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Learning Outcomes(LO’s) 

Engineering knowledge: Apply the knowledge of mathematics, science, engineering fundamentals. Do 

research works according to own research topic.  

Problem analysis: Identify, formulate, review research literature, and analyze the machine learning 

problems in that field.  

Design/development of solutions: Design solutions for problems and design machine learning model or 

processes that meet the specified needs with appropriate methods for the topic.  

Conduct investigations of the problems: Use research-based knowledge and research methods including 

design of experiments, analysis and preprocessing of data, feature extraction and classification/clustering 

of the information to provide valid results.  

Modern tool usage: Create, select, and apply machine learning techniques, collect data, and modern 

approches and programming tools/libraries including prediction and modeling to the problems.  

Development environment: Understand the impact of the solutions in programming environment and 

prepare environment to applying the basic/simple machine learning methods for solution development.  

Ethics: Apply ethical principles and commit to professional ethics and responsibilities and norms of the 

programming practice.  

Individual and team work: Function effectively as an individual, and as a member or leader in diverse teams, 

and in multidisciplinary settings.  

Communication: Write effective reports and design documentation, make effective presentations, and give 

and receive clear instructions. 

  



Introduction to AI 

The definition of AI coined in the 1950s and still in use is "the capability of a machine to imitate intelligent 

human behavior." AI gets more interesting when the machine can not just imitate, but match or even exceed 

human performance—it gives us the opportunity to offload repetitive tasks, or even to get computers to do 

jobs more safely and efficiently than we can. 

Practically speaking, when people think of AI today, they almost mean machine learning: training a 

machine to learn a desired behavior. 

In traditional programming, programmer writes a program that processes data to produce a desired output. 

With machine learning, the steps are reversed: we feed in data and the desired output, and the computer 

writes the program for us. Machine learning programs (or more accurately, models) are largely black boxes. 

They can generate the desired output, but they aren't composed of a sequence of operations like a traditional 

program or algorithm. 

There's a lot of excitement today about a specialized type of machine learning called deep learning. Deep 

learning uses neural networks. (The term "deep" refers to the number of layers in the network—the more 

layers, the deeper the network.) One key advantage of deep learning is that it removes the need for manual 

data processing steps and extensive domain knowledge required for other techniques. 

Machine Learning methods 

Machine learning is an important topic in research and industry, with new methodologies developed all the 

time. The speed and complexity of the field makes keeping up with new techniques difficult even for experts 

— and potentially overwhelming for beginners. A machine learning algorithm, also called model, is a 

mathematical expression that represents data in the context of a problem, often a business problem.  

The ten methods are described as follows: 

1. Regression 

2. Classification 

3. Clustering 

4. Dimensionality Reduction 

5. Ensemble Methods 

6. Neural Nets and Deep Learning 

7. Transfer Learning 

8. Reinforcement Learning 

9. Natural Language Processing 

10. Word Embeddings 

The supervised ML techniques require label information for a piece of data that to predict or explain. The 

unsupervised ML looks at ways to relate and group data points without the use of a target variable to predict. 

In other words, it evaluates data in terms of traits and uses the traits to form clusters of items that are similar 

to one another.  



Regression 
Regression methods fall within the category of supervised ML. They help to predict or explain a particular 

numerical value based on a set of prior data, for example predicting the price of a property based on previous 

pricing data for similar properties.  

The simplest method is linear regression where we use the mathematical equation of the line (y = m * x + 

b) to model a data set. We train a linear regression model with many data pairs (x, y) by calculating the 

position and slope of a line that minimizes the total distance between all of the data points and the line. In 

other words, we calculate the slope (m) and the y-intercept (b) for a line that best approximates the 

observations in the data. 

Regression techniques run the gamut from simple (like linear regression) to complex (like regularized linear 

regression, polynomial regression, decision trees and random forest regressions, neural nets, among others).  

Classification 
Another class of supervised ML, classification methods predict or explain a class value. The simplest 

classification algorithm is logistic regression — which makes it sounds like a regression method, but it’s not. 

Logistic regression estimates the probability of an occurrence of an event based on one or more inputs. 

Logistic regression is the simplest classification model, it’s a good place to start for classification. Non-

linear classifiers are decision trees, random forests, support vector machines, and neural nets, among 

others. 

 

Clustering 
With clustering methods, we get into the category of unsupervised ML because their goal is to group or 

cluster observations that have similar characteristics. Clustering methods don’t use output information for 

training, but instead let the algorithm define the output. In clustering methods, we can only use visualizations 

to inspect the quality of the solution. 

The most popular clustering method is K-Means, where “K” represents the number of clusters that the user 

chooses to create. (Note that there are various techniques for choosing the value of K, such as the elbow 

method.) Roughly, what K-Means does with the data points: 

Randomly chooses K centers within the data. 

Assigns each data point to the closest of the randomly created centers. 

Re-computes the center of each cluster. 

If centers don’t change (or change very little), the process is finished. Otherwise, we return to step 2. (To 

prevent ending up in an infinite loop if the centers continue to change, set a maximum number of iterations 

in advance.) 

The most popular clustering algorithms are Density-Based Spatial Clustering of Applications with Noise 

(DBSCAN), Mean Shift Clustering, Agglomerative Hierarchical Clustering, Expectation–Maximization 

Clustering using Gaussian Mixture Models, among others. 

 

Dimensionality Reduction 
As the name suggests, we use dimensionality reduction to remove the least important information (sometime 

redundant columns) from a data set. In practice, There are data sets with hundreds or even thousands of 

columns (also called features), so reducing the total number is vital. For instance, images can include 

thousands of pixels, not all of which matter to your analysis. Or when testing microchips within the 

manufacturing process, you might have thousands of measurements and tests applied to every chip, many of 



which provide redundant information. In these cases, you need dimensionality reduction algorithms to make 

the data set manageable. 

The most popular dimensionality reduction method is Principal Component Analysis (PCA), which reduces 

the dimension of the feature space by finding new vectors that maximize the linear variation of the data. PCA 

can reduce the dimension of the data dramatically and without losing too much information when the linear 

correlations of the data are strong. 

Another popular method is t-Stochastic Neighbor Embedding (t-SNE), which does non-linear dimensionality 

reduction. People typically use t-SNE for data visualization, but we can also use it for machine learning tasks 

like reducing the feature space and clustering, to mention just a few. 

Ensemble Methods 
Ensemble methods use this an idea of combining several predictive models (supervised ML) to get higher 

quality predictions than each of the models could provide on its own. For example, the Random Forest 

algorithms is an ensemble method that combines many Decision Trees trained with different samples of the 

data sets. As a result, the quality of the predictions of a Random Forest is higher than the quality of the 

predictions estimated with a single Decision Tree. 

Think of ensemble methods as a way to reduce the variance and bias of a single machine learning model. 

That’s important because any given model may be accurate under certain conditions but inaccurate under 

other conditions. With another model, the relative accuracy might be reversed. By combining the two 

models, the quality of the predictions is balanced out. 

The most popular ensemble algorithms are Random Forest, XGBoost and LightGBM. 

Neural Networks and Deep Learning 
In contrast to linear and logistic regressions which are considered linear models, the objective of neural 

networks is to capture non-linear patterns in data by adding layers of parameters to the model. In the image 

below, the simple neural net has three inputs, a single hidden layer with five parameters, and an output layer. 

 

Figure 1. 1. Neural Network with One hidden layer. 

In fact, the structure of neural networks is flexible enough to build our well-known linear and logistic 

regression. The term Deep learning comes from a neural net with many hidden layers (see next Figure) and 

encapsulates a wide variety of architectures. 

https://xgboost.readthedocs.io/
https://github.com/Microsoft/LightGBM


It’s especially difficult to keep up with developments in deep learning, in part because the research and 

industry communities have doubled down on their deep learning efforts, spawning whole new methodologies 

every day. 

 

Figure 1. 2. Deep Learning: Neural Network with Many Hidden Layers. 

For the best performance, deep learning techniques require a lot of data — and a lot of compute power since 

the method is self-tuning many parameters within huge architectures. It quickly becomes clear why deep 

learning practitioners need very powerful computers enhanced with GPUs (graphical processing units). 

In particular, deep learning techniques have been extremely successful in the areas of vision (image 

classification), text, audio and video. The most common software packages for deep learning 

are Tensorflow and PyTorch. 

Transfer Learning 
Transfer Learning refers to re-using part of a previously trained neural net and adapting it to a new but similar 

task. Specifically, once we train a neural net using data for a task, we can transfer a fraction of the trained 

layers and combine them with a few new layers that you can train using the data of the new task. By adding 

a few layers, the new neural net can learn and adapt quickly to the new task. 

The main advantage of transfer learning is that we need less data to train the neural net, which is particularly 

important because training for deep learning algorithms is expensive in terms of both time and money 

(computational resources) — and of course it’s often very difficult to find enough labeled data for the 

training. 

Transfer learning has become more and more popular and there are now many solid pre-trained models 

available for common deep learning tasks like image and text classification. 

Reinforcement Learning 
Reinforcement Learning is a machine learning method that helps an agent learn from experience. By 

recording actions and using a trial-and-error approach in a set environment, Reinforcement Learning can 

maximize a cumulative reward. In a Reinforcement Learning framework, we learn from the data as we go. 

Not surprisingly, Reinforcement Learning is especially successful with games, especially games of “perfect 

information” like chess and Go. With games, feedback from the agent and the environment comes quickly, 

allowing the model to learn fast. The downside of Reinforcement Learning is that it can take a very long 

time to train if the problem is complex. 

https://www.tensorflow.org/
https://pytorch.org/
https://en.wikipedia.org/wiki/Perfect_information
https://en.wikipedia.org/wiki/Perfect_information


Just as IBM’s Deep Blue beat the best human chess player in 1997, AlphaGo, a Reinforcement Learning-

based algorithm, beat the best Go player in 2016. The current pioneers of Reinforcement Learning are the 

teams at DeepMind in the UK. More on AlphaGo and DeepMind here. 

On April, 2019, the OpenAI Five team was the first AI to beat a world champion team of e-sport Dota 2, a 

very complex video game that the OpenAI Five team chose because there were no Reinforcement Learning 

algorithms that were able to win it at the time. The same AI team that beat Dota 2’s champion human team 

also developed a robotic hand that can reorient a block.  

Natural Language Processing 
A huge percentage of the world’s data and knowledge is in some form of human language.  

Natural Language Processing (NLP) is not a machine learning method per se, but rather a widely used 

technique to prepare text for machine learning. Think of tons of text documents in a variety of formats (word, 

online blogs, ….). Most of these text documents will be full of typos, missing characters and other words 

that needed to be filtered out. At the moment, the most popular package for processing text is NLTK (Natural 

Language ToolKit), created by researchers at Stanford. 

Word Embeddings 
By contrast, word embeddings can capture the context of a word in a document. With the word context, 

embeddings can quantify the similarity between words, which in turn allows us to do arithmetic with words. 

Word2Vec is a method based on neural nets that maps words in a corpus to a numerical vector. We can then 

use these vectors to find synonyms, perform arithmetic operations with words, or to represent text documents 

(by taking the mean of all the word vectors in a document). For example, let’s assume that we use a 

sufficiently big corpus of text documents to estimate word embeddings. Let’s also assume that the words 

king, queen, man and woman are part of the corpus. Let say that vector(‘word’) is the numerical vector that 

represents the word ‘word’. To estimate vector(‘woman’), we can perform the arithmetic operation with 

vectors: 

vector(‘king’) + vector(‘woman’) — vector(‘man’) ~ vector(‘queen’) 

Word representations allow finding similarities between words by computing the cosine similarity between 

the vector representation of two words. The cosine similarity measures the angle between two vectors. 

We compute word embeddings using machine learning methods, but that’s often a pre-step to applying a 

machine learning algorithm on top. For instance, suppose we have access to the tweets of several thousand 

Twitter users. Also suppose that we know which of these Twitter users bought a house. To predict the 

probability of a new Twitter user buying a house, we can combine Word2Vec with a logistic regression. 

Summary 
Here [5] is mensioned the most important machine learning methods: from the most basic to the state-of-the-

art methods. Studying these methods well and fully understanding the basics of each one can serve as a solid 

starting point for further study of more advanced algorithms and methods. 

 

  

https://deepmind.com/research/alphago/
https://www.nltk.org/


Guidelines 

In the course of artificial intelligence and machine learning, students will learn to identify in a variety of 

ways using simple numerical data (characteristic vectors). At the theoretical level, conduct practical 

experiments using a well-known programming language (Matlab / Octave, Python, C / C ++, Java, etc.). 

They will then learn how to put their knowledge into practice, collect a small dataset, and classify/cluster 

the input objects. 

The work of this laboratory consists of the following 4 laboratory works. [4] 

Laboratory work №1. Get acquainted with the image file. 

Laboratory work №2. Write a program and test the machine learning algorithms using the methods 

described in the lecture. 

Laboratory work №3. Perform the image processing task for given image dataset using the knowledge 

gained from previous experiments. 

Laboratory work №4. As an example of classification, a facial recognition project should be completed 

according to the teacher's instructions. This may be a different task from lecturer’s given, that for own 

research data. In the future, it is important to learn to solve and implement any classification/clustering task 

based on this experience. 

Textbooks: 

1) Pattern Classification (2nd edition) – Richard O. Duda, Peter E. Hart, David G.Stock [1] 

2) Digital Image Processing (3rd edition) – Rafael C. Gonzalez, Richard E.Woods, 2) [2] 

. 

 

  



Purpose 

The purpose of the course laboratory manual is to help students understand the operation of image 

processing and machine learning algorithms and to perform laboratory work. 

It also facilitates the teacher's work by answering and giving directions to common questions that students 

ask the teacher during laboratory work. This allows students to do laboratory work on their own. 

 
Artificial intelligence and machine learning laboratory work can be done using any of the well-known 

programming languages such as Matlab / Octave, Python, C / C ++, and Java. This guide shows how to do 

this using the Matlab / Octave language, which is recommended by the teacher as it is more useful for 

beginner programming students. 

Matlab / Octave is also suitable for numerical calculations, has a large database and functionality, and has 

been tested for many years, so it is easy to find error information when searching the Internet. 

Here is an example of using MATLAB R2013a developed by Mathworks. 

Download and install from the main Mathworks site. 

Most languages use the openCV library. If you want to write program in C #, use the Emgu CV library. To 

run the Microsoft Visual Studio and download the Emgu CV library. Follow the directions in the website:  

http://sourceforge.net/projects/emgucv/files/emgucv/2.4.10/libemgucv-windows-universal-cuda-

2.4.10.1940.exe/download. 

More references in http://www.emgu.com/wiki/index.php/Main_Page . 

  

http://sourceforge.net/projects/emgucv/files/emgucv/2.4.10/libemgucv-windows-universal-cuda-2.4.10.1940.exe/download
http://sourceforge.net/projects/emgucv/files/emgucv/2.4.10/libemgucv-windows-universal-cuda-2.4.10.1940.exe/download
http://www.emgu.com/wiki/index.php/Main_Page


Laboratory work №1. Get acquainted with the image file. 

Objective: Read the pictures from the folder to calculate the average image, subtract each image from the 

average and write it in another folder. 

Get acquainted with the laboratory environment 

Get acquainted with the Matlab program 

Matlab is a program used by researchers for a variety of functions, including mathematical calculations and 

graphical representations, abbreviated as matrix laboratories. In this class, we will know how to perform 

simple operations on the program's general workspace and command line, the basic operations used in 

digital image processing, and how to use the help program to do what you need to do on your own needs. 

 

 

Figure 2. 1. MATLAB interface 

 

  



Writing code in the MATLAB Command window is difficult to edit and requires the entire code to be 

rewritten. Therefore, use the MATLAB Editor to create a file with a .m extension and write the code on it.

 

Figure 2. 2. MATLAB Editor 

As an example, let's read two images, create their average image, and then explain the code that finds the 

deviation from the average of the first two images. 

 

Clc- clears the line codes written in the previous Command window. If previously written line codes are 

needed, they are saved in the Command history section. 



The all clear all command clears previously used variables in Workspace. 

close all - closes all windows that created with commands such as figure, imshow (). 

mean_img = uint8 (zeros (500,600)) - Converts a array variable filled with 0 with a ratio of 500x600 to a 

matrix uint8. Simply create a black image of size 500x650. 

img1 = imresize (imread ('a.jpg'), [500,600]) - imread (filename) is a function to read an image by taking 

the entire path of the image or the path through the existing folder of the .m file. 

imresize (img, resize_value) is a function that resizes an image to a given value, which can be resized as 

above, and can be enlarged by 0.5 or 2. Making the shapes the same size makes it easier to calculate between 

them. 

Figure -prepares an image field for the imshow () function to creates an image display window. If no image 

field is prepared before each imshow (), the last screenshot will override the previous screenshot. 

imshow (img1) - displays the image read by the img1 variable in the figure window. 

mean_img = (img1 + img2) / 2 - Find the mean like the mathematical mean (add them all up and divide 

by the total number of pieces). Adding two images together and dividing them into two is the process of 

adding and subtracting the color value of each pixel of the two images. 

imwrite (mean_img, 'mean_img.jpg') - imwrite (A, filename) is a function that creates the data of the 

image A in a folder with a file with a .m extension, which is our code, with the specified name extension. 

Specify the file name with the extension. Create and save a new file with the same name, and if the file with 

that name already exists, overwrite that file. 

img21 = (img2 - mean_img); - Find the deviation from the mean of the image by subtracting the average 

image from the main image. 

 

  



The result of the example code above is in MATLAB 

 

Figure 2. 3. Results of the example code in MATLAB 

Figure1 and Figure2 are the input images are displays  

Figure3 shows the average of the two images. 

Figure4 and Figure5 are deviation from average of the images in Figure 1.and Figure 2, respectively. 

  



The files created as a result of the example code above

 

Figure 2. 4. Output files of the example 

Picture a and Picture b are the input images in the img1 and img2 matrices, respectively. 

Picture mean_img is the average of two images, created as an image file with imwrite (). 

Picture a1 and Picture b1 are the deviation from the average image of the 1st image and second image, 

respectively. 

Untitled1 - Sample code .m file created by MATLAB Editor. 

In this lab, students learned how to write code in MATLAB, as well as averages and deviations from the 

mean image, which are the basis of computer vision systems.  

  



Introduction to Octave program 

Installing the Octave program. 

The Octave can be downloaded from https://www.gnu.org/software/octave/ link and installed at your 

computer. Select the appropriate version for your computer's operating system.  

The following tutorial is for Octave 4.4.1 in the Windows 10 operating system environment. 

 

After installed the Octave, open the GUI version or graphical interface. 

The general interface of the Octave looks like below: 

 

Figure 2. 5. Octave interface 

Here the path to the File Browser, the variables declared in the Workspace section, their types, sizes, and 

values. For example, since the first example code is running, avg_img, the name of the average image 

matrix, and uint8, each element of the cell in the image matrix, will have an integer value between 0-255, 

unsigned integer 8 bits. The size of the matrix or image consists of 400x500 or 400 rows and 500 columns. 

In the Value section, 400x500 = 20000 pixels (cells) indicate the RGB or Red (Red), Green (Green), and 

Blue (Blue) values there are for each. 

The Command History section displays a list of previously written commands. 

The highlights here are the Command Prompt and Editor selected sections 

https://www.gnu.org/software/octave/


 

When first opened, the command line is selected. Here you can test your commands. However, depending 

on how easy it is to edit and save the code, you can create a file with the * .m extension in the Editor and 

run the code. 

1. Data preparation 

Since the task was to read pictures from a folder, the teacher created a folder called D: / PR lab and created 

two images in the folder (downloaded from Google by searching for flowers) and a Result folder to store 

the results. Created by writing and saving the lab file code. 

The main thing is that the two images have the same extension, which will not be a problem. Here is a 3-

channel color image with * .jpg extension. 

 

Figure 2. 6. Picture files 

1. Write code 



Go to the Editor section and write the following code and save it in the D: / PR lab folder as lab1.m. 

 

Figure 2. 7. Octave Editor 

Each line of code has a comment, so read it carefully and try it step by step. 

To run, click the Save and Run button as shown below. If a path message appears, the program will run to 

select change directory. If no results appear, go to the Command Window and look for an error message. 

Please correct the error and run it again. 



 

Figure 2. 8. Coding example 

After running the above code, look at the variables in Workspace as follows. The two input images are 

stored in the variables im1 and im2, and these matrices are in 3 dimensions, 980x656x3, etc., so it is not 

possible to operate on two matrices of different sizes, so they will be the same size. Because to resize image 

using imresize () function, it does not take color or 3-channel images. Therefore rgb2gray () function makes 

the gray image from color image. As you can see in the section below, the grayed images have two channels. 

You can also view variables or images with the same size of 400x500 by name. 

 

Figure 2. 9. Variables 



When the above code works, the following 4 images will be displayed, where the first 2 images are input 

color images with different sizes and the next 2 are resized gray images of them. 

 

Figure 2. 10. Output results 

After the code is executed, the result is written to the Result folder as follows. 

 

Figure 2. 11. Deviation results 

If you have read the instructions and obtained the above results, complete the following task. 

 
1.1 

Experiment with the following functions and understand how works the algorithms. 

Functions: imresize(), rgb2gray(), reshape(), strcat(), min(), max() Size(), strcat(), num2str(), length(), other 

necessary items can be found in lectures and searched on the Internet.  

1.2 

Read all the .jpg files in the same folder and create an image file for each of their deviation from an average 

all of them. 



For getting directory path directly, study the dir () function independently, read all the images in the folder 

with the * .jpg extension, 1) find an average image, 2) subtract each image from the average, and create an 

image file and write it back in the result folder. 

When writing a loop use below example: 

For i=1:m 

 

End  

 

 

If the averages of many images are found correctly, they will look like all overlapped, as shown in Figure 

1.5. 

 

Figure 2. 12. An average of the input images –in MATLAB  



Subtract the average image from each image, find the deviation, and create an image file for each image. 

 

Figure 2. 13. The deviation image of each image in Windows 

Explain the code, write a report showing the results in a * .doc file and send it to the teacher. 

 



Laboratory work №2 

Image enhancement functions 

Image processing some examples 
The second lab work will test how image enhancement techniques can be performed with the function in 

MATLAB / Octave, as well as understand how the algorithms work and to find out the practical applications 

of those methods. 

Example code №1: The Historgram equalization to improve image contrast using histeq () function. 

 

 J = histeq(I) – Historgram equalization is performed on the I input image using the histeq () function 

of MATLAB / Octave to obtain the J image.  

 imhist(I,64) – There is an imhist () function that calculates the histogram of the I image and displays 

the histogram diagram. The second variable given to the function is the accuracy value of the 

histogram diagram, and if not specified, it takes a constant value depending on the type of image I.  

 

The result of Example Code 1 

 

Figure 3. 1. histeq() function result in MATLAB  

Figure1 - displays the input image in I, tire.gif, with imshow (). 

Figure2 – displays the J obtained by histeq (I) with imshow (). 

I = imread('tire.tif'); 
J = histeq(I); 
imshow(I) 
figure, imshow(J) 
figure; imhist(I,64) 
figure; imhist(J,64) 



Figure3 - displays a plot of histogram with imhist (). 

Figure4 - displays a plot of histogram with imhist () of a histogram equalized image. 

 See the calculation of the histogram equalization https://suvdaa.webs.com/class.htm 

Example code №2: Imnoise () function to add noise to an image 

 

 imnoise( I, 'salt & pepper' , 0.02 ); - imnoise() function with ‘Salt & pepper’, that adds a salt and 

pepper of 0.02 percentage noise,to randomly generate a black and white dot in the source image. 

imnoise(Img, type, parameters) function can adds noises with the following values.  

J= imnoise(I,'gaussian') adds zero-mean, Gaussian white noise with variance of 0.01 to grayscale image I. 

J= imnoise(I,'gaussian',m) adds Gaussian white noise with mean m and variance of 0.01. 

J= imnoise(I,'gaussian',m,var_gauss) adds Gaussian white noise with mean m and variance var_gauss. 

J = imnoise(I,'localvar',var_local) adds zero-mean, Gaussian white noise of local variance var_local. 

J = imnoise(I,'localvar',intensity_map,var_local) adds zero-mean, Gaussian white noise. The local variance of the 

noise, var_local, is a function of the image intensity values in I. The mapping of image intensity value to noise 

variance is specified by the vector intensity_map. 

J = imnoise(I,'poisson') generates Poisson noise from the data instead of adding artificial noise to the data. See 

Algorithms for more information. 

J = imnoise(I,'salt & pepper') adds salt and pepper noise, with default noise density 0.05. This affects approximately 

5% of pixels. 

example 

J = imnoise(I,'salt & pepper',d) adds salt and pepper noise, where d is the noise density. This affects approximately 

d*numel(I) pixels. 

J = imnoise(I,'speckle') adds multiplicative noise using the equation J = I+n*I, where n is uniformly distributed 

random noise with mean 0 and variance 0.05. 

J = imnoise(I,'speckle',var_speckle) adds multiplicative noise with variance var_speckle. 

 

 

 

Figure 3. 2. Salt & pepper noise added example 

I = imread('eight.tif'); 

J = imnoise(I,'salt & pepper',0.02); 

figure, imshow(I) 

figure, imshow(J) 

https://suvdaa.webs.com/class.htm
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138654
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138654
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138674
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138694
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138725
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138694
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#mw_226e1fb2-f53a-4e49-9bb1-6b167fc2eac1
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#bt56upa
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138750
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138797
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138598
https://www.mathworks.com/help/images/ref/imnoise.html#d120e138773


 

Example code №3: Write the Threshold function in iterations  

 

In this example, the threshold is the process of finding the average value of the pixels of an image and 

replacing it with more white and less black. 

k = (min (min (a)) + max (max (a))) / 2 - To find the average value of k, add the maximum and minimum 

values of the pixels and average them.  

Then use double for to run through all the pixels of the image a and use if to compare the value of that pixel 

with k and change each pixel value of image b to 0 or 255. 

 

 
Figure 3. 3. Threshold by average  

Test the following examples. They separated by horizontal lines. 
 

I = imread('eight.tif'); 

J = imnoise(I,'salt & pepper',0.02); 

K = medfilt2(J); 

imshow(J), figure, imshow(K) 

 

original = imread('cameraman.tif');  

PSF = fspecial('gaussian',60,10); 

edgesTapered = edgetaper(original,PSF); 

a = rgb2gray(imread('5.jpg')); 
imshow(a); 
b= a; 
k= (min(min(a))+max(max(a)))/2; 
for i=1:size(a,1) 
    for j=1:size(a,2) 
        if (a(i,j)>k) 
            b(i,j) = 255; 
        else 
            b(i,j) = 0; 
        end 
    end 
end 
figure; 
imshow(b); 

 



figure, imshow(original,[]); 

figure, imshow(edgesTapered,[]); 

 

I = checkerboard(8); 

PSF = fspecial('gaussian',7,10); 

V = .0001; 

BlurredNoisy = imnoise(imfilter(I,PSF),'gaussian',0,V); 

WT = zeros(size(I)); 

WT(5:end-4,5:end-4) = 1; 

INITPSF = ones(size(PSF)); 

[J P] = deconvblind(BlurredNoisy,INITPSF,20,10*sqrt(V),WT); 

subplot(221);imshow(BlurredNoisy); 

title('A = Blurred and Noisy'); 

subplot(222);imshow(PSF,[]); 

title('True PSF'); 

subplot(223);imshow(J); 

title('Deblurred Image'); 

subplot(224);imshow(P,[]); 

title('Recovered PSF'); 

 

 

I = checkerboard(8); 

PSF = fspecial('gaussian',7,10); 

V = .0001; 

BlurredNoisy = imnoise(imfilter(I,PSF),'gaussian',0,V); 

WT = zeros(size(I)); 

WT(5:end-4,5:end-4) = 1; 

J1 = deconvlucy(BlurredNoisy,PSF); 

J2 = deconvlucy(BlurredNoisy,PSF,20,sqrt(V)); 

J3 = deconvlucy(BlurredNoisy,PSF,20,sqrt(V),WT); 

 

subplot(221);imshow(BlurredNoisy); 

title('A = Blurred and Noisy'); 

subplot(222);imshow(J1); 

title('deconvlucy(A,PSF)'); 

subplot(223);imshow(J2); 

title('deconvlucy(A,PSF,NI,DP)'); 

subplot(224);imshow(J3); 

title('deconvlucy(A,PSF,NI,DP,WT)'); 

 

I = imread('cameraman.tif'); 

r=fft2(I,size(I,1),size(I,2)); 

figure; imagesc(fftshift(abs(r))); 

figure; imagesc(log2(fftshift(abs(r)))); 

 

  



 
Write code and explain the operation of the filters discussed in the lecture using the functions in the 

following 14 examples, select an example in the frequency domain. Also, select one of the filters and write 

code using iteration as in Example 3 above. Download sample input images from 

http://www.imageprocessingplace.com/DIP-3E/dip3e_book_images_downloads.htm. 

Images for Laboratory Work 2 

1. Spatial and Intensity Resolution 

 
2. Image Interpolation 

 
3. Contrast Stretching 



 

4. Gray-Level Slicing 

 

5. Bit-plane Slicing 



 

6. Histogram and Histogram equalization 

  



7. Local enhancement 

 

8. Enhancement using Arithmetic / Logic Operations 

 

9. Smoothing Linear Filters 



 

10. Smoothing Linear Filters - Averaging 

 

11. First – Order Statistic (Nonlinear) Filters - Median filter 

Original 
image 

(500 x 500 
pixels) 

3 x 3 
mask

5 x 5 
mask

9 x 9 
mask

15 x 15 
mask

35 x 35 
mask



 

12. Unsharp Masking and High-boost Filtering 

 

13. Using Second-Derivative  for Image Sharpening  - The Laplacian 



 

14. Edge Enhancement by Gradient 

 

  



Laboratory work №3 

Coin recognition 

Assignments for Laboratory work 3 
Using the knowledge from the lectures and the basic techniques you have tried in previous 

laboratory work, write the code to detect and recognize the coins from the following images and then 

calculate a total amount of the coins (in won). Try to find out new method for this task as a contribution. 

 

 

Figure 4. 1. Input image for Laboratory work 3 

Some guidelines: 

1. Load input image and make grayscale image. 

2. Enhance the image using some algorithms which are useful to detect coins. 

3. Detect edge or region using image processing functions.  

4. Check the detected parts circle or not, correct coin or not 

5. Classify the coins and calculate the total amount. 

  



Some example functions 
function [accum, varargout] = CircularHough_Grd(img, radrange, varargin)- 

detects circular shapes in a grayscale image. Resolve their center positions and radii. 

[accum, circen, cirrad, dbg_LMmask] = CircularHough_Grd(img, radrange, grdthres, fltr4LM_R, multirad, 

fltr4accum) 

Circular Hough transform based on the gradient field of an image. 

NOTE:    Operates on grayscale images, NOT B/W bitmaps. 

      NO loops in the implementation of Circular Hough transform, which means faster operation but at the same time 

larger memory consumption. 

INPUT: (img, radrange, grdthres, fltr4LM_R, multirad, fltr4accum) 

img:         A 2-D grayscale image (NO B/W bitmap) 

radrange:    The possible minimum and maximum radii of the circles to be searched, in the format of 

[minimum_radius , maximum_radius]  (unit: pixels)   **NOTE**:  A smaller range saves computational time and 

memory. 

grdthres:    (Optional, default is 10, must be non-negative) 

   The algorithm is based on the gradient field of the input image. A thresholding on the gradient magnitude is 

performed before the voting process of the Circular Hough transform to remove the 'uniform intensity' (sort-of) 

image background from the voting process. 

   In other words, pixels with gradient magnitudes smaller than 'grdthres' are NOT considered in the computation. 

 **NOTE**:  The default parameter value is chosen for images with a maximum intensity close to 255. For cases 

with dramatically different maximum intensities, e.g. 

   10-bit bitmaps in stead of the assumed 8-bit, the default value can NOT be used. A value of 4% to 10% of the 

maximum intensity may work for general cases. 

% 

%  fltr4LM_R:   (Optional, default is 8, minimum is 3) The radius of the filter used in the search of local maxima in 

the accumulation array. To detect circles whose shapes are less perfect, the radius of the filter needs to be set larger. 

% 

% multirad:     (Optional, default is 0.5) 

   In case of concentric circles, multiple radii may be detected corresponding to a single center position. This 

argument sets the tolerance of picking up the likely radii values. It ranges from 0.1 to 1, where 0.1 corresponds to 

the largest tolerance, meaning more radii values will be detected, and 1 corresponds to the smallest tolerance, in 

which case only the "principal" radius will be picked up.% 

%  fltr4accum:  (Optional. A default filter will be used if not given) Filter used to smooth the accumulation array. 

Depending on the image and the parameter settings, the accumulation array built has different noise level and noise 

pattern (e.g. noise frequencies). The filter should be set to an appropriately size such that it's able to suppress the 

dominant noise frequency. 

See morehttps://www.mathworks.com/matlabcentral/mlc-

downloads/downloads/submissions/9168/versions/2/previews/CircularHough_Grd.m/index.html or 

appendix .  

  

https://www.mathworks.com/matlabcentral/mlc-downloads/downloads/submissions/9168/versions/2/previews/CircularHough_Grd.m/index.html
https://www.mathworks.com/matlabcentral/mlc-downloads/downloads/submissions/9168/versions/2/previews/CircularHough_Grd.m/index.html


 

Using the CircularHough_Grd () function, the circular shapes of the coins are extracted from the image and 

plotted on the result matrix, the center of the circles, and the radii table. Draw a grid and a center point 

using the circen () array that stores the center points. 

 

Figure 4. 2. Example of the CircularHough_Grd() function 

 

clear 
i=imread('coins.jpg'); 
rawimg=rgb2gray(i); 

  
tic; 

  
[accum, circen, cirrad] = CircularHough_Grd(rawimg, [15 60], 10,20); 
toc; 

  
 figure(2); imagesc(rawimg); colormap('gray'); axis image; 
 hold on; 
plot(circen(:,1),circen(:,2),'r+'); 
 for k = 1 : size(circen, 1) 

      
     DrawCircle(circen(k,1), circen(k,2), cirrad(k), 32, 'green'); 
 end 
 hold off; 

 



Then calculate the values in the cirrad table and classify the coins by the same amount or radius. When 

classifying, count coins of the same size. The results are as follows.

 

Figure 4. 3. Same sized coins have same color edges 

To find the total amount of money, multiply the value of the largest coin 500 and multiply by 6, the total 

number of coins separated by the green color in the picture above, to find the total amount of 500 coins. By 

calculating the amount of all the coins in this way, the laboratory work 3 will complete. 

  



Some other example of the laboratory work 3 in python 
Step 1. First load the image, make it gray, and then apply the Gaussian Blur, then use the HoughCircles 

function of OpenCV to find the circular shapes. This eliminates non-circular redundancies. 

 

Step 2. Run the HoughCircles() function to find the radii, one of the feature to be obtained. The remaining 

feature, color, was obtained by equalizing the histogram locally within the coin to obtain the average color. 

To do this, you need to convert RGB to a different color mode. The YCbCr, which works well on digital 

images. The Y of YCbCr, or gray in general, represents the difference between CbCr or red-blue. On top 

of that, need to equalize  histogram for the Y Channel. 

 

 

Step 3. After the two features identified, the coins will be classified using their features. To classify, each 

image is a separate file and the data was collected by hand. 

Data prepared as follows: 

 

Features have been converted into computable data: 



 

 

 

 

 

 

 

 

 

 

Step 4. Create a Decision Tree based on the features. The tree is made of two colors, gold and silver, with 

4 radii for each of the 4 types of coins. 

 

Step 5. Before implementing the Decision Tree, we first need to know the color and radius of the incoming 

coins. It calculates the closest possible color to the Euclidean distance, and calculates the radius by making 

a list of possible radii and sorting them from the nearest to the farthest. Thus, for example, a gap with a 

radius of 42, which could have been 40-43 or 42-45, is often more likely to be within the range closest to 

the average, 40-43. 



 

 

 

 

 

 

 

 

 

 

 

Step 6. Decision Tree was implemented by conditional inspection. So, rolling each coin through the tree 

and calculating the cash result, you get exactly 4280. 



https://www.pyimagesearch.com/2014/07/21/detecting-circles-images-using-opencv-hough-circles/ 

Coding example: 

import numpy as np 

import cv2 

import math 

#img = cv2.imread("/path/coins.jpg") 

img = cv2.imread("/path/coins.jpg") 

count = 0 

 

# Coins feature 

coins500 = [ 

    [131, 131, 111, 49.7], 

    [134, 131, 110, 49.6], 

    [126, 132, 119, 49.9], 

    [125, 136, 123, 49.4], 

    [123, 133, 123, 50.4], 

    [126, 134, 120, 48.3], 

] 

coins50 = [ 

    [129, 131, 113, 41], 

    [123, 134, 119, 38.7] 

] 

https://www.pyimagesearch.com/2014/07/21/detecting-circles-images-using-opencv-hough-circles/


coins100 = [ 

    [122, 134, 122, 43.8], 

    [124, 132, 123, 45.7], 

    [126, 132, 119, 44.6], 

    [131, 132, 110, 42.2], 

    [129, 134, 116, 44.9], 

    [128, 135, 119, 44.1], 

    [132, 133, 111, 43.6], 

    [137, 129, 105, 43.8], 

    [137, 130, 110, 43.8], 

    [140, 129, 109, 43.6], 

    [143, 131, 116, 44.0], 

] 

coins10 = [ 

    [102, 141, 136, 43.2], 

    [103, 140, 137, 42.5], 

    [103, 141, 137, 43], 

    [103, 141, 143, 42.2], 

    [103, 142, 134, 43], 

    [107, 139, 136, 43], 

    [107, 142, 141, 41.8], 

    [113, 136, 134, 41.6] 

] 

coins500 = np.array(coins500) 

coins100 = np.array(coins100) 

coins50 = np.array(coins50) 

coins10 = np.array(coins10) 

labels = [500, 100, 50, 10] 

 

# Do some calculations on those features 

radius_mean = [ 

    np.mean(coins500[:,3]), 

    np.mean(coins100[:,3]), 

    np.mean(coins50[:,3]), 

    np.mean(coins10[:,3]) 

] 

radius_diff = [ 

    np.max(coins500[:,3]) - np.min(coins500[:,3]), 

    np.max(coins100[:,3]) - np.min(coins100[:,3]), 

    np.max(coins50[:,3]) - np.min(coins50[:,3]), 

    np.max(coins10[:,3]) - np.min(coins10[:,3]) 

] 

silver = np.concatenate((coins500, coins100, coins50), axis=0) 

gold = np.array(coins10) 

gold_mean = np.mean(gold[:,0:3], axis=0) 

silver_mean = np.mean(silver[:,0:3], axis=0) 

 



def calculateColorDist(a, b): 

    # Calculate distance between two colors 

    # used for finding the most similar color 

    d0 = a[0] - b[0] 

    d1 = a[1] - b[1] 

    d2 = a[2] - b[2] 

    dist = math.sqrt(d0*d0 + d1*d1 + d2*d2) 

    return dist 

 

def calculateRadius(radius): 

    # Returns all posibble label based on their radius 

    suggested = [] 

    for i, mean in enumerate(radius_mean): 

        if radius >= mean - radius_diff[i] and radius <= mean + radius_diff[i]: 

            suggested.append(abs(mean - radius)) 

    suggested.sort() 

    return suggested 

 

# This function returns value of coin from their average color and radius 

def detect(avg_color, radius): 

    # Find the nearest label for both feature 

    gold_dist = calculateColorDist(gold_mean, avg_color) 

    silver_dist = calculateColorDist(silver_mean, avg_color) 

    min_color = min(gold_dist, silver_dist) 

    all_radiuses = calculateRadius(radius) 

    if len(all_radiuses) == 0: 

        return 0 

 

    # Decision tree 

    for min_radius in all_radiuses: 

        if min_color == silver_dist: 

            if  min_radius == abs(radius_mean[0]-radius): 

                return 500 

            elif min_radius == abs(radius_mean[1]-radius): 

                return 100 

            elif min_radius == abs(radius_mean[2]-radius): 

                return 50 

        if min_color == gold_dist: 

            if min_radius == abs(radius_mean[3]-radius): 

                return 10 

 

    return 0 

 

# Image preprocessing 

img_gray = cv2.cvtColor(img, cv2.COLOR_BGR2GRAY) 

img_blur = cv2.GaussianBlur(img_gray, (7,7), 0) 



circles = cv2.HoughCircles(img_blur, cv2.HOUGH_GRADIENT, 1, 50, param1=100, param2=30, 

minRadius=25, maxRadius=55) 

for x, y, radius in circles[0, :]: 

    # Crop area around detected circles 

    img_crop = img[(int) (y-radius):(int) (y+radius), (int)(x-radius):(int)(x+radius)] 

    # Local enhancement on cropped area 

    img_crop = cv2.GaussianBlur(img_crop, (7,7), 0) 

    img_ycc = cv2.cvtColor(img_crop, cv2.COLOR_RGB2YCrCb) 

    img_ycc[:,:,0] = cv2.equalizeHist(img_ycc[:,:,0]) 

    img_crop = cv2.cvtColor(img_ycc, cv2.COLOR_YCrCb2RGB) 

     

    # Calculate features 

    avg_color = np.average(img_crop, axis=0) 

    avg_color = np.average(avg_color, axis=0) 

    print(avg_color) 

    print(radius) 

 

    value = detect(avg_color, radius) 

    print(value) 

    count += value 

 

    cv2.circle(img, (x, y), 1, (0, 100, 100), 3) 

    cv2.circle(img, (x, y), radius, (255, 0, 255), 3) 

    # cv2.putText(img,"rad: "+str(radius)+"r: "+str(int(avg_color[0])), (x,y), 0, 0.5, 255) 

    # cv2.putText(img,"g: "+str(int(avg_color[1]))+" b: "+str(int(avg_color[2])), (x,int(y+20)), 0, 0.5, 255) 

    cv2.putText(img,str(value), (x,y), 0, 0.5, 255) 

 

    # cv2.imwrite("coins/ycc2-coin-" + str(int(avg_color[0])) + "-" + str(int(avg_color[1])) + "-" + 

str(int(avg_color[2])) + "-" + str(radius) + ".jpg", img_crop) 

    # cv2.imshow("Coins", img_crop) 

    # cv2.waitKey(0) 

 

print("Final result: " + str(count)) 

cv2.imshow("detected circles", img) 

cv2.waitKey(0)  



Laboratory work №4 

Face recognition 

Assignments for Laboratory work 4 
In this laboratory, facial recognition is coded and tested manually.   

Download the face images from http://suvdaa.webs.com/Lab4.rar and it includes a directory with 10 images 

for each of the 15 people. 

Follow the steps below. In steps 1 and 2, the data is loaded from the folder. Step 3 Normalize the data 

matrix. In steps 4-8, reduce the dimension (from 2500 to 50) using a PCA code. In step 9, divide the data 

into training and test (50/50, 80/20, or 70/30). Finally, in steps 10 and 11, perform a facial recognition test 

using the ‘K nearest neighbors’ classifier. 

Steps: 

1. Read the given images from the folder. 

2. Resize all images to 50x50. 

3. Normalize the data to min with 0 and max with 1. 

4. Calculate the mean/average of all images. 

5. Find the deviation from the mean of each image. 

6. Calculate the covariance matrix for each subtracted image. 

7. Calculate eigenvectors and eigenvalues from the covariance matrix. 

8. Calculate the projected values for each image with eigenvectors corresponding to a maximum of 50 

eigenvalues. 

9. Label the data from 0 and divide each person's data into 70% training and 30% experimental. 

10. Perform a face recognition test using kNN. 

11. Analyze the change in the results for different values of k (k = 1, 3, 5…). 

12. Write a recognition rate of facial recognition results in a table for changes in the value of k, a report that 

includes an important part of your code, with a description, and a summary of the work done. 

 
Loading the images in a given folder: 

 

clc 

clear all 

close all 

 

dd=dir('D:\given folder\*.jpg'); 

row=20; 



col=20; 

A=uint8(zeros(length(dd),row*col+1)); 

for i=1:length(dd) 

im=imread(strcat('D:\given folder\',dd(i).name)); 

figure, imshow(im) 

if(size(im,3)==3) 

im1=rgb2gray(im); 

else 

im1=im; 

end 

im2=resize(im1,[row, col]); 

im3=reshape(im2,[1, row*col]); 

A(i,1:end-1)=im3(1,:); 

end 

##save A 

csvwrite('buga.csv',A); 

 

 

PCA(Principal Component Analysis) 

[eigvector, eigvalue] = PCA(data, ReducedDim) – see code from appendix. 

Input values: 

data -  Data matrix. Each row is each image. 

ReducedDim   - target reducing dimension.  

Output values: 

eigvector –eigenvector matrix.  

eigvalue  - eigenvalues matrix. 

Жишээ: 

  

Multiplying the input data by the eigvector gives the final value. 

Take a 7x10 (7 samples, 10 deminsion) matrix as data and multiply the data by the eigvector, which is 

called ReducedDim = 4th PCA, to form a 7x4 matrix. The result was a reduction in the size of the data from 

10 to 4. 

data = rand(7,10); 

[eigvector,eigvalue] = PCA(data,4); 

Y = data*eigvector; 



 

Figure 5. 1. PCA result 

After reducing the dimension of the data. It is possible to save the data matrix in a *.csv file.  

Then open the file in wordpad (as text editor), add the head part such as the following image lines 

beginning by @ and save as the file with *.arff extension. 

@relation name-of-data 

@attribute feature1 numeric 

@attribute feature2 numeric 

@attribute feature3 numeric 

@attribute feature4 numeric 

@attribute feature5 numeric 

@attribute feature6 numeric 

@attribute feature7 numeric 

@attribute feature8 numeric 

@attribute feature9 numeric 

@attribute feature10 numeric 

@attribute 'Class' {0, 1} 

@data 

 



 

Using weka tool [6] we can classify the data as follows. Open the *.arff file. 

 

The data file opened in Weka, looks like below. 



 

After loading the data, we can classify the data using Classify tap and select the algoriths from Classifier 

part and configure the testing options and others then click start button.  



 

In this example, selecting the k-nearest neighbors method.  



 

A result is showing in the Classifier output part. From here, we can see the scores of the recognition 

result. 

k nearest neighbor classifier 

This method classifies the data provided by the Training as the closest value to the data being tested. 

 

 

Figure 5. 2. kNN example 



To determine whether the green circle in the figure above falls into two categories: red triangle and blue 

square. If the number of kNN's closest (neighboring) values to be compared is 3, it is considered a red 

triangle. At k = 5, it is considered a blue square. 

Therefore, selecting the k value is important to recognition result. 
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KNN algorithm in Matlab 



 

 

Experimental part: 



 

 

  



Conclusion 

Artificial Intelligence and Machine Learning Laboratory Handbook has enabled students to learn 

independently and start to doing research work. 

In addition, it makes it easier to do laboratory work, which reduces the time required to do laboratory work, 

and then provides an additional laboratory for 2-3 weeks. It provides students with the opportunity to 

practice more in this field. 

In today's fast-paced world of smart technology, artificial intelligence and machine learning are important 

areas for identifying key objects from a given data, as well as their current behavior. Using this handbook, 

which is the foundation of this field, the student will be able to acquire any identification skills and develop 

image processing and machine learning techniques. 

  



Appendix A. Matlab operations 
Matrix and vector operations 

 
variable = [value1-1 value1-2 value1-3 ... ; value2-1 value2-2 ...] 

for example: 

>> x = [1 2 3 4; 0 9 3 8] 

x = 

1 2 3 4 

0 9 3 8 

>> 

Complex number: 

>> x = [4+5i 2 4; 1 3+i 7] 

x = 

4.0000 + 5.0000i 2.0000 4.0000 

1.0000 3.0000 + 1.0000i 7.0000 

Vectors and scalars are defined in the same way as matrices and are indexed as follows:  

(1,1) (1,2) (1,3) (1,4) 

(2,1) (2,2) (2,3) (2,4) 

The index of the first element starts with (1,1) (not (0,0)). 

If x is predefined, the other new variables are given the following values. For example: 

>> z = x(3) 

z = 

1 

>> y = [ 1 2 3 4 5; 3 4 5 6 7] 

y = 

1 2 3 4 5 

3 4 5 6 7 

>> z = y(2,1) 

z = 

3 

two vertical dots (:). For example: 

>> z = (1:5) 

z = 

1 2 3 4 5 

>> z = y(1:2,2:3) 

z = 

2 3 

4 5 

MATLAB also has a nominal function. These include: 

The ones (m, n) function fills the matrix with one. Here m is the number of rows and n is the number of 

columns. We can define a filled function by one for the size of the matrix being defined. / ones (size (X)) 

/ 

>> x = [1 2 3 4; 0 9 3 8] 

x = 

1 2 3 4 

0 9 3 8 

>> y = ones(size(x)) 

y = 

1 1 1 1 

1 1 1 1 

Similarly, we can define a matrix to be filled with zeros with the zeros () function. 



The max () and min () functions can be called depending on the maximum and minimum values of a 

given vector. For example: 

>> z = [1 2 -9 3 -3 -5] 

z = 

1 2 -9 3 -3 -5 

>> max(z) 

ans = 

3 

If the max () function is called in the matrix, it returns the maximum value of each column, or row vector. 

In addition to the maximum value, this function also returns the second value, which is the index of the 

maximum value. To get the value of this index, call the max () function with 2 elements. For example: 

>> [a b] = max(z) 

a = 

3 

b = 

4 

min(): 

>> min(z) 

ans = 

-9 

sum() and prod(): 

>> sum(z) 

ans = 

-11 

magic: 

>> w = magic(3); 

>> w 

w = 

8 1 6 

3 5 7 

4 9 2 

>> sum(w) 

ans = 

15 15 15 

>> sum(sum(w)) 

ans = 

45 

>> prod(z) 

ans = 

-810 

To see the value of a previously defined vector, only type the name and press enter: 

>> z 

z = 

1 2 -9 3 -3 -5 

>> y = z(2:5) 

y = 

2 -9 3 -3 

Other examples: 

>> x = [1 2 3 4; 0 9 3 8] 

x = 

1 2 3 4 



0 9 3 8 

>> y = size(x) 

y = 

2 4 

To get the number of rows and columns in a two-dimensional matrix:  

>> [m n] = size(x) 

m = 

2 

n = 

4 

The length of the vector can also be obtained as follows. 

>> length(z) 

ans = 

6 

For example, the length (z) and max (size (z)) operations are equivalent because the length () function 

returns the maximum size of the matrix. 

 
Arithmetic operations 

MATLAB performs arithmetic operations with the following notation. These include:  

+ addition 

- subtraction 

* multiplication 

/ division 

^ exponential 

>> x = 1:4 

x = 

1 2 3 4 

The index can also be given in specific steps: 

>> x = 8:-1:5 

x = 

8 7 6 5 

>> x = 0:0.25:1.25 

x = 

0 0.25 0.5 0.75 1.0 1.25 

The special operator '(prime or apostrophe) changes the position of the matrix transposition. For example: 

>> a = [1 2 3] 

a = 

1 2 3 

>> a' 

ans = 

1 

2 

3 

 
Operation for each element 

Simple addition and subtraction operations act as a scalar between the corresponding elements between 

the matrices. For example, if x = [1 2 3] and y = [5 6 2] 

>> w = x+y 

w = 

6 8 5 



There are two types of notation used in multiplication. This is done by multiplying the matrix (*) and 

directly multiplying by the element (. *). 

>> w = x .* y 

w = 

5 12 6 

A similar exponential operation can be performed. The square of each element is written as x. ^ 2. 

>> w = x .^ 2 

w = 

1 4 9 

There are two ways to divide.  

>> w = y ./ x 

w = 

5.0000 3.0000 0.6667 

Examples of absolute values: 

>> y = abs(x) 

y = 

2 4 5 3 

root: 

>> x 

x = 

4 -9 i 2-2i 

>> y = sqrt(x) 

y = 

2.0000 0 + 3.0000i 0.7071 + 0.7071i 1.5538 - 0.6436i 

Complex number. (real, imag and conj). 

round – round 

floor  

ceil  

Complex number: 

>> ceil(3.1+2.4i) 

ans= 

4.0000 + 3.0000i 

rem(x,y) example: 

>> x 

x= 

8 5 11 

>> y 

y= 

6 5 3 

>> r = rem(x,y) 

r= 

2 0 2 

Standard trigonometric functions can also be used: 

>> n = 0:7; 

>> s = exp(i*(pi/4)*n) 

s = 

Columns 1 through 4 

1.00 0.7071+0.7071i 0.00+1.0000i -0.7071+0.7071i 

Columns 5 through 8 

-1.0000 + 0.0000i -0.7071 - 0.7071i -0.0000 - 1.0000i 0.7071 - 0.7071i 

 



Logical operations 

MATLAB allows us to perform logical operations. Use the following notation. Where: & - AND, | -OR, ~ 

- NOT. For example: 

>> x = [1 0 2 4] & [0 0 1 i] 

x = 

0 0 1 0 

>> x = [1 0 2 4] | [0 0 1 i] 

x = 

1 0 1 1 

Comparison examples 

< less than - бага 

> greater than - их 

== equal to - тэнцүү 

~= not equal to – тэнцүү биш 

<= less than or equal to – бага буюу тэнцүү 

>= greater than or equal to – их буюу тэнцүү 

>> x = [1 2 3 4 5] <= [5 4 3 2 1] 

x = 

1 1 1 0 0 

The comparison operator plays an important role in controlling program management. 

 
Management structures 

MATLAB contains several types of management structures. One of these is the for loop command for the 

counter. The format is: 

for i = 1:4 

i 

end 

When this loop is completed, print the value of the counter variable i on the MATLAB display. The 

results are as follows: 

i = 

1 

i = 

2 

i = 

3 

i = 

4 

Each for command ends with the corresponding end command. In the middle of these two, we will write 

down the actions that will be repeated. You can also do a double loop. For example: 

for m = 1:3 

for n = 1:3 

x (m,n) = m + n*i; 

end 

end 

The result is a matrix of the following form: 

 x = 

1.0000 + 1.0000i 1.0000 + 2.0000i 1.0000 + 3.0000i 

2.0000 + 1.0000i 2.0000 + 2.0000i 2.0000 + 3.0000i 

3.0000 + 1.0000i 3.0000 + 2.0000i 3.0000 + 3.0000i 

Another iteration command is the conditional iteration if. Writing format: 

if a > 0 



x = a^2; 

end 

If the value of variable a is positive, it is expressed as a square and given a value of x. We can also 

include actions to be taken in the opposite case. For example: 

if a > 0 

x = a^2; 

else 

x = - a^2; 

end 

for example: 

if a > 0 

x = a^2; 

elseif a == 0, 

x = i; 

else 

x = - a^2; 

end 

One command of the iteration is while. It is written in the following form:  

x = 2 

while x < 1000000 

x = x^2; 

end 

while- break-example: 

while 1 

if x > 1000000 

break; 

end 

x = x^2; 

end 

 
Graph 

 

The plot command to draw a simple graph is written as follows: 

>> n = 0:11; 

>> y = sin((pi/6)*n); 

>> plot(n,y) 

Формат:  plot(x,y,line-type).  

'-' solid line (default) – жирийн шугам 

'--' dashed line – тасархай зураас 

':' dotted line – цэгтэй зураас 

'-.' line of alternating dots and dashes – цэгтэй тасархай зураас 

Мөн хэлбэр өгч болно: 

>> plot(n,y,'o') 

plot(x1,y1,'line-type1',x2,y2,'line-type2') 

title: 

>> title('MATLAB Graph #1') 

Тэнхлэгийн гарчиг: 

>> xlabel('This is the x-axis') 

>> ylabel('This is the y-axis') 

Limits of the axis ([x-min x-max y-min y-max]): 

>> axis([-10 10 -5 5]) 



Create your own function and * .m file  

 
Create your function in MATLAB using an M-file. 

The file name is given by the function name. The first line describes the function keyword: 

function function-name(argument1, argument2,...) 

function stars(t) 

 
Return values 

function stars(t) 

%STARS(T) draws stars with parameter t 

n = t * 50; 

plot(rand(1,n), rand(1,n),'.'); 

%that line plots n random points 

title('My God, Its Full of Stars!'); 

%label the graph 

 
One variable returns 

example: 

function variable = function-name(argument1, argument2,...) 

function y = fliplr(x) 

%FLIPLR(X) returns X with row preserved and columns flipped 

%in the left/right direction. 

% X = 1 2 3 becomes 3 2 1 

% 4 5 6 6 5 4 

[m,n] = size(x); 

y = x(:,n:-1:1); 

 
Several values returns 

 example: 

function [factors, times] = primefact(n) 

%[FACTORS TIMES] = PRIMEFACT(N) find prime factors of n 

primes = [2 3 5 7]; 

for i = 1:4 

temp = n; 

if ( rem(temp,primes(i)) == 0) 

factors = [factors primes(i)]; 

times = [times 0]; 

while (rem(temp,primes(i)) == 0) 

temp = temp/primes(i); 

times(length(times)) = times(length(times))+1; 

end 

end 

end 

 

Matlab tutorials 

http://www.mathworks.com/academia/student_center/tutorials/launchpad.html 

 

http://www.mathworks.com/academia/student_center/tutorials/launchpad.html
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source code 

function [accum, varargout] = CircularHough_Grd(img, radrange, varargin) 

 

%%%%%%%% Arguments and parameters  

% Validation of arguments 

if ndims(img) ~= 2 || ~isnumeric(img), 

    error('CircularHough_Grd: ''img'' has to be 2 dimensional'); 

end 

if ~all(size(img) >= 32), 

    error('CircularHough_Grd: ''img'' has to be larger than 32-by-32'); 

end 

  

if numel(radrange) ~= 2 || ~isnumeric(radrange), 

    error(['CircularHough_Grd: ''radrange'' has to be ', ... 

        'a two-element vector']); 

end 

prm_r_range = sort(max( [0,0;radrange(1),radrange(2)] )); 

% Parameters (default values) 

prm_grdthres = 10; 

prm_fltrLM_R = 8; 

prm_multirad = 0.5; 

func_compu_cen = true; 

func_compu_radii = true; 

% Validation of arguments 

vap_grdthres = 1; 

if nargin > (1 + vap_grdthres), 

    if isnumeric(varargin{vap_grdthres}) && ... 

            varargin{vap_grdthres}(1) >= 0, 

        prm_grdthres = varargin{vap_grdthres}(1); 

    else 

        error(['CircularHough_Grd: ''grdthres'' has to be ', ... 

            'a non-negative number']); 

    end 

end 

vap_fltr4LM = 2;    % filter for the search of local maxima 

if nargin > (1 + vap_fltr4LM), 

    if isnumeric(varargin{vap_fltr4LM}) && varargin{vap_fltr4LM}(1) >= 3, 

        prm_fltrLM_R = varargin{vap_fltr4LM}(1); 

    else 

        error(['CircularHough_Grd: ''fltr4LM_R'' has to be ', ... 

            'larger than or equal to 3']); 

    end 

end 

vap_multirad = 3; 

if nargin > (1 + vap_multirad), 

    if isnumeric(varargin{vap_multirad}) && ... 

        varargin{vap_multirad}(1) >= 0.1 && ... 

        varargin{vap_multirad}(1) <= 1, 

    prm_multirad = varargin{vap_multirad}(1); 

    else 

        error(['CircularHough_Grd: ''multirad'' has to be ', ... 



            'within the range [0.1, 1]']); 

    end 

end 

  

vap_fltr4accum = 4; % filter for smoothing the accumulation array 

if nargin > (1 + vap_fltr4accum), 

    if isnumeric(varargin{vap_fltr4accum}) && ... 

            ndims(varargin{vap_fltr4accum}) == 2 && ... 

            all(size(varargin{vap_fltr4accum}) >= 3), 

        fltr4accum = varargin{vap_fltr4accum}; 

    else 

        error(['CircularHough_Grd: ''fltr4accum'' has to be ', ... 

            'a 2-D matrix with a minimum size of 3-by-3']); 

    end 

else 

    % Default filter (5-by-5) 

    fltr4accum = ones(5,5); 

    fltr4accum(2:4,2:4) = 2; 

    fltr4accum(3,3) = 6; 

end 

  

func_compu_cen = ( nargout > 1 ); 

func_compu_radii = ( nargout > 2 ); 

  

% Reserved parameters 

dbg_on = false;      % debug information 

dbg_bfigno = 4; 

if nargout > 3,  dbg_on = true;  end 

  

  

%%%%%%%% Building accumulation array   

% Convert the image to single if it is not of class float (single or double) 

img_is_double = isa(img, 'double'); 

if ~(img_is_double || isa(img, 'single')), 

    imgf = single(img); 

end 

  

% Compute the gradient and the magnitude of gradient 

if img_is_double, 

    [grdx, grdy] = gradient(img); 

else 

    [grdx, grdy] = gradient(imgf); 

end 

grdmag = sqrt(grdx.^2 + grdy.^2); 

  

% Get the linear indices, as well as the subscripts, of the pixels whose gradient magnitudes are larger than 

the given threshold 

grdmasklin = find(grdmag > prm_grdthres); 

[grdmask_IdxI, grdmask_IdxJ] = ind2sub(size(grdmag), grdmasklin); 

  



% Compute the linear indices (as well as the subscripts) of all the votings to the accumulation array. The 

Matlab function 'accumarray' accepts only double variable, so all indices are forced into double at this 

point. A row in matrix 'lin2accum_aJ' contains the J indices (into the accumulation array) of all the 

votings that are introduced by a same pixel in the image. Similarly with matrix 'lin2accum_aI'. 

rr_4linaccum = double( prm_r_range ); 

linaccum_dr = [ (-rr_4linaccum(2) + 0.5) : -rr_4linaccum(1) , ... 

    (rr_4linaccum(1) + 0.5) : rr_4linaccum(2) ]; 

  

lin2accum_aJ = floor( ... 

    double(grdx(grdmasklin)./grdmag(grdmasklin)) * linaccum_dr + ... 

    repmat( double(grdmask_IdxJ)+0.5 , [1,length(linaccum_dr)] ) ... 

); 

lin2accum_aI = floor( ... 

    double(grdy(grdmasklin)./grdmag(grdmasklin)) * linaccum_dr + ... 

    repmat( double(grdmask_IdxI)+0.5 , [1,length(linaccum_dr)] ) ... 

); 

  

% Clip the votings that are out of the accumulation array 

mask_valid_aJaI = ... 

    lin2accum_aJ > 0 & lin2accum_aJ < (size(grdmag,2) + 1) & ... 

    lin2accum_aI > 0 & lin2accum_aI < (size(grdmag,1) + 1); 

  

mask_valid_aJaI_reverse = ~ mask_valid_aJaI; 

lin2accum_aJ = lin2accum_aJ .* mask_valid_aJaI + mask_valid_aJaI_reverse; 

lin2accum_aI = lin2accum_aI .* mask_valid_aJaI + mask_valid_aJaI_reverse; 

clear mask_valid_aJaI_reverse; 

  

% Linear indices (of the votings) into the accumulation array 

lin2accum = sub2ind( size(grdmag), lin2accum_aI, lin2accum_aJ ); 

  

lin2accum_size = size( lin2accum ); 

lin2accum = reshape( lin2accum, [numel(lin2accum),1] ); 

clear lin2accum_aI lin2accum_aJ; 

  

% Weights of the votings, currently using the gradient maginitudes 

% but in fact any scheme can be used (application dependent) 

weight4accum = ... 

    repmat( double(grdmag(grdmasklin)) , [lin2accum_size(2),1] ) .* ... 

    mask_valid_aJaI(:); 

clear mask_valid_aJaI; 

  

% Build the accumulation array using Matlab function 'accumarray' 

accum = accumarray( lin2accum , weight4accum ); 

accum = [ accum ; zeros( numel(grdmag) - numel(accum) , 1 ) ]; 

accum = reshape( accum, size(grdmag) ); 

  

  

%%%%%%%% Locating local maxima in the accumulation array %%%%%%%%%%%% 

  

% Stop if no need to locate the center positions of circles 

if ~func_compu_cen, 



    return; 

end 

clear lin2accum weight4accum; 

  

% Parameters to locate the local maxima in the accumulation array 

% -- Segmentation of 'accum' before locating LM 

prm_useaoi = true; 

prm_aoithres_s = 2; 

prm_aoiminsize = floor(min([ min(size(accum)) * 0.25, ... 

    prm_r_range(2) * 1.5 ])); 

  

% -- Filter for searching for local maxima 

prm_fltrLM_s = 1.35; 

prm_fltrLM_r = ceil( prm_fltrLM_R * 0.6 ); 

prm_fltrLM_npix = max([ 6, ceil((prm_fltrLM_R/2)^1.8) ]); 

  

% -- Lower bound of the intensity of local maxima 

prm_LM_LoBndRa = 0.2;  % minimum ratio of LM to the max of 'accum' 

  

% Smooth the accumulation array 

fltr4accum = fltr4accum / sum(fltr4accum(:)); 

accum = filter2( fltr4accum, accum ); 

  

% Select a number of Areas-Of-Interest from the accumulation array 

if prm_useaoi, 

    % Threshold value for 'accum' 

    prm_llm_thres1 = prm_grdthres * prm_aoithres_s; 

  

    % Thresholding over the accumulation array 

    accummask = ( accum > prm_llm_thres1 ); 

  

    % Segmentation over the mask 

    [accumlabel, accum_nRgn] = bwlabel( accummask, 8 ); 

  

    % Select AOIs from segmented regions 

    accumAOI = ones(0,4); 

    for k = 1 : accum_nRgn, 

        accumrgn_lin = find( accumlabel == k ); 

        [accumrgn_IdxI, accumrgn_IdxJ] = ... 

            ind2sub( size(accumlabel), accumrgn_lin ); 

        rgn_top = min( accumrgn_IdxI ); 

        rgn_bottom = max( accumrgn_IdxI ); 

        rgn_left = min( accumrgn_IdxJ ); 

        rgn_right = max( accumrgn_IdxJ );         

        % The AOIs selected must satisfy a minimum size 

        if ( (rgn_right - rgn_left + 1) >= prm_aoiminsize && ... 

                (rgn_bottom - rgn_top + 1) >= prm_aoiminsize ), 

            accumAOI = [ accumAOI; ... 

                rgn_top, rgn_bottom, rgn_left, rgn_right ]; 

        end 

    end 



else 

    % Whole accumulation array as the one AOI 

    accumAOI = [1, size(accum,1), 1, size(accum,2)]; 

end 

  

% Thresholding of 'accum' by a lower bound 

prm_LM_LoBnd = max(accum(:)) * prm_LM_LoBndRa; 

  

% Build the filter for searching for local maxima 

fltr4LM = zeros(2 * prm_fltrLM_R + 1); 

  

[mesh4fLM_x, mesh4fLM_y] = meshgrid(-prm_fltrLM_R : prm_fltrLM_R); 

mesh4fLM_r = sqrt( mesh4fLM_x.^2 + mesh4fLM_y.^2 ); 

fltr4LM_mask = ... 

    ( mesh4fLM_r > prm_fltrLM_r & mesh4fLM_r <= prm_fltrLM_R ); 

fltr4LM = fltr4LM - ... 

    fltr4LM_mask * (prm_fltrLM_s / sum(fltr4LM_mask(:))); 

  

if prm_fltrLM_R >= 4, 

    fltr4LM_mask = ( mesh4fLM_r < (prm_fltrLM_r - 1) ); 

else 

    fltr4LM_mask = ( mesh4fLM_r < prm_fltrLM_r ); 

end 

fltr4LM = fltr4LM + fltr4LM_mask / sum(fltr4LM_mask(:)); 

  

% **** Debug code (begin) 

if dbg_on, 

    dbg_LMmask = zeros(size(accum)); 

end 

% **** Debug code (end) 

  

% For each of the AOIs selected, locate the local maxima 

circen = zeros(0,2); 

for k = 1 : size(accumAOI, 1), 

    aoi = accumAOI(k,:);    % just for referencing convenience 

     

    % Thresholding of 'accum' by a lower bound 

    accumaoi_LBMask = ... 

        ( accum(aoi(1):aoi(2), aoi(3):aoi(4)) > prm_LM_LoBnd ); 

     

    % Apply the local maxima filter 

    candLM = conv2( accum(aoi(1):aoi(2), aoi(3):aoi(4)) , ... 

        fltr4LM , 'same' ); 

    candLM_mask = ( candLM > 0 ); 

     

    % Clear the margins of 'candLM_mask' 

    candLM_mask([1:prm_fltrLM_R, (end-prm_fltrLM_R+1):end], :) = 0; 

    candLM_mask(:, [1:prm_fltrLM_R, (end-prm_fltrLM_R+1):end]) = 0; 

  

    % **** Debug code (begin) 

    if dbg_on, 



        dbg_LMmask(aoi(1):aoi(2), aoi(3):aoi(4)) = ... 

            dbg_LMmask(aoi(1):aoi(2), aoi(3):aoi(4)) + ... 

            accumaoi_LBMask + 2 * candLM_mask; 

    end 

    % **** Debug code (end) 

  

    % Group the local maxima candidates by adjacency, compute the 

    % centroid position for each group and take that as the center 

    % of one circle detected 

    [candLM_label, candLM_nRgn] = bwlabel( candLM_mask, 8 ); 

  

    for ilabel = 1 : candLM_nRgn, 

        % Indices (to current AOI) of the pixels in the group 

        candgrp_masklin = find( candLM_label == ilabel ); 

        [candgrp_IdxI, candgrp_IdxJ] = ... 

            ind2sub( size(candLM_label) , candgrp_masklin ); 

  

        % Indices (to 'accum') of the pixels in the group 

        candgrp_IdxI = candgrp_IdxI + ( aoi(1) - 1 ); 

        candgrp_IdxJ = candgrp_IdxJ + ( aoi(3) - 1 ); 

        candgrp_idx2acm = ... 

            sub2ind( size(accum) , candgrp_IdxI , candgrp_IdxJ ); 

  

        % Minimum number of qulified pixels in the group 

        if sum(accumaoi_LBMask(candgrp_masklin)) < prm_fltrLM_npix, 

            continue; 

        end 

  

        % Compute the centroid position 

        candgrp_acmsum = sum( accum(candgrp_idx2acm) ); 

        cc_x = sum( candgrp_IdxJ .* accum(candgrp_idx2acm) ) / ... 

            candgrp_acmsum; 

        cc_y = sum( candgrp_IdxI .* accum(candgrp_idx2acm) ) / ... 

            candgrp_acmsum; 

        circen = [circen; cc_x, cc_y]; 

    end 

end 

  

% **** Debug code (begin) 

if dbg_on, 

    figure(dbg_bfigno); imagesc(dbg_LMmask); axis image; 

    title('Generated map of local maxima'); 

    if size(accumAOI, 1) == 1, 

        figure(dbg_bfigno+1); 

        surf(candLM, 'EdgeColor', 'none'); axis ij; 

        title('Accumulation array after local maximum filtering'); 

    end 

end 

% **** Debug code (end) 

%%%%%%%% Estimation of the Radii of Circles %%%%%%%%%%%% 

% Stop if no need to estimate the radii of circles 



if ~func_compu_radii, 

    varargout{1} = circen; 

    return; 

end 

  

% Parameters for the estimation of the radii of circles 

fltr4SgnCv = [2 1 1]; 

fltr4SgnCv = fltr4SgnCv / sum(fltr4SgnCv); 

  

% Find circle's radius using its signature curve 

cirrad = zeros( size(circen,1), 1 ); 

  

for k = 1 : size(circen,1), 

    % Neighborhood region of the circle for building the sgn. curve 

    circen_round = round( circen(k,:) ); 

    SCvR_I0 = circen_round(2) - prm_r_range(2) - 1; 

    if SCvR_I0 < 1, 

        SCvR_I0 = 1; 

    end 

    SCvR_I1 = circen_round(2) + prm_r_range(2) + 1; 

    if SCvR_I1 > size(grdx,1), 

        SCvR_I1 = size(grdx,1); 

    end 

    SCvR_J0 = circen_round(1) - prm_r_range(2) - 1; 

    if SCvR_J0 < 1, 

        SCvR_J0 = 1; 

    end 

    SCvR_J1 = circen_round(1) + prm_r_range(2) + 1; 

    if SCvR_J1 > size(grdx,2), 

        SCvR_J1 = size(grdx,2); 

    end 

  

    % Build the sgn. curve 

    SgnCvMat_dx = repmat( (SCvR_J0:SCvR_J1) - circen(k,1) , ... 

        [SCvR_I1 - SCvR_I0 + 1 , 1] ); 

    SgnCvMat_dy = repmat( (SCvR_I0:SCvR_I1)' - circen(k,2) , ... 

        [1 , SCvR_J1 - SCvR_J0 + 1] ); 

    SgnCvMat_r = sqrt( SgnCvMat_dx .^2 + SgnCvMat_dy .^2 ); 

    SgnCvMat_rp1 = round(SgnCvMat_r) + 1; 

  

    f4SgnCv = abs( ... 

        double(grdx(SCvR_I0:SCvR_I1, SCvR_J0:SCvR_J1)) .* SgnCvMat_dx + ... 

        double(grdy(SCvR_I0:SCvR_I1, SCvR_J0:SCvR_J1)) .* SgnCvMat_dy ... 

        ) ./ SgnCvMat_r; 

    SgnCv = accumarray( SgnCvMat_rp1(:) , f4SgnCv(:) ); 

  

    SgnCv_Cnt = accumarray( SgnCvMat_rp1(:) , ones(numel(f4SgnCv),1) ); 

    SgnCv_Cnt = SgnCv_Cnt + (SgnCv_Cnt == 0); 

    SgnCv = SgnCv ./ SgnCv_Cnt; 

  

    % Suppress the undesired entries in the sgn. curve 



    % -- Radii that correspond to short arcs 

    SgnCv = SgnCv .* ( SgnCv_Cnt >= (pi/4 * [0:(numel(SgnCv_Cnt)-1)]') ); 

    % -- Radii that are out of the given range 

    SgnCv( 1 : (round(prm_r_range(1))+1) ) = 0; 

    SgnCv( (round(prm_r_range(2))+1) : end ) = 0; 

  

    % Get rid of the zero radius entry in the array 

    SgnCv = SgnCv(2:end); 

    % Smooth the sgn. curve 

    SgnCv = filtfilt( fltr4SgnCv , [1] , SgnCv ); 

  

    % Get the maximum value in the sgn. curve 

    SgnCv_max = max(SgnCv); 

    if SgnCv_max <= 0, 

        cirrad(k) = 0; 

        continue; 

    end 

  

    % Find the local maxima in sgn. curve by 1st order derivatives 

    % -- Mark the ascending edges in the sgn. curve as 1s and 

    % -- descending edges as 0s 

    SgnCv_AscEdg = ( SgnCv(2:end) - SgnCv(1:(end-1)) ) > 0; 

    % -- Mark the transition (ascending to descending) regions 

    SgnCv_LMmask = [ 0; 0; SgnCv_AscEdg(1:(end-2)) ] & (~SgnCv_AscEdg); 

    SgnCv_LMmask = SgnCv_LMmask & [ SgnCv_LMmask(2:end) ; 0 ]; 

  

    % Incorporate the minimum value requirement 

    SgnCv_LMmask = SgnCv_LMmask & ... 

        ( SgnCv(1:(end-1)) >= (prm_multirad * SgnCv_max) ); 

    % Get the positions of the peaks 

    SgnCv_LMPos = sort( find(SgnCv_LMmask) ); 

  

    % Save the detected radii 

    if isempty(SgnCv_LMPos), 

        cirrad(k) = 0; 

    else 

        cirrad(k) = SgnCv_LMPos(end); 

        for i_radii = (length(SgnCv_LMPos) - 1) : -1 : 1, 

            circen = [ circen; circen(k,:) ]; 

            cirrad = [ cirrad; SgnCv_LMPos(i_radii) ]; 

        end 

    end 

end 

  

% Output 

varargout{1} = circen; 

varargout{2} = cirrad; 

if nargout > 3, 

    varargout{3} = dbg_LMmask; 

end 

  



Appendix C. PCA code: 
function [eigvector, eigvalue, elapse] = PCA(data, ReducedDim) 

  

if (~exist('ReducedDim','var')) 

   ReducedDim = 0; 

end 

  

[nSmp,nFea] = size(data); 

if (ReducedDim > nFea) | (ReducedDim <=0) 

    ReducedDim = nFea; 

end 

  

tmp_T = cputime; 

  

  

if issparse(data) 

    data = full(data); 

end 

sampleMean = mean(data,1); 

data = (data - repmat(sampleMean,nSmp,1)); 

  

  

  

if nFea/nSmp > 1.0713 

    % This is an efficient method which computes the eigvectors of 

    % of A*A^T (instead of A^T*A) first, and then convert them back to 

    % the eigenvectors of A^T*A.     

    ddata = data*data'; 

    ddata = max(ddata, ddata'); 

  

    dimMatrix = size(ddata,2); 

    if dimMatrix > 1000 & ReducedDim < dimMatrix/10  % using eigs to speed up! 

        option = struct('disp',0); 

        [eigvector, eigvalue] = eigs(ddata,ReducedDim,'la',option); 

        eigvalue = diag(eigvalue); 

    else 

        [eigvector, eigvalue] = eig(ddata); 

        eigvalue = diag(eigvalue); 

  

        [junk, index] = sort(-eigvalue); 

        eigvalue = eigvalue(index); 

        eigvector = eigvector(:, index); 

    end 

  

    clear ddata; 

     

    maxEigValue = max(abs(eigvalue)); 

    eigIdx = find(abs(eigvalue)/maxEigValue < 1e-12); 

    eigvalue (eigIdx) = []; 

    eigvector (:,eigIdx) = []; 

  



    eigvector = data'*eigvector;        % Eigenvectors of A^T*A 

    eigvector = eigvector*diag(1./(sum(eigvector.^2).^0.5)); % Normalization 

else 

    ddata = data'*data; 

    ddata = max(ddata, ddata'); 

  

    dimMatrix = size(ddata,2); 

    if dimMatrix > 1000 & ReducedDim < dimMatrix/10  % using eigs to speed up! 

        option = struct('disp',0); 

        [eigvector, eigvalue] = eigs(ddata,ReducedDim,'la',option); 

        eigvalue = diag(eigvalue); 

    else 

        [eigvector, eigvalue] = eig(ddata); 

        eigvalue = diag(eigvalue); 

  

        [junk, index] = sort(-eigvalue); 

        eigvalue = eigvalue(index); 

        eigvector = eigvector(:, index); 

    end 

     

    clear ddata; 

    maxEigValue = max(abs(eigvalue)); 

    eigIdx = find(abs(eigvalue)/maxEigValue < 1e-12); 

    eigvalue (eigIdx) = []; 

    eigvector (:,eigIdx) = []; 

end 

  

  

if ReducedDim < length(eigvalue) 

    eigvalue = eigvalue(1:ReducedDim); 

    eigvector = eigvector(:, 1:ReducedDim); 

end 

  

elapse = cputime - tmp_T; 
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