and the third row for CIE L*u*v*, YCgCr and YCbCr color spaces respectively. Darker blocks correspond to higher 
percentages 

 
   It can be seen from Fig. 9 that there is some confusion between certain classes. Smoke, clouds 
and fog, water surfaces, distant landscape, and stone can all have very similar color features 
under certain conditions and certain distance from the camera, and therefore can often be 
confused with one another. Other classes that are often confused with one another are distant 
vegetation, close vegetation and low vegetation and agricultural areas, because these classes 
mostly consist of different shades of green and brown colors, and it is very difficult to 
determine the correct class if an image is classified on a pixel level.  Buildings and artificial 
objects also proved to be difficult to classify, given the broad range of colors that the pixels 
belonging to that class can assume. From this we conclude that color information alone does 
not have enough power to separate certain classes from one another, so additional information 
(e.g. contextual) should be used alongside it.  However, we also conclude that there are color 
spaces that are better at separating certain natural landscape classes than the others, so they 
should provide a better starting point for the classification of those classes than some randomly 
selected color space. 
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Figure 9. Visual representation of the recall matrices. First row shows visual representations of the confusion 
matrices for the RGB, CIE-XYZ and Ohta color spaces, the second row for the HSV, HLS and CIE L*a*b* color spaces, 
and the third row for CIE L*u*v*, YCgCr and YCbCr color spaces respectively. Darker blocks correspond to higher 
percentages 

 
   In order to conclude which color space should be used for the classification of different 
Mediterranean landscape classes, we calculated F-measures from the confusion matrices. F-
measures are used to combine precision and recall results and give a single measure that can 
estimate the classification quality. The well-known equation that is used for calculating the F-
measure is equation (2) [19]. 
 

F-measure = [(β2+1) . precision . recall]/[ β2 . precision + recall]   (2) 

 
   Different types of F-measures exist. In F1-measure, the β parameter is 1 so the equal weight is 
given to both recall and precision. In F2-measure, the β parameter is 2 and more weight is given 
to recall. In F0.5-measure, the β parameter is 0.5 and more weight is given to precision. 
   Table I presents a summary of optimal color spaces, given different criteria, for specific 
Mediterranean landscape classes. Additionally, it also gives the percentages that show how 
accurate was a given measure in the given optimal color space. The results presented in this 
table were obtained for the 200 test images from the FESB MLID dataset. It can be seen from 
this table that the optimal color spaces for most Mediterranean landscape classes will change 
with different criteria, meaning that for most classes the optimal color space that would 



15 

 

 

maximize precision, recall, and different F-measures does not exist. When choosing the optimal 
color space for color-based Mediterranean landscape image classification, we suggest the focus 
should be on the criteria that is most important to the task, so that the optimal color space for 
that particular task could be selected accordingly. For example, in wildfire smoke detection high 
recall is preferred over high precision since it is of extreme importance to detect every wildfire 
smoke that occurs so that the alarm could be raised and firefighters alarmed. In this case it 
would be better to deal with a higher number of false smoke alarms than to miss any actual 
smoke. 
 

 
 
   For cases where multiple color spaces cannot be used in Mediterranean landscape image 
classification, we wanted to discover which single color space would be optimal to use. 
 

 
 
   Table II shows an overview of color spaces for Mediterranean landscape image classification if 
that classification is performed in one color space only. These results are calculated for 200 test 
images from the FESB MLID dataset. It can be seen from the table that the overall optimal color 
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space for Mediterranean landscape image classification is HSV, and the weakest ones are RGB 
and CIE-XYZ. 
 
F. Contextual information knowledge base 
   For contextual information we have calculated the average probabilities of each class that 
show how likely is it that a particular class will appear in the top, middle, or bottom part of the 
image on 200 train images from the FESB MLID dataset. Results are presented in Table III. 
 

 
 

IV.    Expert system segmentation and classification procedure 
 

   In this section of the paper we explain in detail each step of the CCB expert system for the 
segmentation and classification of landscape images. Proposed algorithm concurrently 
performs both image segmentation and regions classification. It consists of 7 steps 
schematically shown in Fig. 10, and detailed below. 
 
Step 1. Calculation of global color descriptors of the input image, estimation of its closest 
neighbors in the global color histogram knowledge base (GCH-KB) according to the L1-norm. 
This step gives us an estimate of the classes that can be found in the input image, as well as an 
estimate of their areas. Information are stored and used in step 4. 
 
Step 2. Pixel-based classification of input image based on maximization of cogency p(xyzq|c). 
Values x, y and z are the pixel's intensity values in 3 color channels, and q is the probability that 
shows how likely it is that class c can be found in the current part of the image (Table III). This 
step is performed for 7 color spaces, and its end result are 7 classified images. 
 
Step 3. If the pixel is classified as the same class in all 7 color spaces in the previous step, than 
that class becomes its final label. 



17 

 

 

 
Figure 10. Proposed cogent-confabulation based expert system for segmentation and classification of 
Mediterranean landscape images 
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Step 4. If there are any more unclassified pixels in the image, they are classified as follows. The 
information about optimal color spaces from Table I according to the F1-measure is used (we 
use the F1-measure because it gives equal weight to both precision and recall), and it is taken 
into account how successfully were classes classified in their designated optimal color spaces. 
The higher their F1-measure is, the higher weight in the classification process will they have. For 
example, F1-measure for the class 3 - Sun and light effects in its optimal color space (RGB) was 
82.843%, while the F1-measure for the class 4 – Sky in its optimal color space (HLS) was 
54.406%. In our proposed system this means that if the pixel is classified in the RGB color space 
as Sun and light effects and in the HLS as Sky, the first one Sun and light effects will take 
precedence in the classification system because it is more likely that this classification is 
accurate. The list all of the classes in the descending order according to their F1-measure could 
be derived from Table I: 1. Sun and light effects, 2. Close vegetation, 3. Sky, 4. Clouds and fog, 5. 
Low vegetation and agricultural areas, 6. Distant vegetation, 7. Distant landscape, 8. Stone, 9. 
Buildings and artificial objects, 10. Water surfaces, and 11. Smoke. In addition to the weight of 
the F1-measures, the pixel will only be classified as a particular class if that class is possible for 
that input image, according to the comparison of input image with global color histogram 
knowledge base (GCH-KB) calculated in step 1. 
 
Step 5. If there are any more unclassified pixels in the image, they are classified similarly to the 
previous step. The only difference is that global image labels are not taken into account in this 
step of the algorithm. 
 
Step 6. If there are any more unclassified pixels in the image, we classify them by maximizing 
cogency p(xyz|c) and in this case x, y and z are the pixel's intensity values in 3 color channels of 
the HSV color space. We chose to use this color space because in Table II it has the highest F1-
measure for Mediterranean landscape image classification performed in a single color space. 
 
Step 7. If some pixels still remain unclassified they are labeled as class 12 - Unknown areas. 
Table IV shows how the F1-measure and the percentage of unclassified pixels changes with the 
addition of different classification steps to the proposed CCB expert system.  
 
   The steps that we focused on were the steps 3-6 detailed above, since they are the main 
classification steps. Even though the final F1-measure was a little bit lower after step 6 than it 
was after step 4, we still take that lower F1-measure as the final one since the number of 
unclassified pixels is much lower after step 6 than it was after step 3. 
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A. Comparison with the other classifiers 
   In this section we compare the proposed CCB expert system with different well-known 
classifiers: Multi-Layer Perceptrons (MLP) and Normal Bayes. The results that we obtained 
indicate that the accuracy of the CCB expert system is comparable or more accurate to that of 
the mentioned classifiers, but its execution time is much lower. 
   Additionally, we compared the proposed CCB expert system to the K-Nearest Neighbors (K-
NN) and Support Vector Machines (SVM) classifiers. We found these classifiers to be 
problematic in our case because of the computer memory and speed complications that 
occurred when we tried to classify 200 test images from the FESB MLID dataset with them. We 
encountered computer memory issues while trying to create a file that would contain feature 
vectors calculated for the train images from the FESB MLID dataset. There were far too many of 
these feature vectors and they caused insufficient memory errors.  
   We solved this problem for Normal Bayes and MLP classifiers by saving these feature vectors 
into multiple smaller files instead of one large one, and then training the classifiers on the first 
file and updating them with the rest of the files. 
Unfortunately, this approach could not be used for the SVM classifier as it does not support 
incremental learning, and that is why we could not compare this classifier to the proposed CCB 
expert system. Additionally, we also decided against comparing the K-NN classifier to the 
proposed CCB expert system. This was decided because the K-NN classification was extremely 
slow as it took over 26 minutes to classify a single image from the FESB MLID dataset, even 
though the classification was being performed on non-overlapping blocks of 5x5 pixels instead 
of pixels. From this it can be concluded that once performed on pixels, the K-NN classifier 
would be extremely slow and not useful for real-time applications that require pixel-based 
classification. 
   Finally, we trained the MLP and Normal Bayes classifiers on 200 train images from the FESB 
MLID dataset. Each pixel from those images that was manually segmented into one of the 11 
Mediterranean landscape classes that we used was described by a feature vector consisting of 
27 average intensity values (one average intensity per color channel from 9 color spaces that 
we used), and a value describing its position in the image (top, middle or bottom). 
   Table V and Fig. 11 show average classification results for the MLP classifier, Normal Bayes 
classifier, and the proposed CCB expert system for 200 test images from the FESB MLID dataset. 
It can be seen from the table that the proposed system significantly outperforms both the MLP 
and the Normal Bayes classifiers. 
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Figure 11. Comparison of the performance of the proposed CCB expert system with the MLP and Normal Bayes 
classifiers 

Conclusion 
   
 In the last few years there has been a steady increase in the number of automatic, image-
processing based wildfire monitoring and surveillance systems. Places that are commonly most 
affected by wildfires are areas with hot and dry summers, such as the coastal areas around the 
Mediterranean sea. With this in mind, we focused our research on segmentation and 
classification of natural Mediterranean images, in the hopes that this research will help in the 
future automatic detection of wildfires and their prevention. 
   In this paper we aimed to discover which color spaces, out of nine different ones that we have 
tested, are most suitable for color-based classification of classes that can usually be found in 
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images of natural Mediterranean landscape. While we found that there are color spaces that 
are better than others for segmentation and classification of different natural landscape 
classes, we concluded that to really be able to automatically differentiate between various 
classes, color information alone is not enough. We therefore proposed a cogent confabulation 
based expert system for segmentation and classification of natural landscape images that fuses 
information about the context of each class, optimal color spaces, and local and global image 
features. The results that we obtained indicate that the accuracy of the proposed expert system 
is higher and its execution time lower than those of various well-known classifiers. Since natural 
landscape image segmentation and classification is often used in real-time applications, this 
would make the proposed expert system effective and efficient to use. Additionally, we 
presented a FESB MLID dataset on which we conducted our research. FESB MLID dataset 
consists of 400 images of natural landscape, alongside their hand labeled segmentations. It is 
freely available online to anyone doing research in vision and image processing. In our future 
work we plan to focus on expanding the FESB MLID dataset with new images of natural 
Mediterranean landscape, and on adding additional classes (such as fire and snow) to the list of 
Mediterranean landscape classes. 
   Even though this paper presents an expert system for the automatic segmentation and 
classification of regions on typical Mediterranean landscape images, the same procedure could 
be used for any other landscape images, as well as for any other definition of classes, but 
appropriate knowledge bases have to be created beforehand. 
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