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Tekoäly on nähnyt viimevuosina merkittäviä muutoksia. Suureen kielimalliin persutuva 

ChatGPT kynenee vastaamaan lähes, jokaiseen kysymykseen ja tuottamaan lähes minkä ta-

hansa halutun tekstipätkän, kun taas tekstistä kuvaksi mallit kuten DALL-E pystyy luomaan 

melkein minkä tahansa halutun kuvan käyttäjän syötteestä. Tämän työn tarkoituksena on 

ymmärtää miten tekoäöy toimii ja miten se oppii, rakentamalla esimerkki tekoäly. 

Rakennettu esimerkki tulee olemaan keinotekoinen neuroverkko kuvan tunnistus tekoäly. 

Tämä työ tulee ensin käymään läpi tarvittavat theoreettiset taustatiedot, minkä jälkeen oh-

jelma rakennetaan Pythonilla. Numpy kirjastoa tullaan käyttämään laskutoimituksissa ja Py-

plot kirjastoa käytetään kuvien näyttämiseen. Rakennettu ohjelma saavutti 74% tarkkuuden 

opetus datalle ja 66.6% tarkkuuden testatulle datalle. Merkittävin rajoittava tekijä työssä oli 

tarve vähentää kuvien määrä 9000 alkuperäisestä 25000 ja tarve skaalata kuvat 50x50 reso-

luutioon. Tämä tehtiin vähentääksi tarvittavan käytettävän muistin vähentämiseksi ja vähen-

tääksi tekoälyn opettamiseen menevää aikaa.  
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Artificial Intelligence has seen major improvements in recent years. Multimodal large lan-

guage models such as ChatGPT can answer almost any question, and produce almost any 

wanted text piece and Image text models such as DALL-E can produce almost any picture 

with a given prompt. Because the importance and usefulness of AI software seem to only 

rise. This work aims to understand how AI works and how it is trained, by constructed ex-

ample AI.  

The constructed example will be neural network image classification AI. The work will first 

go through the necessary general theoretical background information, after which the pro-

gram will be constructed with Python using the Numpy library for calculations and Pyplot 

for drawing images. The build program achieved 74% accuracy for the data, for which it was 

trained and 66.6% accuracy for the test data. The main limiting factor of this work was the 

need to reduce the total image dataset from 25000 images to only 9000 images, and the need 

to additionally scale images to 50x50 resolution. This was done to save memory and reduce 

the model training time. 

 

 

 

 

 



 

 

 

Abbreviations 

AI Artificial Intelligence 

ML Machine Learning 

NN  Neural Network 

RGB  Red, Green, and Blue 

BP Backward Propagation 

 

Symbols 

i neuron 

j neuron 

∆wij Weight update 

η Learning rate 

∂Е

∂w
 Backpropagation error 

∂i Backpropagation error 

xj training data 

oi i:th output 

ti i:th desired output 

hi weighted sum of the i:th neuron inputs 

f’(hi) activation function derivative 
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1  Introduction 

Artificial intelligence (AI) technology has seen massive leaps in recent years. OpenAI’s 

multimodal large language model ChatGPT can answer questions and generate wanted text 

content, which not only is not limited to text but is also able to generate usable code from 

given inputs. On the other hand, in their text-to-image model, DALL-E can generate almost 

any desired image from a given text input, with relatively accurate results. (OpenAI 2023) 

GhatGPT especially has led to a wide range of discussions of its impact on society, learning, 

science, and ethics. (Peters et al., 2023) While the discussion has been varied about whether 

this new AI is good or not, they tend to agree that AI is here to stay and will play an integral 

part in future employment and decision-making. (Jarrahi, 2018) While these newer innova-

tions are almost certainly mentioned when talking about AI it’s important to also remember 

that AI is already in use for almost everything from phone voice assistant, translation apps, 

ad- and product recommendations. (Marsner 2023) Currently, AI is already in professional 

use for example in dermatology where it has been used as help for recognizing skin condi-

tions such as classifying melanoma oma as benign or malignant. (Du-Harpur et al., 2020)  

Because it’s so ubiquitous and the fact that AI software is getting more and more compli-

cated. It’s important to understand how exactly programs get intelligent, while there are 

multiple different branches of AI this work aims to look at machine learning and more spe-

cifically its application in image recognition.  
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1.1  Objectives and goals 

The main focus of this work is to understand how image recognition works and how machine 

learning works after, functional image recognition AI is built from scratch, without the help 

of machine learning libraries such as scikit-image. (Stéfan et al., 2014) The secondary ob-

jective of the work is to serve as a starting point for understanding AI software. 

The main research questions for this thesis are: 

• What makes AI software intelligent? 

• How does neural network AI learn? 

 

1.2  Limitations 

Because the AI will be constructed from scratch, this thesis will only cover the basic theory 

and implementation of machine learning and machine vision. More complex topics such as 

low-light dataset enchantment and low-light image recognition (Chen et al., 2018), and com-

plex image manipulation such as using a vision transformer (Alexey et al., 2021) are outside 

of the scope of this thesis.  

 

1.3  Structure of the thesis 

This work consists of four chapters. The first chapter introduces the background of the work 

and explains why it is being done. After the introduction thesis objectives and research ques-

tions are presented. Then limitations of the work are laid out. Lastly, the thesis structure is 

summarized. The second chapter goes through the basic theoretical bases for machine learn-

ing and image recognition. The third chapter covers the image recognition AI’s build process 

and the results that the complete program produces. The fourth chapter goes through con-

clusions and future research.  



4 

 

2  Theoretical background 

This chapter will go through the necessary theoretical background for machine learning and 

image recognition. 

 

2.1  Machine learning 

Machine learning (ML) is a technique that improves system performance by learning from 

data. The main task in  ML is to develop a learning algorithm to train a model, once the 

model is trained it is possible to make predictions with it. (Zhou, 2021) 

 

2.2  Neural Network 

Neural networks (NN) are neurons connected and layered by structure. (Zhou, 2021) The 

first layer of the neural network is called the input layer, which directly receives data. The 

last layer is called the output layer, which presents the final outputs of the network. Between 

these layers are any number of hidden layers. (Soares & Alan, 2017) Figure 1 shows the 

most basic element of a neural network a neuron with its inputs and outputs. Figure 2 shows 

an example of a neural network structure with a multilayer network. 
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Figure 1: Neuron with its inputs and outputs (Soares & Alan, 2017) 

 

 

Figure 2: A multilayer neural network (Soares & Alan, 2017) 
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2.2.1  Activation function 

To achieve nonlinearity in the NN activation function must be used. This introduces nonlin-

earity to neurons' behavior. Without activation and function, the network would stay linear, 

meaning that the network would be a linear regression model and only able to learn linear 

relationships in the data, which doesn't occur in real-world data. (Soares & Alan, 2017)  

 

 

Figure 3: Examples of common activation functions (Soares & Alan, 2017) 
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2.2.2  Weights and bias 

Connections between neurons, i.e. weights can alter neuron signals either amplify or atten-

uate. Bias additional parameter for the neuron that acts like input, but it gets its value by a 

chosen fixed value usually 1, which is then multiplied by the associated weight. Bias helps 

systems nonlinearity for example even if all inputs are zero neurons might not necessarily 

produce zero. (Soares & Alan, 2017) 

 

2.2.3  Backward propagation 

Backward propagation (BP) is an NN learning algorithm that can adjust the weights of the 

hidden layer. The backward propagation employs the gradient descent method and tunes 

parameters towards the direction of the negative gradient of the objective. (Zhou, 2021) 

 

Figure 4 shows the weight update equation where n is given learning rate, δi backward prop-

agation of layer, and xj train data. Between neurons i and j. (Soares & Alan, 2017) 

 

 

Figure 4: Weight update (Soares & Alan, 2017) 
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Figure 5 shows the equation for backward propagation for the output layer, where oi is i:th 

output, ti is the wanted i:th output, f’(hi) is the derivative of the output activation function 

and hi is the weighted sum of i:th neuron inputs. (Soares & Alan, 2017) 

 

 

Figure 5: Backward propagation for the output layer (Soares & Alan, 2017) 

 

Figure 6 shows the equation of backward propagation for the hidden layer, where l is the 

neuron of the layer, wil is a weight that connects the current neutron to ahead, f’(hi) is the 

derivative of the output activation function, and hi is the weighted sum of i:th neuron inputs. 

(Soares & Alan, 2017) 

 

 

Figure 6: Backward propagation for the hidden layer (Soares & Alan, 2017) 
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Figure 7: Backward propagation state map (Soares & Alan, 2017) 

 

2.2.4  One-hot Encoding 

One-hot is an encoding method where the original feature vector is extended to a multidi-

mensional matrix where the matrix’s dimensions represent the number of states and each 

dimension represents a certain state. Meaning that only one of the matrix’s dimensions is 

represented as a one and all others as a zero. This eliminates differences in value weights 

and has the additional benefit of being able to represent missing datasets as zero. An example 

of one-hot encoding is in Figure 11. (Yu et al., 2022)  
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Figure 8: Processing of one-hot encoding (Yu et al., 2022) 

2.2.1  Softmax 

Because image recognition is a classification problem network output layer will have only 

one class for each neuron. Because more than one neuron can produce results, which would 

result in an image having two classes, a mechanism needs to be implemented to prevent this. 

(Soares & Alan, 2017) The softmax activation function allocates the probabilities of being 

chosen based on the Boltzmann distribution. (Zhou, 2021) 

 

 

Figure 9: Softmax function (Wikipedia, 2023) 
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2.3  Image recognition 

Images can be interpreted as data with each pixel representing a neuron in the output layer.  

For neural networks images can be represented as data by transforming them into a matrix. 

For example, an image with dimensions of 100x100 and RGB encoding would have a total 

of 10000 pixels each with three different values raising the total amount of input layer nodes 

to 30000. (Soares & Alan, 2017) 

 

 

 

2.3.1  Softmax 

Because image recognition is a classification problem network output layer will have only 

one class for each neuron. Because more than one neuron can produce results, which would 

result in an image having two classes, a mechanism needs to be implemented to prevent this. 

(Soares & Alan, 2017) The softmax activation function allocates the probabilities of being 

chosen based on the Boltzmann distribution. (Zhou, 2021) 

 

 

Figure 9: Softmax function (Wikipedia, 2023) 
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3  Program 

3.1  Data and preprocessing 

The dataset used in this work is the Microsoft cats and dogs dataset, which contains a total 

of 25000 pictures of which 12500 are cats and 12500 are dogs. (Microsoft, 2023) After de-

leting corrupted images and additional images from cats and dogs to save memory and de-

crease run time. The number of pictures left is 9000 of which 4500 are cats and 4500 dogs.  

The images are then scaled to standard a pixel ratio of 50x50, after which images are trans-

formed into [50, 50, 3] matrix, which is then transformed into [50, 150] matrix. 

Training data consist of 8000 images and testing data consists of 100 images. Additionally, 

Picture labels are read into separate lists where 0 means the image is a dog and 1 means the 

image is a cat. 

 

 

Figure 7: Some of the dog pictures before, scaling (Microsoft, 2023) 
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Figure 10: Some of the cat pictures before, scaling (Microsoft, 2023) 
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3.2  Building the program 

Libraries used: 

• Numpy, for calculations 

• Pyplot for drawing the images 

 

Neural network: 

• Training algorithm: Backpropagation 

• Number of hidden layers: 1 

• Number of neurons in the hidden layer: 20 

• Number of epochs: 10000 

• Learning rate: 0.1   

 

Weights and bias matrixes are initialized with random values. 

 

Figure 11: Parameter initialization 
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Figure 12: ReLu activation algorithm 

 

Softmax implementation, with max value substracted for numerical stability. Erases invalid 

value error thrown by numpy. 

 

Figure 13: Softmax algorithm 

Hidden and output layer values are calculated before backward propagation. 

 

Figure 14: Foward propagation 

 

One-hot encoding is used to mark the correct label value. 

 

Figure 15: One-hot encoding 
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Output layers change is calculated using softmax functions derivative with one-hot encod-

ing, which is equal to s-y. (Medium, 2021) Values are calculated using dot product weights 

and biases divided by the number of columns to get the mean of elements.  

 

Figure 16: Backward propagation 

 

Weights and biases are updated according to backward propagation returned values and 

given learning rate. 

 

Figure 17: Parameter update 

 

 

Figure 18: Getting predictions 

 

 

Figure 19: Getting accuracy 
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Figure 20: Training main 

 

 

Figure 21: Making and showing prediction 
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Image matrix values are between 0 and 255, which scale_factor of 255 is used to get values 

between 0 and 1, width and height are matrix dimensions, which are 50 and 150 

 

Figure 22: Running training and predictions 
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3.3  Program results 

Accuracy after training reached 74% 

 

Figure 23: Training accuracy 

Table 1. Test dataset prediction results 

Prediction Label Predicted label Correct/Wrong 

1 Dog Dog Correct 

2 Dog Dog Correct 

3 Dog Dog Correct 

4 Cat Dog Wrong 

5 Cat Cat Correct 

6 Cat Dog Wrong 

Accuracy 66.6%    

 

 

Figure 24: Prediction 1 
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Figure 25: Prediction 2 

 

 

Figure 26: Prediction 3 
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Figure 27: Prediction 4 

 

 

Figure 28: Prediction 5 

 

 

Figure 29: Prediction 6 

 

 

 

 

 

  



22 

 

4  Conclusions 

The goal of this work was to find out what makes AI software intelligent and how neural 

network AI learns, by building an image classification AI from scratch. The dataset used in 

the image classification was a dataset of cat and dog pictures. (Microsoft, 2023) In this thesis 

general introduction to machine learning and neural networks was given, after which image 

classification AI was constructed. 

The produced image classification model reached 74% accuracy after 10000 iterations, with 

the neural network using backward propagation and consisting of input, output, and one 

hidden layer. Model accuracy was reduced because of the total 25000 images only 9000 

were used and they were scaled to 50x50 resolution. This was done to save needed memory 

and to reduce program run time down to a couple of hours. 

The results of this work demonstrated that in this case, the intelligence of an AI and learning 

comes from the amount and quality of data available, time trained, and the structure of the 

neural network. While time training would not have affected the model's accuracy because 

it had already reached its peak. Changing data or network structure would have increased its 

accuracy. As seen by figures 24-29 scaling down the images reduced the amount of pixels 

they had added to the fact that over half the images were left out of the final dataset, which 

meant that quality and the variation of the data were cut short. Regarding the network struc-

ture for example having more hidden layers would have allowed for a more accurate approx-

imation of weights and biases. 

Possible future research would be to expand upon topics covered in this thesis. While a basic 

introduction to machine learning and neural networks was given, future work could expand 

upon used techniques as this work only covered those that were used in AI. More pressingly 

future work could go into more detail about the math used in neural networks as this work 

only briefly covered it.   
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