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Abstract - This paper will explain what an artificial 
neural network is and how it works in theory. To make it 
easier to explain how an artificial neural network works, the 
first part will explain the terminology, the idea behind 
neural networks and their role in machine learning. In the 
continuation of the paper, the development of neural 
networks will be presented, as well as the principle of 
operation of the most important models that will be used 
through examples, and special attention will have focus to 
explain the  concepts of neural networks. Through various 
applications in the examples, we will analyze the 
architecture of neural networks on image recognition using 
web applications and explain the concepts of convolutional 
neural networks. 
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I. INTRODUCTION 

Neural networks are mathematical algorithms for 
function approximation, they can be used for solving 
difficult programming tasks such as predictive modeling 
and feature recognition. The predictive ability of neural 
networks comes from their multi-layered hierarchical 
structure composed of artificial neurons [1].   

An artificial neuron is a function that receives input 
values and gives a result (output value). In order for 
neurons to be adaptable, the input data are weighted, i.e. 
multiplied by the weights in order to be able to determine 
which of the input data has the biggest influence on 
making the activation decision. Furthermore, in the neuron 
decision-making process, a threshold is used that 
represents the value of the weighted input data needed to 
activate the neuron. Weights and thresholds are designed 
to be adjustable which gives neurons the flexibility to 
adapt to solving a problem [2].  

The formula for calculating the output value of 
neuron: 

 

   (1) 

 

Where  are the input data ,  
are the corresponding weights of input data 

, b represents the threshold i.e. 
negative activation threshold. The expression  

represents the sum of weighted input data, i.e. if the input 
data and their corresponding weights are recorded as 
vectors,  would be their scalar product which when 
written would look like: 

     (2) 

 

The values of weights and thresholds can be adjusted 
depending on how much the output of the neural network 
deviates from the required result. Therefore, neural 
networks rely on training data, i.e. the required solutions 
are presented to the neural network for each set of input 
data, the output obtained by the network after processing 
that set of inputs is compared with the required solution to 
calculate the output error from which is calculated error of 
every weight and every threshold. In this way, the 
accuracy of the network is increased for each set of data 
that is processed and verified until the network becomes 
precisely adjusted to solve a certain problem. This process 
roughly simulates the learning process through experience 
that is present in humans and other organic systems [3].  

II. PROBLEM DESCRIPTION: DIGITAL IMAGE 

STRUCTURE 

Digital images are stored as number matrices, each 
number in the matrix represents one pixel i.e. pixel 
brightness. In the RGB (Red, Green, Blue) model, a color 
image consists of three such matrices that represent three 
color channels: red, green, and blue. Black and white 
images require only one matrix. Integers in the range 0 to 
255 are stored in each field of these matrices, where the 
value 0 represents the darkest shade and 255 the lightest. 
This range is a compromise between the efficiency of 
information storage and the sensitivity of the human eye 
that recognizes a limited number of shades of the same 
color [4]. 



 

Image 1: Digital image structure 

III. MULTILAYER PERCEPTRON 

The architecture of multilayer perceptrons consists of 
layers of neurons, has an input layer, an output layer, and 
between them one or more hidden layers. The input layer 
is not actually a function that receives input values and 
gives a result, rather is only referred to as the layer of 
neurons that represents the inputs. Multilayer perceptrons 
receive input data in the form of number vectors. A hidden 
layer is defined as a layer that lies between the input and 
output layer, if a neural network has more than one hidden 
layer it is called a deep neural network. Each hidden layer 
consists of a set of artificial neurons, where each artificial 
neuron is connected to all neurons in the previous layer. 
Within the hidden layer, each neuron is completely 
independent of the other neurons in the layer and are in no 
way connected. The output values of each layer are used 
as the input values of the next layer, which is why 
multilayer perceptrons are also called feedforward 
networks. The output layer represents classes, i.e. 
solutions to a classification or predictive problem, and it is 
used to calculate the error function through which all 
weights and thresholds in the network are adjusted. [2], 
[4]. 

A. Gradient descent algorithm 

 
Gradient descent algorithm is an optimization 

algorithm that asks for a set of adjustable input variables 
for a given function in order to obtain the minimum value 
of the given function. Gradient means the gradient at one 
point of the function obtained by first-order derivation. A 
negative value of the gradient indicates where the 
minimum of the given function is, i.e. whether the point 
determined by the set of adjustable input variables in 
which the gradient is calculated approaches the minimum 
of the function if these adjustable variables change. The 
learning rate is a value that determines how much the 
adjustable variables can change in relation to the gradient, 
which serves to make it easier to control the change of 
these variables and not to change too much and miss the 
minimum. This process of calculating the gradient and 
change i.e. updating the variables is repeated until the 

minimum is found or another given condition is met. The 
default function on which the gradient descent algorithm 
is applied in neural networks is called the error function. 
The error function represents the deviation of the neural 
network output values for a given set of input data and the 
required output values that usually come with the training 
data set. Commonly used error functions in neural 
networks are the quadratic error function used in 
regression problems and the cross-entropy function used 
in classification problems. There are extensions for the 
gradient descent algorithm that improve the optimization 
process and one of the most used and most useful is Adam 
(Adaptive Movement Estimation) which adjusts the 
learning rate according to the gradient. The gradient 
descent algorithm alone cannot calculate the gradient and 
adjust the input values on the neurons in the hidden layers. 
A backpropagation algorithm is used to solve this problem 
[2], [5]. 

 

B. Backpropagation algorithm  

 

The backpropagation algorithm is used in neural 
network training to calculate the gradient at neuron 
weights and thresholds in hidden layers. This gradient of 
weights and thresholds then uses an optimization 
algorithm i.e. gradient descent algorithm to optimize 
weights and thresholds. A backpropagation algorithm was 
developed to calculate the gradient of variables in graphs, 
the neural network can be viewed as a graph. 
Backpropagation sends the error from the output of the 
model to the previous nodes given how much impact these 
nodes have on the overall error at the output. Error 
function represents the error, weights and thresholds are 
adjustable variables in the function. In order for the 
backpropagation algorithm to calculate the error of each 
layer and individual weights and thresholds, it uses the 
recursive application of partial derivatives, i.e. derivation 
of sub-functions since it knows the derivation of the 
parent function, in the case of neural network the previous 
layer error or the entire model [5].  

IV. CONVOLUTIONAL NEURAL NETWORKS 

 

Convolutional neural networks are similar to ordinary 
neural networks (multilayer perceptrons). They are also 
made up of artificial neurons with weights and thresholds 
that are adjustable and can learn optimal values from the 
data. They also use the error function on the output layer. 
The first major difference between convolutional 
networks and multilayer perceptrons is that convolutional 
networks receive input in the form of three-dimensional 
matrices rather than in the form of vectors. Another big 
difference is that a convolutional network has several 
types of hidden layers. The three main types of hidden 
layers in a simple convolutional network are: 
convolutional layers, pooling layers, and fully connected 
layers [4]. 



A. Convolution 

 
Convolution through filters is not only used in 

convolutional neural networks, it is also often used for 
digital image processing, such as: image blur, sharpening, 
and edge detection. A filter is a smaller matrix of numbers 
that in the process of convolution passes over an image 
and transforms an image depending on the values in the 
filter. The result of the convolution process in 
convolutional neural networks is called a feature map [6]. 

 

      (3) 

 

Where the image is denoted by f and the filter by h. The 
indices of the rows and columns of the result matrix, i.e., 
the feature maps, are denoted by m and n. 

The same convolution is used when you want to get a 
feature map of the same dimensions as the original image. 
If the convolution is performed over a 6*6 pixel image 
with a 3*3 filter, the feature map is 4*4 size. This is 
because the filter can be set to a limited number of unique 
positions, in this case, 16. Since the image shrinks each 
time a convolution is performed over it, this function can 
be performed a limited number of times over the image 
depending on the filter size. Also, the effect of pixels on 
the edges of the image is much smaller than with pixels 
closer to the middle. Therefore, with each convolution, a 
small part of the data from the image is lost. To solve this 
problem, pixels can be added to the edges of the image. If 
this were applied to the example shown with a single-pixel 
border, the border-image would be 8*8, after convolution 
via a 3*3 filter the result would be a feature map of 6*6 
(same as the original image). Usually, in practice, the 
pixel border is filled with zero values [6]. 

If a border is used in a convolution, it is called an 
equal convolution in which the input image and the map 
are features of the same size. In the case of equal 
convolution, the width of the border is calculated by the 
following equation: 

 

             (4) 

Where the width of the border is denoted by p and the 
dimension of the filter is denoted by f. 

The step is the number of pixels by which the filter is 
moved, the length of the step is one of the parameters of 
the convolutional layer. When designing a convolutional 
neural network architecture, an increased step can be used 
to reduce filter overlap or to obtain a smaller feature map 
as a result. In the previously shown example, a 6*6 image 
with a 3*3 filter and a 2px step after convolution results in 
a 3*3 feature map, because the filter can only be set to 
nine unique positions. [6]. 

 

  (5) 

 

Where p is the border width, f is the filter dimension, s 
is the step, and n is the input and output matrix 
dimensions. 

B. Convolutional layers 

 
The way convolutional layers are constructed is 

similar to layers in a multilayer perceptron, the difference 
is that the hidden layer of the multilayer perceptron gets 
the result by multiplying the matrices, and the 
convolutional layer gets the result by convolution. 
Forward propagation in convolutional layers is calculated 
in two steps. The first step is to calculate among the values 
obtained as a result of the convolution of the output data 
of the previous layer with the tensor containing the filters, 
to which the threshold values are added. The second step 
is to apply a non-linear activation function to the recieved 
intermediate value [6].  

 

   (6) 

 

    (7) 

 

Where  represents the intermediate value in the layer 

,  represents a tensor containing filters of that layer, 

 represents the thresholds of the layer ,  

represents the output value of the previous layer,  

refers to the output value of the layer ,  represents 

the activation function of the layer  

For convolutional layers, each value in the filter 
affects each value in the feature map. Therefore, the 
values in the filter are treated as weights at the input 
values of the layer in the multilayer perceptrons. This 
means that convolutional layers possess smaller values 
adjustable through training [6]. 

For forward propagation in convolutional layers, it is 
described how the input data passes through convolutional 
layers that calculate the result. In order for the neural 
network to be adaptable and learn from the data the 
optimal values of weights and thresholds to be able to 
accurately solve a problem, the backpropagation algorithm 
is used. The idea behind the backward propagation is to 
calculate the error at the neural network outputs, which 
shows how large the deviation is from the result calculated 
by the neural network and the exact result recorded in the 
data set with which the training is performed. The error is 
then passed back through the model to obtain the error of 
each layer, i.e. the impact of each layer on the error at the 
output of the model. When the error of a certain layer is 
known, errors can be calculated, i.e. the influence of 
individual weights and thresholds on the model error. 



With this information, it is possible to increase or decrease 
the values of individual weights and thresholds in order to 
reduce the error and make the model give more accurate 
predictions, through a process called gradient descent. 
Partial derivatives are used to calculate the errors of each 
layer, weight, and threshold. As a first step, the 
intermediate value should be calculated, i.e. the derived 
value before the activation function. It is obtained by 
multiplying the partial derivation of the output values of 
the layer by the error function by the derived activation 
function [6]. 

From this intermediate value, partial derivatives can be 
easily calculated for individual weights and thresholds, but 
in order to continue spreading backward, it is necessary to 
calculate the partial derivative of the value before 
convolution. To calculate these values, a process of 
complete convolution is used, which can be superficially 
described as moving a filter rotated 180 degrees over a 
feature map containing derivatives between values and 
multiplying their values [6]. 

C. Pooling layers 

 
Pooling layers in convolutional neural networks are 

mainly used to reduce the size of tensors and speed up 
calculations. These layers are relatively simple, the image 
is divided into regions and some of the operations are 
performed on these regions, depending on the type of 
pooling layer. In the case of the Max Pool layer, the 
highest value in the region is taken and placed in the 
appropriate place in the output matrix. As with 
convolutional layers, the pooling layer receives filter size 
and step as parameters [6]. 

 

Because pooling layers do not have values such as 
weights and thresholds, which need to be adjusted 
according to the impact on the error in order for the model 
to be more accurate, the only task of backward 
propagation in these layers is to distribute and send the 
error to the previous layer. The methods differ depending 
on the type of pooling layer. For the Max Pool layer, the 
highest values in the region are taken and sent to the next 
layers. Therefore, the error does not include elements in 
the region that were not selected and sent to the next 
layers. To solve this problem, a mask is created each time 
values are passed through the Max Pool layer, which 
indicates the position of the highest value in the input 
matrix of the Max Pool layer. This mask is used with 
backward propagation to send the error back to the 
relevant positions, values in positions that are not passed 
are ignored [6]. 

V. COMPARISON OF MULTILAYER 

PERCEPTRONS AND CONVOLUTIONAL 

NETWORKS 

 

A. Multilayer perceptron in image recognition 

 

In order for a multilayer perceptron to read a digital 
image as an input value, the three-dimensional matrix of 
numbers in which the image is stored must be converted 
into a numeric vector that has no spatial structure. This 
loses information on how the numbers in the original 
matrix are spatially arranged. Convolutional neural 
networks are built to avoid such problems and to 
recognize shapes more easily in multidimensional data. 
Unlike multilayer perceptron, in convolutional networks it 
is important how the pixels in the digital image are 
spatially arranged, the pixels that are closer to each other 
are more strongly connected than the pixels that are more 
distant [4]. 

 

B. Convolutional networks in image recognition 

 

Convolutional networks are different from multilayer 
perceptron according to the types of hidden layers that are 
in the model. In each hidden layer of the convolutional 
network, artificial neurons are arranged in three 
dimensions (height, width, and depth). Each layer receives 
a three-dimensional matrix of numbers as input data and 
returns a three-dimensional matrix of numbers as output 
data. For example, for a color image at the input layer, the 
three-dimensional matrix takes the form of the height and 
width of the image in pixels and a depth of three, so that it 
can represent the primary colors (red, yellow, and blue) 
[4]. 

VI. BINARY CLASSIFICATION OF IMAGES 

 
By using a simple example of binary image 

classification, the performance of a model was measured 
and compared that uses a multilayer perceptron 
architecture and of a model that uses a convolutional 
neural network (CNN) architecture. The Kaggle data set 
"cats and dogs" [7] was used, 4000 images were extracted 
from the data set to serve as a test data set, both models 
were trained in 10 epochs with a series size of 64. Both 
models used ReLU activation functions for hidden layers 
and Sigmoid activation function on the output layer, also 
in both cases binary cross-entropy was used as a function 
of error. 

A. Multilayer perceptron performance in image 
classification 

The model that used the multilayer perceptron 
architecture consisted of 3 hidden layers, the first two 
layers had 128 neurons, the third layer had 64 neurons. 
The output layer had 1 neuron due to binary classification. 
The model as a whole had 1,304,961 adjustable 
parameters. 

The highest measured accuracy of the model during 
training on the training data is 62.12% with an error of 
0.6473, on the validation data the highest measured 
accuracy is 62.67% with an error of 0.6516. 

Accuracy during training increased sharply in the first 
2 epochs, after that accuracy continued to grow much 
more slowly with occasional declines, in some epochs 



accuracy decreased but the growth trend continued. In 
validation, accuracy increased sharply in the first 2 epochs 
as in training, but the declines and increases after the first 
2 epochs were much more pronounced. 

 

Image 2: Accuracy of multilayer perceptron models in 
training and validation 



 
The error decreases sharply during training in the first 

2 epochs, after which the error continues to decrease much 
more slowly. In validation in the first 2 epochs the error 
decreases sharply as in training, after which the error 
increases sharply in the 3rd epoch and decreases sharply 
again in the 4th epoch, the trend of sudden increases and 
decreases continues until the end of validation. 

 

Image 3: Multilayer perceptron model error during 
training and validation 

 

B. Convolutional network performance in image 
classification 

 

The model that used the architecture of the 
convolutional neural network consisted of hidden 2 
convolutional layers, each convolutional layer was 
accompanied by a pooling layer. In the first convolution 
layer, 64 filters with a filter size of 5x5 px were used and 
the same convolution was used. The first pooling layer 
uses Max Pooling with a filter size of 2x2 px, and step 2. 
In the second convolution layer, 128 filters with a filter 
size of 5x5 px were used and the same convolution was 
used. The second pooling layer uses Max Pooling with a 
filter size of 2x2 px. A fully connected single-neuron layer 
was used as the output layer. The model as a whole had 
286,593 adjustable parameters. 

The highest measured accuracy of the model during 
training on the training data is 83.09% with an error of 
0.3749, on the validation data the highest measured 
accuracy is 78.28% with an error of 0.4675. 

 

The accuracy of the model on the training data 
increases sharply in the first 2 epochs, after which the 
growth gradually slows down but continues. In validation, 
the accuracy in the first 2 epochs is higher than in training, 
it grows sharply as in training. After the first 2 epochs the 
growth of validation accuracy decreases sharply and at the 
end of the 3rd epoch the validation accuracy and training 
accuracy are equalized. Furthermore, the accuracy of 
validation continues to grow but slower than the accuracy 
of training, there is also a decline in the accuracy of 
validation in the 9th epoch, but it is corrected and grows 
slightly in the last epoch. 

 

Image 4: Accuracy of convolutional network model in 
training and validation 

 
The error of training decreases sharply in the first 3 
epochs, after which the error gradually continues to 
decrease more slowly. In validation, the error decreases in 
the same way as the accuracy of validation, in the first 2 
epochs it is less than the training error, in the 3rd epoch it 
is equated with the training error and after that it continues 
to decrease more slowly.  

 

Image 5: Convolutional network model error during 
training and validation 



 

C.  Performance on a test data set 

 

The performance of the model was further compared on a 
set of test data. The model using the multilayer perceptron 
architecture achieved a test accuracy of 62.40% with an 
error of 0.6529, and the model using the convolutional 
neural network architecture achieved an accuracy of 
78.17% with an error of 0.4755. 

 

VII. CONCLUSION  

 
The example of binary image classification shows that 
the multilayer perceptron architecture is less suitable for 
solving problems involving feature recognition in images. 
Due to the way data is loaded and processed, pixels that 
are spatially close to each other in images are not crucial 
in predicting results in multilayer perception. In training, 
the multilayer perceptron learns more slowly and 
achieves less accuracy, and in validation it often makes 
mistakes because it is harder to adapt to new data. The 
model that used the convolutional network architecture 
achieved better results in training and validation, but it 
was noticed that the validation accuracy begins to decline 
towards the end of training, the reason may be saturation 
or overtraining, this problem can be solved by 
optimization. In testing, the model that used the 
convolutional neural network architecture achieved 
satisfactory results, while the model that used the 
multilayer perceptron architecture achieved an accuracy 
greater than random guessing, but it still gives too 
unreliable predictions. 

 
 

[1] Brownlee Jason, “Crash Course On Multi-Layer Perceptron 

Neural Networks.” 

https://machinelearningmastery.com/neural-networks-crash-

course/ (accessed Feb. 09, 2022). 

[2] M. A. Nielsen, Neural Networks and Deep Learning. 

Determination Press, 2015. 

[3] “What are Neural Networks? | IBM.” 

https://www.ibm.com/cloud/learn/neural-networks (accessed 

Jun. 24, 2021). 

[4] M. R. Karim, M. Sewak, and P. Pujari, Practical 

Convolutional Neural Networks : Implement advanced deep 

learning models using Python. Packt Publishing, 2018. 

[5] B. Jason, “Difference Between Backpropagation and 

Stochastic Gradient Descent.” 

https://machinelearningmastery.com/difference-between-

backpropagation-and-stochastic-gradient-descent/ (accessed 

Dec. 20, 2021). 

[6] P. Skalski, “Gentle Dive into Math Behind Convolutional 

Neural Networks | by Piotr Skalski | Towards Data Science.” 

https://towardsdatascience.com/gentle-dive-into-math-behind-

convolutional-neural-networks-79a07dd44cf9 (accessed Nov. 

28, 2021). 

[7] “Download Kaggle Cats and Dogs Dataset from Official 

Microsoft Download Center.” https://www.microsoft.com/en-

us/download/confirmation.aspx?id=54765 (accessed Feb. 17, 

2022). 

 


