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Abstract— Automation in classification is a 
ubiquitous process in every modern industry. This 
process is especially critical in the seafood industry of 
raw fish, where nature produces magnitude of complex 
forms and patterns. This paper is presenting the 
various methods of pattern recognition to the fish 
classification problem, discusses the processing of 
images, decision-making methods for classification of 
patterns (Nearest Neighbor Algorithm and Bayesian 
decision theory), optimization of the classifiers for 
pattern recognition, ways of analysis of patterns by 
groups, and the basic concepts of K-means clustering 
algorithm. 
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1. Introduction

In our everyday life, we process and analyze a 
large amount of information of various types, with 
different meanings and qualities. Decisions are made 
on the basis of the analysis of that information. We 
receive information through the senses. More than 
95% of them have an optical nature. [3] 
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Images are a powerful medium for conveying 
information and a means of communication. 
Therefore, they are not only the primary source of 
information but also the basic way of communication 
between people, especially between humans and 
machines (e.g. Basic communication between a 
computer and a human is feasible through a monitor.  
[1]. The monitor serves as a means of transmitting an 
image or information, about what happens in the 
computer, to the person. On the basis of the 
information received, the person reacts appropriately. 
This images/information has a digital format). [2]  
[4] The digital image contains a large amount of 
information. This means that during the process of its 
analysis a large number of different information of 
different formats is processed. It is necessary to 
emphasize that the information received by other 
senses is transformed into pictorial information, and 
only then is it used to recognize patterns. In this 
regard, special methods for image analysis have been 
developed. The term "analysis" refers to complex 
image processing, which consists of two phases. In 
the first phase, the image is preprocessed; segmented 
and potential objects of interest are marked in it. In 
the second stage, the objects in the image are 
recognized, which means that they are 
mathematically described and classified as objects of 
a certain class, which is a segment of a set of 
predefined classes. [5] 

2. The Process of Pattern Recognition

Figure 1. Block diagram of the sample recognition 
process 

The Figure 1 shows a block diagram of the sample 
recognition process: 

The sensor presents input sample, which should be 
classified (eg. face image, speech, RKG signal, set of 

https://doi.org/10.18421/SAR52-07


SAR Journal. Volume 5, Issue 2, Pages 111‐115, ISSN 2619‐9955, DOI: 10.18421/SAR52‐07 June 2022. 

112                                                                                                                       SAR Journal – Volume 5 / Number 2 / 2022. 

medical symptoms, and etc). The sample is usually 
used in practice as a vector. 

The feature extraction and selection block define 
the smallest number of required features relevant for 
classification. [15] 

The qualification block, based on the extracted 
characteristics, decides which class the input sample 
belongs to. 

To exemplify the above-stated, qualification 
(sorting) of fish by species can be used. 

 

The canned fish factory automatically sorts the fish 
on a conveyor belt by type (eg. salmon or European 
bass, also known as “branzino”). As shown on Figure 
2, the camera captures the fish on the conveyor, and 
the software needs to project a classifier that will 
recognize whether it is salmon or European bass. 

Question:  On what characteristics of fish can we 
distinguish salmon from European bass? 

Salmon and European bass differ based on their 
physical characteristics: length, light, width, number 
and shape of fins, the position of the mouth, etc. 

 

 
 

Figure 2. Block diagram of the fish qualification process 
 

Length: A typical European bass is known to be 
longer than salmon. This means that we can classify 
fish according to this characteristic. The classifier 
classifies longer fish of a certain limit value as 
European bass and shorter fish like salmon. 

We use a set of fish to train the classifier, giving a 
class distribution (salmon, European bass) as in the 
Figure 3. 
 

 
 

Figure 3. Distribution of fish species by length only 
 

The distribution diagram shows that the two 
classes of fish overlap. Obviously, no matter which 
boundary we choose between classes, there will be a 
relatively large classification error. Thus, to reduce 
this error we will make a classification with some 
other characteristics such as the lightness value of the 
color (salmon is darker) [13], [14]. 

 
 

The lightness of the color is a much better feature 
because the distributions in the two classes of fish are 
much more strongly separated. However, there is a 
chance that we will make a mistake regardless of the 
color value limit we choose. [6] 

There are two types of mistakes; we can put 
European bass in the salmon can and vice versa. 
Each of these mistakes has its price tag for the 
company's reputation: 
 

 ▪ If we put European bass in the can of salmon, the 
buyers will be dissatisfied because the salmon is 
more expensive, they will hardly continue to buy 
our products. It is a big blow to the company's 
reputation. 

 ▪ If we put salmon in the canned European bass, 
the buyers will not be dissatisfied, but the 
company will be at a loss. However, the mistake 
will have a lower price. 

 

This suggests that to reduce customer 
dissatisfaction we can reduce the lightness limit 
value by reducing the error of selling European bass 
as salmon. 

All things considered, every decision has its price, 
and the purpose of decision-making methods is to 
make a decision that will have the lowest cost. [7], 
[8] 

It should be noted that to improve the accuracy of 
the classification we can try to use both 
characteristics: length and lightness of the fish. The 
vector of characteristics, in that case, is determined 
by the relation: 

 

     
 

 
 

Figure 4. Linear classifier diagram 
 

The last example displays a diagram of a linear 
classifier, because the space of the distribution of 
features for the two classes is divided by a linear 
function. In other words, a diagram of a linear 
classifier is given hence the space of the distribution 
of features for the two classes are divided by a linear 
function [9]. 
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Principally, we can also use a nonlinear classifier 
(Figure 4). In that case, the boundary between the 
classes will be a nonlinear function. 

Figure 5.  The nonlinear classifier diagram 

The Figure 5 presents a diagram of a nonlinear 
classifier, because the space of the distribution of 
features for the two classes is divided by a nonlinear 
function. 

3. The Nearest Neighbor Algorithm

There are two basic methods of deciding pattern 
classification: Nearest neighbor algorithm; Bayes' 
theory of decision-making. [11] 

Figure 6. Nearest neighbor algorithm-NN 

During the nearest neighbor algorithm (NN rule) 
the unknown sample is compared to known samples 
(training samples). The distance from the unknown 
sample to all training samples (all neighbors) is 
measured. The training sample that is closest to the 
unknown sample in the feature space is found. The 
unknown sample is classified in the class to which 
the nearest neighbor belongs (Figure 6). 

When applying this algorithm, problems arise and 
they need to be solved additionally. 

A sample that needs to be classified has two closest 
neighbors belonging to different classes. Therefore, it 
is not possible to determine which class it belongs to. 

Two samples belonging to different classes have 
the same closest neighbor. The consequence is that it 
is not possible to determine which class they belong 
to [12]. 

In both cases, it is necessary to choose another 
combination of features in which the closest 
neighbors of the two unknown samples will not 
belong to the same class. 

Image noise can cause changes in feature vectors, 
and thus classification errors. This is excluded by 
improving the generalization property with the help 
of a larger number of training samples. [10] 

The classification by the nearest neighbor method 
can be interpreted as follows: 

▪ In the learning phase we use a larger number of
training samples that belong to different classes.

▪ We define the density of training samples Di(x)
as the number of samples belonging to class Ci in
a constant environment at place x in the feature
space.

If Dk(x) is large for a class Ck in place of x, it 
means that there are a large number of training 
samples belonging to the class Ck, so it is likely that 
the unknown sample x belongs to the class Ck 

According to the NN rule, it is worth that 

And then the vector x belongs to the class Ck. 
The density of the training vector Di(x) is related to 

the conditional probability p(x|Ci) 

p(x|Ci) is normalized density Di(x). 
We can conclude that the NN rule reaches a 

decision based on conditional probabilities p(x|Ci) 
(likelihood). 

The NN rule does not make a MAP classification, 
but a Maximum Likelihood (ML) classification. 

The NN rule does not take into account a priori 
probabilities which in some cases make a biased 
classification (bias). 

The NN rule can be modified in a way to make a 
MAP classification. 

The NN rule can be corrected directly by 
multiplying the density of training samples Di(x) by 
P(Ci) in order to find the highest density class before 
making a comparison. 

The NN rule can be corrected as well, indirectly by 
the fact that it is necessary to select the sets of 
training vectors of the individual classes so that their 
magnitudes are proportional to the a priori 
probabilities of those classes. 



SAR Journal. Volume 5, Issue 2, Pages 111‐115, ISSN 2619‐9955, DOI: 10.18421/SAR52‐07 June 2022. 

114    SAR Journal – Volume 5 / Number 2 / 2022. 

The following conclusions can be drawn about the 
NN rule: 

▪ The NN rule does not take into account the a
priori probabilities of the classes and can
therefore produce a biased classification.

▪ It is wrong to train an NN classifier using the
same number of samples for each class.

▪ Proper training of an NN classifier is when the
structure of the training set is statistically equal
to the vectors that appear in normal operation.

4. Bayesian Theory of Decision Making

Bayesian theory of decision making is a 
fundamental statistical tool for solving the problem 
of sample recognition. This approach quantifies the 
compromises between different decisions in terms of 
price and probability. [16] 

Problem: The unknown example x ∈ needs to be 
classified into one of N classes Ci,    i = 1, ..., N 

We assume that we know the conditional 
probability of belonging to p(x|Ci), that is the a priori 
probability of the class p(Ci). 

Posterior probability (probability after easurement) 
of class Ci if x is measured according to the Bayes 
formula is equal to: 

where: 

In Bayesian decision rules, the unknown sample x 
is classified in class Cj if it has the highest posterior 
probability: 

This method of classification is called MAP 
(maximum a posteriori) classification. 

5. Optimal Number of Features

One of the most important issues when designing a 
classifier is choosing the dimensions of the feature 
vector. It is intuitively clear that by increasing the 
number of features we can reduce classification 
errors. [18], [19] Nonetheless, increasing the number 
of features improves the quality of the classification 
to a certain extent. After that limit, the quality of the 
classification decreases. The optimal number of 
features depends on the size of the training set. The 

larger the set of training vectors, the more 
characteristics we can have (larger dimension of the 
vectors). The optimal number of features needs to be 
determined experimentally. [20] If the vector 
dimension is too large in relation to the number of 
training vectors, then we do not get a good 
classification because we have too small a training 
set. If the size of the vector is too large in relation to 
the number of training vectors, then it is unlikely that 
an unknown vector will have a training vector of its 
class nearby, because the feature space will be 
overcrowded, so there will be vectors of another 
class between the same class vectors. [21] 

6. Cluster Analysis

Sample group analysis algorithms are used in 
sample recognition processes to detect areas in the 
feature space where objects are grouped. Objects 
organized in groups belong to one class. Clustering 
algorithms actually perform a kind of classification 
of vectors [17]. There are two types of classifiers that 
use clustering algorithms:  

▪ Supervised learning classifiers;

▪ Unsupervised learning classifiers.

7. K-means Clustering Algorithm

Figure 7. Linear classifier diagram 

There are several steps in the developing process of 
the K-means clustering algorithm, which is 
illustrated in Figure 7: 

▪ Select the initial centers of the group;

▪ Calculate the quality of the grouping;

▪ Repeat;

▪ Assign a new vector closest to the defined center
of the group;

▪ Calculate the new group center;

▪ Calculate the new grouping quality;

▪ Repeat until there is no change in center or
grouping quality;

▪ The centers of the groups are in the center of
gravity of the individual classes;
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▪ The classification of the unknown sample is
determined by the method of the nearest centre
of the class, as shown in Figure 8.

Figure 8. Starting centers 

8. Conclusion

One of the basic problems when creating a pattern 
recognition system is the selection of appropriate 
numerical attributes, to describe the characteristics of 
the objects, which are extracted from the 
classification image. [22] A special mathematical 
concept is used in that direction. This concept is used 
in other sciences likewise, such as mechanics and 
statistics. The image is described at the time of the 
event, hence global image properties are used instead 
of local ones. Therefore, in this paper, emphasis is 
placed on the application of optical information in 
the processes of recognizing unknown patterns. 

In this paper we pointed to: 

▪ The process of pattern recognition;

▪ Decision methods for specimen classification
(Nearest Neighbor Algorithm and Bayes theory
of decision making);

▪ How pattern recognition classifiers are
optimized;

▪ The manner of analysis of the specimens by
groups;

▪ Basic concepts of K-means clustering algorithm.
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