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1. Introduction 

A semantic classification of image content can almost be done without error by humans, 

but it is a very time and (human) resource-intensive task. In contrast, this is no trivial task 

for computers since a digital image contains pixels, colors, shapes, and textures from 

which semantic information is challenging to obtain. It is not uncommon for an image 

classification algorithm to have to decide from hundreds of categories which one or a few 

that a particular image will fit into. In the field of multi-category image classification, 

open questions [7] have occupied researchers for decades [25]. Several new methods have 

been proposed in the literature, e.g. for multi-label classification task [22][26][38], for 

active learning process [2][35][36], and “zero-shot” classification [11]. Nevertheless, the 

number of open questions did not decrease, and at the beginning of my research, I studied 

these open questions. 

In image processing, researchers often assume that samples of all occurring objects 

are available, but this is rarely true in practice. Therefore, it is advisable to develop a 

method that can detect unseen objects during training and define new object classes by 

examining them. 

Defining new categories requires labeled training data, but producing labels is a time-

consuming, difficult, and costly task. For example, annotating X-rays requires a medical 

expert [39], and visual classification of plants into thousands of plant species is an 

extremely difficult task [13]. The expensive labeling procedure motivates the process of 

active learning [32], which is designed to minimize labeling costs. It allows the learner 

system to select the data instances from which it wants to learn in a series of queries. 

However, the new categories' training data is initially an empty set, so only unsupervised 

techniques (e.g., clustering) can be used in active learning. Furthermore, it is essential to 

query unlabeled data in a balanced way. This particular configuration is called 

"uninitialized" or "zero-initiated" active learning. 

2. Research objectives 

My research goal was to design and create image classification methods suitable for 

detecting unknown categories during training and using an active machine learning 

procedure to examine and select the appropriate data instances of the new classes. My 

research goals can be written in the following steps: 

 Design and implementation of classification algorithms based on multimedia 

(image and video) content observations. 
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 Develop and implement a multi-object (multi-label) image classification 

procedure to determine the relevance value used in Content-Based Image Retrieval 

(CBIR). 

 After detecting unknown categories, one of the main steps in defining a new object 

class is image clustering. Therefore, my next research goal was to develop a wide 

range of content-based image clustering methods (image pairing with special mini-

clusters, hierarchically structured image sets, automatic cluster number 

determination). 

 Develop and implement a probabilistic model to detect images belonging to an 

unknown category at training time. 

 Design a procedure capable of identifying new object classes by examining the 

attributes of the detected unknown images. 

 Design a pool-based active learning algorithm and develop query strategies that 

address the shortcomings of state-of-the-art methods (management of difference 

in informativeness values, the problem of an imbalanced dataset). 

 Design active learning methods to produce the labeled training data set needed to 

learn from a previously unknown class, which queries with optimal balance and 

suitable for uninitialized conditions. 

3. Research methodology 

In my research, I worked with empirical methods typical of the data science and artificial 

intelligence disciplines to develop new procedures. I evaluated my proposed algorithms 

experimentally, using the classification, clustering, and information retrieval objective 

metrics often used in the literature. These are the Accuracy (𝐴𝐶𝐶), Precision (𝑃𝑟𝑒𝑐), True 

Positive Rate (𝑇𝑃𝑅), F-Measure (𝐹1), Average Precision (𝐴𝑃), Mean Average Precision 

(𝑀𝐴𝑃), Rand Index (𝑅𝐼), and 𝑆 metric [12]. Using these metrics allowed me to compare 

my results with the results of other methods in the literature. Furthermore, I defined 

several new metrics to measure the effectiveness of the developed algorithms: 

 𝐶𝑁𝐼-𝑅𝐼 (Cluster Number Indicator based on Rand Index) and 𝑎𝑅𝐼 (adjusted Rand 

Index) to measure cluster number adequacy; 

 extended (𝐴𝐶𝐶𝐸) and open-set (𝐴𝐶𝐶𝑂) classification accuracy for the goodness of 

detecting unknown objects; 

 Longtime Balancedness Error (𝐿𝐵𝐸) and Relative Entropy (𝑅𝐸𝐿) metrics to 

measure the balance of the labeled training data set received by active learning 

queries. 
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The vast majority of my experimental studies were performed on public, real data sets 

(most of them were image data sets): PlantCLEF [12], SeaCLEF [31], PVOC [9], 

Caltech101 [10], Caltech256 [14], MNIST [21], FMA [5], GBFR (self-made [J1]). To 

test the uninitialized active learning method that was my research goal, I used an 

additional 400 synthetic datasets. On these datasets, I performed tens of thousands of 

active learning iterations and performed ten million+ classifications. I implemented my 

proposed procedures in MATLAB and Python. 

4. New scientific results 

Thesis group 1. Multi-object semantic image classification 

When dealing with plant image sets, it is often the case that several photographs are 

available of a particular plant, and each of them is included in the image set; for example, 

from its flower, leaf, stem, etc.; from now on referred to as "viewpoints". I designed and 

implemented a plant species classification algorithm that builds SVM classification 

models separately for each viewpoint and then uses them together - reinforcing each other 

- to make the final decision for the complete plant observation. 

Content-Based Image Retrieval (CBIR) can target multiple images or multiple 

objects. However, even the most common search engines (Google, Bing, and Flickr) have 

difficulty processing such multi-object search terms. I developed a CBIR algorithm 

supported by image classification to process multi-object search terms that search for 

images based solely on semantic information. 

Thesis 1.1. [J5][C1][C2][C3][C5] I designed a visual content-based plant classifier based 

on observations with incomplete class set, with weighted fitting of SVM models built on 

different parts of plants. I showed that the proposed algorithm can improve the 

recognition rate. In terms of 𝑀𝐴𝑃 and 𝐴𝐶𝐶 metrics, I achieved 2.2% and 0.7% 

improvement with uniform weighting, while additional increases of 9.1% and 7.3% with 

the developed weighting system, so a total of 11.5% and 8% improvement, respectively, 

compared to the classification per image. 

Let 𝑂 = {𝑜1, … , 𝑜𝑚} be the set of visual observations of plants, where 𝑚 is the number 

of observations, and an observation contains several images of a particular plant from 

different viewpoints; denote these by 𝑥𝑖 ∈ 𝑜𝑗; 𝑖 = 1 … 𝑁𝑗, where 𝑁𝑗 is the number of 

images in the 𝑗𝑡ℎ observation. Observation 𝑜𝑗 is classified based on the weighted majority 

decision formed from the classification results of the 𝑥𝑖 images, as shown in Equation 1. 

𝑃(𝑌|𝑥𝑖) is the probability that the image 𝑥𝑖 belongs to the 𝑌 category, 𝑉 is the number of 

different viewpoints, 𝑁𝑗,ℎ is the number of images in 𝑗𝑡ℎ observation and ℎ𝑡ℎ viewpoint, 
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and 𝑤ℎ denotes the weight of the images belonging to viewpoint ℎ. The 𝑤ℎ weights were 

determined by a square function of the 𝐴𝐶𝐶 and 𝑀𝐴𝑃 shares measured on a validation 

set formed from the 50 largest classes in the PlantCLEF image set. 

𝑃(𝑌|𝑜𝑗) = ∑ (𝑤ℎ ∙
1

𝑁𝑗,ℎ
∙ ∑ 𝑃(𝑌|𝑥𝑖)

𝑁𝑗,ℎ

𝑖=1

)

𝑉

ℎ=1

(1) 

𝑤ℎ =
1

2
((

𝑀𝐴𝑃ℎ
2

∑ 𝑀𝐴𝑃𝑙
2𝑉

𝑙=1

) + (
𝐴𝐶𝐶ℎ

2

∑ 𝐴𝐶𝐶𝑙
2𝑉

𝑙=1

)) (2) 

The experimental evaluation of the proposed method was conducted in the PlantCLEF 

competition. The organizers defined a new metric for the official evaluation, the 𝑆 metric, 

which is a score based on the correct plant species' rank in the entire ordered plant species 

list, so a higher 𝑆 means better recognition. In the competition I managed to get the 3rd 

place with the proposed algorithm. 

Table 1 summarizes the 𝑀𝐴𝑃 and 𝐴𝐶𝐶 values obtained during the experiments, 

observation based results are presented in the last two rows and image averages 

beforehand; moreover, column “𝑤” contains the weight parameters. The results show that 

the recognition rate increased by fitting the viewpoints, and with the weights determined 

according to (2), a significant further improvement can be observed. 

Table 1. Results and weight parameter values on the PlantCLEF image set 

  𝑀𝐴𝑃  𝐴𝐶𝐶 Number of images  𝑤 

Branch 0.341 0.392 1518 0.059 

Entire 0.314 0.325 903 0.045 

Flower 0.512 0.450 2444 0.102 

Fruit 0.482 0.577 1651 0.123 

Leaf 0.583 0.609 3610 0.156 

LeafScan 0.965 0.951 7770 0.403 

Stem 0.492 0.517 1961 0.112 

Image avg. 0.676 0.682 19857 - 

Observation avg.  
(uniform weights) 

0.691 0.687 - - 

Observation avg. 0.754 0.737 - - 
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Thesis 1.2. [J1] I developed a content-based image search procedure supported by 

semantic image classification, which uses offline semantic information-based combined 

methods to process multi-object search terms. I showed that for queries consisting of 2 

or 3 vehicle objects, it yields on average 25.3% more relevant results than popular web 

search engines: Google, Bing, Flickr; regarding the 𝑀𝐴𝑃 indicator, I achieved an 

average increase of 38.8%. 

In order to model the operation of search engines, I performed the search in a 

predefined finite image set. Denote the image set by 𝑋 = {𝑥1, … , 𝑥𝑛}, and the object types 

that occur in it are denoted by 𝑌1, … , 𝑌𝑘. The semantic information of an image was 

determined based on 𝑘 pre-trained binary SVM classifiers. Thus for every image 𝑥𝑖, 𝑘 

probability values were available, where the element 𝑗 shows how likely it is that object 

type 𝑌𝑗 is in the image 𝑥𝑖. I calculated these probability values offline for the whole image 

set, which means that this data is already available when a search term arrives at the 

system. The CBIR procedure I designed aims to process multi-object search terms, so I 

developed several methods that combine the offline semantic information to estimate the 

relevance values (𝑅) of the images; these are the following: 

 Thresholded summary: Calculates the relevance value of an image as the sum of 

the probabilities for the objects listed in the search term if at least one of them 

exceeds a threshold 𝜏; otherwise, 0. 

 Thresholded product: The relevance value of an image is given by the product 

of the probabilities for the query objects, which must be greater than the threshold 

𝜏; otherwise, the relevance is 0. 

 Minimum: This method considers the value of the minimum probability query 

object to be the relevance value. 

 Difference: The product of the probability values of the absence of the query 

objects subtracted from 1. Thus, the image with the lowest probability that none 

of the query objects are included gets the highest relevance value. 

 Ranking with multi-label classification: I defined a multi-label classification 

method that determines the set of {𝜔𝑖} objects that appear on each image 𝑥𝑖, as 

shown in Algorithm 1, where φ controls the threshold probability of including 

additional labels. The relevance values then calculated as follows. Denote the 

number of query objects by 𝑞 and form buckets 𝐵1, … , 𝐵𝑞. Place 𝑥𝑖 in bucket 𝐵𝑙 

designated by the number of labels associated with it. Arrange the buckets in the 

order 𝐵𝑞 , … , 𝐵1, and then arrange each image within the buckets according to the 

relevance value calculated by the summation method (so the images cannot move 

between the buckets). 
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Algorithm 1. Multi-label classification 

input: 𝑋 = {𝑥1, … , 𝑥𝑛}; 𝑌1, … , 𝑌𝑘 

init:    𝜔1, … , 𝜔𝑛;  ∀𝜔𝑖 = ∅ 

for 𝑥𝑖  𝑖𝑛 𝑋 

 𝑀𝑎𝑥𝑉𝑎𝑙𝑢𝑒 = 0 

 𝑌 = {𝑌1, … , 𝑌𝑘} 

 while max
𝑗∈𝑞𝑢𝑒𝑟𝑦

𝑃(𝑌𝑗|𝑥𝑖) > (𝑀𝑎𝑥𝑉𝑎𝑙𝑢𝑒 ∙ φ) 

  𝜔𝑖 . 𝑎𝑝𝑝𝑒𝑛𝑑 (argmax
𝑗∈𝑞𝑢𝑒𝑟𝑦

𝑃(𝑌𝑗|𝑥𝑖)) 

  𝑀𝑎𝑥𝑉𝑎𝑙𝑢𝑒 = max
𝑗∈𝑞𝑢𝑒𝑟𝑦

𝑃(𝑌𝑗|𝑥𝑖) 

  𝑌. 𝑑𝑒𝑙𝑒𝑡𝑒 (argmax
𝑗∈𝑞𝑢𝑒𝑟𝑦

𝑃(𝑌𝑗|𝑥𝑖)) 

 end while 

end for 

output: 𝜔1, … , 𝜔𝑛 

 

I tested the developed CBIR system and relevance determination procedures on the 

GBFR image set, and I compared them with the results of the popular Google, Bing, and 

Flickr search engines. Based on the 𝑀𝐴𝑃 indicators shown in the last column of Table 2, 

Minimum achieved a growth of 54.2%, 42.3%, and 20.0% (average 38.8%) for Google, 

Bing, and Flickr, so this method proved to be the most effective on average. The number 

of relevant results returned per search query is summarized in Table 3, where the rows 

indicate the query. From this, we can see that, on average, the Minimum method gives 

the highest number of relevant images, 14.4 in the top 50, which is 42.5%, 19%, and 

14.3% (average 25.3%) more than with Google, Bing, and Flickr search engines. 

Table 2. 𝑨𝑷 and 𝑴𝑨𝑷 values for the first 50 items 

 AB AC BC BM CM ABC BCM 𝑀𝐴𝑃 

Google 0.0799 0.0211 0.0338 0.0465 0.0150 0.1402 0.0151 0.0502 

Bing 0.0922 0.0762 0.0176 0.0804 0.0388 0.0602 0.0154 0.0544 

Flickr 0.0405 0.0182 0.0440 0.1930 0.0892 0.0385 0.0278 0.0645 

Sum (𝜏 = 0) 0 0.0645 0.0150 0.0015 0.0221 0.0437 0.0028 0.0214 

Sum (𝜏 = 0.5) 0 0.0645 0.0150 0.0015 0.0221 0.0437 0.0028 0.0214 

Product (𝜏 = 0) 0.0332 0.0750 0.0183 0.0206 0.0337 0.1429 0.0161 0.0485 

Product (𝜏 = 0.1) 0.0332 0.0750 0.0183 0.0206 0.0337 0.0162 0.0009 0.0283 

Minimum 0.0829 0.1153 0.0147 0.0639 0.0488 0.1582 0.0580 0.0774 

Multi-label 0.0328 0.0733 0.0128 0.0006 0.0451 0.1345 0 0.0427 

Difference 0 0.0073 0.0104 0.0006 0.0020 0.0005 0 0.0030 
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Table 3. Number of relevant images from the first 50 items 

 Google Bing Flickr Minimum 

AB 10 16 11 14 

AC 10 20 5 23 

BC 16 11 20 11 

BM 12 12 23 15 

CM 8 14 20 17 

ABC 10 5 3 11 

BCM 5 7 6 10 

Average 10.1 12.1 12.6 14.4 

 

Thesis group 2. Cluster number estimator and structure-preserving 

clustering 

One of the main steps in defining a new object class after detecting unknown categories 

is to cluster similar images. Therefore I developed solutions to specific clustering 

problems in my research: automatic cluster number determination and structure-

preserving property. The number of new categories is not known in advance, so it is 

essential to design an image clustering algorithm that can automatically determine this 

based on the attributes of the data set. On the other hand, there could be any relationship 

between the unknown data points, as they are unexplored, so it is advisable to prepare the 

clustering algorithm for handling structured data sets. 

Thesis 2.1. [C10] I designed the new weighted similarity graphs FC-WG and NPP-WG, 

whose edge weight system following the relationships between point sets. FC-WG and 

NPP-WG significantly reduce the violation of the structure of hierarchical data sets when 

they are used in the spectral clustering algorithm while giving an 18.8% higher 𝐹1 value 

on average than the trivial solution – clustering the point sets based on their aggregate 

representations. 

Traditional clustering algorithms assume that the data set (𝑋) that arrives at their input 

includes no predefined relationship between two (𝑥𝑖, 𝑥𝑗) points (i.e., the data points are 

independent). Then the clustering of 𝑋 = {𝑥1, … , 𝑥𝑛} into 𝑘 clusters can be done without 

any restriction, and the result is the groups 𝐶1, … , 𝐶𝑘. However, in the case of a structured 

data set, so-called disjoint groups, also known as point sets, can be defined based on the 

𝑟𝑖𝑗 relationships between the data points (see Equation 3, where ↔ denotes connection). 

𝑟𝑖𝑗 = {
  1  
  0  

|  
𝑥𝑖 ↔ 𝑥𝑗

𝑥𝑖 ↮ 𝑥𝑗
  } (3) 

The points 𝑥1, … , 𝑥𝑛 can be considered lower, while the point sets can be considered 

upper hierarchy, so the data set with the above property is called a hierarchical data set. 
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In this case, the goal is to perform the clustering so that every element of a given point 

set is placed in the same cluster. Using a conventional clustering procedure on a 

hierarchical data set, we obtain the clusters 𝐶1, … , 𝐶𝑘 in the same way, but 𝑥𝑖 could be a 

member of cluster 𝐶𝑔, while 𝑥𝑗 is assigned into cluster 𝐶ℎ, despite 𝑟𝑖𝑗 = 1. So the point 

set containing 𝑥𝑖 and 𝑥𝑗 is decomposed. The trivial solution for holding point sets together 

is to cluster them based on aggregate representations (e.g., centroid), which guarantees 

this. In contrast, clustering on the level of points offers a finer solution, so the focus of 

my research was to create a procedure that ensures that the point sets remain together 

during the clustering of points. 

Spectral Clustering (SC [34]) transforms the input data set into a new space and then 

performs the clustering, thus providing an opportunity to model the relationships of the 

hierarchical data set, i.e., the point set structure. The basic idea is to influence the 

transformation process with modified, weighted graphs so that the relationships between 

the points will be included in the new representation of the data set. FC-WG (Fully 

Connected Weighted Graph) is a fully connected graph, where the edges between two 

connecting points 𝑥𝑖 , 𝑥𝑗 (belonging to the same point set) receive a greater weight 𝑤𝑖𝑗 

than the other edges; as shown in Equation 4, where 𝑛 is the number of data points. 

𝑤𝑖𝑗 = { 
𝑛

𝑠𝑖𝑗
 |

  𝑟𝑖𝑗 = 1

 𝑟𝑖𝑗 = 0
} (4) 

NPP-WG (Nearest Points of Sets-Set Weighted Graph), on the other hand, is an 

incomplete graph where points in the same point set still form a complete subgraph (with 

high weight), but point sets are interconnected only through their closest points, as shown 

in Equation 5. 

𝑤𝑖𝑗 = { 

𝑛
𝑠𝑖𝑗

0
 | 

𝑟𝑖𝑗 = 1

𝑟𝑖𝑗 = 0 é𝑠 𝑠𝑖𝑗 ≥ 𝑠𝑖𝑡: ∀𝑥𝑡 (𝑟𝑗𝑡 = 1, 𝑥𝑗 ≠ 𝑥𝑡)

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

} (5) 

Table 4 shows the 𝐹1 and 𝑇𝑃𝑅 metrics evaluated in the experimental studies on the 

FMA and PlantCLEF datasets, while Table 5 summarizes the number of separated point 

sets during spectral clustering using 1NN, FC-WG, and NPP-WG graphs, respectively, 

where 1NN denotes the traditional nearest neighbor similarity graph. Clustering the point 

sets based on aggregate representations achieved an average of 0.160 𝐹1, while clustering 

the points with spectral clustering using the proposed weighted graphs achieved an 

average of 0.190 𝐹1 (i.e., 18.8% higher). 

 

 



 10 

 

Table 4. 𝑭𝟏 and 𝑻𝑷𝑹 values on FMA and PlantCLEF datasets 

 FMA Genre FMA Artist PlantCLEF 

  𝑇𝑃𝑅  𝐹1  𝑇𝑃𝑅  𝐹1  𝑇𝑃𝑅  𝐹1 

Average 0.132 0.181 0.147 0.162 0.008 0.012 

BoW-SC 0.198 0.223 0.242 0.178 0.107 0.085 

BoW-GMM 0.312 0.301 0.194 0.191 0.114 0.110 

FC-WG 0.908 0.375 0.369 0.090 0.371 0.077 

NPP-WG 0.927 0.374 0.494 0.081 0.403 0.146 

 

Thesis 2.2. [J7] I developed a set of conditions to control the edge weights of the FC-WG 

and NPP-WG graphs in a way that guarantees a structure-preserving property for the 

spectral clustering procedure. Empirical studies confirmed that the structure-preserving 

attribute of spectral clustering is provided by satisfying the system of conditions. 

The application of the presented weighted graphs does not guarantee that the structure 

of a hierarchical data set stays intact during spectral clustering, so I developed a set of 

conditions that specify the edge weights of the above FC-WG and NPP-WG graphs to 

ensure structure-retaining property. The normalized spectral clustering is based on the 

normalized cut (𝑁𝑐𝑢𝑡 [15]) and thus looks for the minimum value of the function 

described in Equation 6, where 𝐴𝑖𝑗 is the 𝑗𝑡ℎ element of the 𝑖𝑡ℎ row of the similarity 

matrix and 𝑣𝑜𝑙(𝐶) denotes the size of cluster 𝐶, which is the sum of the weights of the 

edges in it, see Equation 7. 

𝑁𝑐𝑢𝑡(𝐶1, … , 𝐶𝑘) = ∑
𝑐𝑢𝑡(𝐶𝑖, 𝐶�̅�)

𝑣𝑜𝑙(𝐶𝑖)

𝑘

𝑖=1

=
1

2
∑

∑ ∑ 𝐴𝑗𝑙𝑙∈𝐶�̅�𝑗∈𝐶𝑖

∑ ∑ 𝐴𝑗𝑙𝑙∈𝐶�̅�𝑗∈𝐶𝑖
+  ∑ ∑ 𝐴𝑗𝑙𝑙∈𝐶𝑖𝑗∈𝐶𝑖

𝑘

𝑖=1

(6) 

𝑣𝑜𝑙(𝐶) =  ∑ ∑ 𝐴𝑖𝑗

𝑛

𝑗=1𝑖 ∈ 𝐶

(7) 

The purpose of the conditions is to find a threshold value 𝑍 for the edge weights of 

the complete subgraphs formed by the point sets. To determine 𝑍 I examined two different 

cluster configurations and calculated the 𝑁𝑐𝑢𝑡 values for these situations (𝑁𝑐𝑢𝑡1, 𝑁𝑐𝑢𝑡2). 

The first scenario is when the hierarchical structure does not fall apart, i.e., all point sets 

remain together, while in the second case, there is precisely one point that is separated 

from its point set. After derivation, the threshold value can be written as shown in 

Equation 8, at which point sets become indivisible. It is important to note that this is only 

true if the applied similarity function values are between 0 and 1. 
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Z =
√𝑛 ∙ √𝑘2𝑛 + 16𝑘𝑛3 + 8𝑘𝑛 − 16 + 𝑘𝑛

4
(8) 

Table 5. Number of separated point sets on FMA and PlantCLEF datasets 

  Number of point-sets Number of separated point-sets 

FMA 
Genre 

1NN 

1,829 

211 

FC-WG 2 

NPP-WG 0 

FC-WG (Z) 0 

NPP-WG (Z) 0 

FMA 
Artist 

1NN 

1,171 

269 

FC-WG 43 

NPP-WG 34 

FC-WG (Z) 0 

NPP-WG (Z) 0 

PlantCLEF 

1NN 

9,989 

3.066 

FC-WG 11 

NPP-WG 0 

FC-WG (Z) 0 

NPP-WG (Z) 0 

Thesis 2.3. [C6][C7] I developed an image pair search algorithm that builds a SIFT-

based, weighted similarity graph to form mini-clusters and then uses MCL to rearrange 

the edge weights of the similarity graph to find additional connections between the 

images. Experimental evaluation in the SeaCLEF competition showed that the proposed 

method could identify twice as many image pairs as using an RBF Kernel similarity. 

I developed a matching procedure that uses a new similarity function based on SIFT 

(Scale Invariant Feature Transform) [23][24] image description vectors. Consider images 

𝑥 and 𝑦 and let 𝑢1, … , 𝑢𝑛 and 𝑣1, … , 𝑣𝑚 be the corresponding SIFT descriptors. The 

matching procedure performs a ratio test on the two nearest neighbors of a given 

descriptor vector 𝑢𝑖, let they be 𝑣𝑗  and 𝑣𝑙. Then stores the test result in binary form in 𝑠𝑖𝑗, 

as shown in Equation 9, where 𝑑𝑖𝑗 and 𝑑𝑖𝑙 denote the Euclidean distances between the 

endpoints of the corresponding descriptor vectors, 𝛽 controls the expected deviation 

between the neighbors, and 𝑖 = 1 … 𝑛;   𝑗, 𝑙 = 1 … 𝑚;   𝑗 ≠ 𝑙. 

𝑠𝑖𝑗 = { 
 1 
 0 

 |  
𝛽 ∙ 𝑑𝑖𝑗 < 𝑑𝑖𝑙

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  } (9) 

False positive matches may occur when two SIFT descriptors 𝑢𝑖 and 𝑣𝑗  are very 

similar (i.e., 𝑠𝑖𝑗 = 1), but in truth, they belong to different parts of the images. To 

eliminate such errors, I applied the RANSAC algorithm [11], which fits the SIFT 

descriptors of image 𝑥 to the ones extracted from image 𝑦, using rotation and scale 
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transformations. The value of 𝑠𝑖𝑗 of descriptors that do not fit each other, but were 

previously found to be the same, is set to 0. Based on the found matching pairs, I defined 

the following new similarity function, where 𝑖, 𝑗 are the indices of the matching descriptor 

pairs found on the 𝑥 and 𝑦 images, and 𝑁 is their number: 

𝑆𝑥𝑦 =
𝑁

max (𝑑𝑖𝑗)
(10) 

From the pairwise similarity values of the images, a similarity graph 𝐺 can be 

constructed, which is a complete graph; the vertices correspond to the images (e.g., 𝑥 and 

𝑦), and the edges running between them are calculated based on the similarity values (see 

Equation 11). 

𝑤𝑥𝑦 = {  
1
0

  |  
𝑆𝑥𝑦 > ∀𝑆𝑥𝑧 é𝑠 𝑆𝑦𝑥 > ∀𝑆𝑦𝑧 ;  𝑧 ≠ 𝑥 ≠ 𝑦

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  } (11) 

Because edge weights are derived from estimates, inaccurate values may occur, and 

therefore I created so-called mini-clusters to increase the likelihood of finding image pairs 

that contain the same individual (object). In order to explore additional connections 

within 𝐺, I used the Markov Clustering Algorithm (MCL [33]). Based on the found 

clusters, the edge weights in 𝐺 can be rewritten as follows: edges within a cluster are 

given a weight of 1, and all other edges are given a weight of 0. 

I tested the above image pair search algorithm in the SeaCLEF international 

multimedia analysis competition organized by LifeCLEF in 2017, compared against the 

methods of several research groups. Based on the official evaluation results, it proved to 

be more effective than the competitor methods, so I managed to get first place, as shown 

in Table 6. 

Table 6. 𝑨𝑷 values achieved by image pairing methods on the SeaCLEF image set 

  𝐴𝑃 

ZenithINRIA [17] 0.39 

MLGR [16] 0.01 

RBF Kernel 0.25 

SIFT 0.30 

SIFT+MCL 0.51 
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Thesis 2.4. [J4] I developed the MMKK++ automatic cluster number determination 

framework, which estimates the expected value of the cluster number by examining 

candidates between minimum and maximum range, and measuring an internal evaluation 

indicator of kernel clustering. I defined the new indicators 𝐶𝑁𝐼-𝑅𝐼 and 𝑎𝑅𝐼 for the 

external evaluation of the adequacy of the estimated cluster number regarding the 

established clusters. I empirically showed that applying my proposed 𝑣𝑅𝐷𝐼 internal 

evaluation indicator in the MMKK++ framework results in a more accurate cluster 

number estimation than the Silhouette Coefficient and Cluster Validity methods. 

I designed the Min-Max Kernel K-means++ (MMKK++) method that uses the Kernel 

K-means [3][6] algorithm to implement clustering, which aims (similar to the K-means 

method) to minimize the sum of squared distances between data points and their cluster 

centers. For the internal evaluation of the clustering, I defined the 𝑣𝑅𝐷𝐼 (Ratio of 

Distances between Intra and inter) indicator, which measures the goodness of fitting the 

data set into 𝑘 clusters. In contrast to the Davies-Bouldin index [4], Dunn index [8], and 

Cluster Validity [28] indicators used in the literature, 𝑣𝑅𝐷𝐼 is calculated by taking the 

quotient of the mean distance within clusters and the mean distance between clusters. 

The lower the 𝑣𝑅𝐷𝐼 value for a given number of clusters, the more suitable it is for 

clustering the data set, i.e., the more compact the cluster design. MMKK++ expects the 

𝑚𝑖𝑛_𝑘 and 𝑚𝑎𝑥_𝑘 as parameters and examines each candidate 𝑘′ ∈ [𝑚𝑖𝑛_𝑘; 𝑚𝑎𝑥_𝑘] 

cluster number for compactness by applying the 𝑣𝑅𝐷𝐼 metric. Finally, it selects the 

cluster number corresponding to the lowest 𝑣𝑅𝐷𝐼 value. The Kernel K-means is not 

deterministic due to the random initial cluster center selection, so I used plusplus (++) 

initialization [1]; however, this does not completely eliminate the randomness. The law 

of large numbers states that the expected value can be approximated by averaging the 

results of a sufficiently large number of tests (in this case, repeated Kernel K-means). In 

order to estimate the number of clusters 𝑘, the whole algorithm runs on the data set 

multiple times, and then the expected value of 𝑘 is determined based on the different 

observations (𝑘𝑖). 

I defined two new indicators suitable for evaluating clustering while also taking into 

account the adequacy of the cluster number. The 𝐶𝑁𝐼-𝑅𝐼 (Cluster Number Indicator based 

on Rand Index) is the ratio of the 𝑅𝐼 [27] obtained with the estimated 𝑘 (𝑅𝐼𝑘) to the 

maximum achievable 𝑅𝐼 in the designated cluster number interval (see Equation 12). 

Furthermore, the 𝑎𝑅𝐼 (adjusted Rand Index) measures the 𝑅𝐼 on a transformed scale, 

where the set of values is translated from the original 0-1 interval to the interval between 

the highest and lowest achievable 𝑅𝐼 (see Equation 13). 
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𝐶𝑁𝐼-𝑅𝐼 =  
𝑅𝐼𝑘

max
𝑘′∈𝜃

{𝑅𝐼𝑘′}
(12) 

𝑎𝑅𝐼 =
𝑅𝐼𝑘 − min

𝑘′∈𝜃
{𝑅𝐼𝑘′}

max
𝑘′∈𝜃

{𝑅𝐼𝑘′} − min
𝑘′∈𝜃

{𝑅𝐼𝑘′}
(13) 

where 𝑘′ is a candidate cluster number and 𝜃 represents the set of all candidate cluster 

numbers. MMKK++ is a framework in which I applied the 𝑣𝑅𝐷𝐼 indicator for internal 

evaluation of the clustering. Although, 𝑣𝑅𝐷𝐼 could be replaced with methods such as 

Silhouette Coefficient (SC) [29] and Cluster Validity (CV) [28] so that they can be 

compared. I defined the following three methods to determine the final cluster number 𝑘: 

 freq_k: most common 𝑘𝑖, 

 avg_k: the rounded average of all 𝑘𝑖, 

 avg_m: 𝑘𝑖 that belongs to the minimum of the averages of the internal evaluation 

indicators. 

A total of 36 separate experiments were performed on four datasets, and the operation 

of the algorithms was observed empirically. The results can be seen in Table 7. 

Table 7. Summary of MMKK++ results using 𝒗𝑹𝑫𝑰, SC, and CV 

Plant10 Cal10 

  𝑘  𝑅𝐼 𝐶𝑁𝐼-𝑅𝐼  𝑎𝑅𝐼   𝑘  𝑅𝐼 𝐶𝑁𝐼-𝑅𝐼  𝑎𝑅𝐼 

SC 

freq_k 7 0.741 0.853 0.613 

SC 

freq_k 9 0.851 0.998 0.993 

avg_k 7 0.741 0.853 0.613 avg_k 9 0.851 0.998 0.993 

avg_m 12 0.828 0.953 0.877 avg_m 6 0.777 0.912 0.637 

CV 

freq_k 8 0.764 0.879 0.682 

CV 

freq_k 9 0.851 0.998 0.993 

avg_k 8 0.764 0.879 0.682 avg_k 11 0.846 0.992 0.969 

avg_m 7 0.741 0.853 0.613 avg_m 9 0.851 0.998 0.993 

𝑣𝑅𝐷𝐼 

freq_k 10 0.839 0.965 0.909 

𝑣𝑅𝐷𝐼 

freq_k 9 0.851 0.998 0.993 

avg_k 10 0.839 0.965 0.909 avg_k 9 0.851 0.998 0.993 

avg_m 8 0.764 0.879 0.682 avg_m 9 0.851 0.998 0.993 

  

Merged20 Caltech101 

  𝑘  𝑅𝐼 𝐶𝑁𝐼-𝑅𝐼 𝑎𝑅𝐼   𝑘  𝑅𝐼 𝐶𝑁𝐼-𝑅𝐼  𝑎𝑅𝐼 

SC 

freq_k 11 0.793 0.840 0.648 

SC 

freq_k 25 0.940 0.841 0.862 

avg_k 10 0.788 0.835 0.635 avg_k 28 0.944 0.880 0.972 

avg_m 16 0.898 0.953 0.895 avg_m 22 0.930 0.816 0.958 

CV 

freq_k 7 0.756 0.801 0.560 

CV 

freq_k 30 0.949 0.977 0.901 

avg_k 7 0.756 0.801 0.560 avg_k 35 0.954 0.983 0.925 

avg_m 12 0.867 0.920 0.822 avg_m 39 0.955 0.984 0.929 

𝑣𝑅𝐷𝐼 

freq_k 14 0.877 0.930 0.845 

𝑣𝑅𝐷𝐼 

freq_k 55 0.962 0.990 0.958 

avg_k 17 0.914 0.969 0.931 avg_k 57 0.962 0.991 0.960 

avg_m 16 0.898 0.953 0.895 avg_m 49 0.959 0.988 0.947 
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Thesis group 3. Detection and exploration of unknown image classes 

For the open-set recognition problem in image classification, I constructed the Double 

Probability Model (DPM), which aims to detect images unseen at training time. I 

compared DPM with the state-of-the-art CAP W-SVM technique [30] in experimental 

studies. I designed and implemented the Cluster Classification (CC) procedure to identify 

new classes by clustering the detected unknown images. Hence, it provides a solution to 

define potential new categories, a sub-task of the open-world problem. 

Thesis 3.1. [J3] I constructed the DPM probability model, which provides detection 

estimation for unknown images occurring in an open-set environment using decision 

vectors obtained as the output of image classification. I defined the extended (𝐴𝐶𝐶𝐸) and 

open-set (𝐴𝐶𝐶𝑂) classification accuracy metrics to evaluate the classification and 

detection results jointly. I experimentally demonstrated the benefits of using DPM and 

achieved an average improvement of 64% in the 𝐴𝐶𝐶𝐸 indicator. I compared the results 

of the DPM to the results of the state-of-the-art CAP W-SVM procedure and showed that 

the DPM is on average 29.8% more accurate for classification and 14.9% more accurate 

for the detection of unknown images. 

An image classification system is able to determine class membership probabilities 

for test images, and these probability values can be arranged into decision vectors (𝑑𝑣). 

Denote class 𝑗 by 𝑌𝑗 (𝑗 =  1 …  𝑘), then the probability that image 𝑥 belongs to the 𝑗𝑡ℎ 

category is 𝑑𝑣𝑗(𝑥). Also, for category 𝑌𝑗, denote the set of positive and negative instances 

by 𝑆𝑃𝑗
 and 𝑆𝑁𝑗

 respectively; these can always be determined knowing the true class labels. 

Based on the probability values of the elements of 𝑆𝑃𝑗
, the probability distribution 

function of the positive instances can be written (𝐹𝑃𝑗
, see Equation 14), and I also defined 

an "inverse" probability distribution function based on the negative instances (𝐹𝑁𝑗
, see 

Equation 15). 

𝐹𝑃𝑗
(𝑥) = 𝑝 (𝑌𝑗  | 𝑑𝑣𝑗(𝑆𝑃𝑗

) < 𝑑𝑣𝑗(𝑥)) (14) 

𝐹𝑁𝑗
(𝑥) = 𝑝 (�̅�𝑗 | 𝑑𝑣𝑗(𝑆𝑁𝑗

) > 𝑑𝑣𝑗(𝑥)) (15) 

I constructed the DPM probability model based on 𝐹𝑃𝑗
 and 𝐹𝑁𝑗

, and it estimates the 

probability of belonging to an unknown class relative to the probability of belonging to 

known classes. The probability for category 𝑗 can be expressed according to Equation 16, 

and for class 𝑌𝑘+1 (i.e., the unknown class), Equation 17 shows the applied formula. 
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Figure 1. Average 𝑨𝑪𝑪𝑬 and 𝑨𝑪𝑪𝑶 values against the percentage of unknown images 

𝑃𝑌𝑗
(𝑥) = 𝐹𝑃𝑗

(𝑥) ∏ 𝐹𝑁𝑙
(𝑥)

𝑘

𝑙=1,𝑙≠𝑗

(16) 

𝑃𝑌𝑘+1
(𝑥) = ∏ 𝐹𝑁𝑗

(𝑥)

𝑘

𝑗=1

(17) 

Therefore DPM makes decisions for 𝑘 + 1 alternatives based on the decision made 

for the original 𝑘 categorization options. A given test image is assigned to the unknown 

category according to the model if the probability of class 𝑌𝑘+1 is the highest; otherwise, 

the decision of the original classification algorithm applies, as shown in the following 

equation. 

𝐷𝑃𝑀(𝑥) = { 
𝑘 + 1 

𝑎𝑟𝑔𝑚𝑎𝑥
𝑗

{𝑑𝑣𝑗(𝑥)}  |  
𝑚𝑎𝑥

𝑗
{𝑃𝑌𝑗

}

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 } (18) 

In order to evaluate the results given by DPM, I defined modified classification 

accuracy metrics. Extended classification accuracy (𝐴𝐶𝐶𝐸) calculates the accuracy by 

discarding test images classified into class 𝑌𝑘+1 so that the unknown category does not 
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generate a classification error. I introduced the 𝐴𝐶𝐶𝑂 measure to evaluate the decisions 

made for the 𝑘 + 1 alternatives, where "+1" is the unknown class. Furthermore, the 

standard accuracy indicator can be calculated for the unknown class (𝑃𝑓𝑖𝑙𝑡𝑒𝑟) thus 

obtaining the ratio of correctly filtered unknown images. 

I compared the results of image classification with or without using DPM as well as 

the results obtained with the state-of-the-art CAP W-SVM. In my experimental studies, I 

evaluated the results according to the percentage of unknown test images between 0 and 

50 at 11 sampling points with 5% increments. Figure 1 shows the 𝐴𝐶𝐶𝐸 with and without 

using DPM (dashed and dotted lines) and the 𝐴𝐶𝐶𝑂 (represented by a solid line) indicators 

evaluated on six different test sets formed from the Caltech101 image set. Table 8 shows 

the values of the 𝐴𝐶𝐶𝑂 and 𝑃𝑓𝑖𝑙𝑡𝑒𝑟 metrics achieved by CAP W-SVM and DPM. With the 

same number of known and unknown images, the average of 𝐴𝐶𝐶𝐸 got on the six image 

sets was 0.308 without DPM, and 0.505 using DPM, which represents a 64% 

improvement. Also, on average, W-SVM achieved 0.474 and 0.582, and DPM achieved 

0.615 (29.8% higher) and 0.669 (14.9% higher) 𝐴𝐶𝐶𝑂 and 𝑃𝑓𝑖𝑙𝑡𝑒𝑟 values at the last 

sampling point. 

Table 8. Comparison of DPM and W-SVM regarding 𝑨𝑪𝑪𝑶 and 𝑷𝒇𝒊𝒍𝒕𝒆𝒓 indicators 

% 

𝐴𝐶𝐶𝑂 𝑃𝑓𝑖𝑙𝑡𝑒𝑟 

Method A5 F5 A10 F10 A20 F20 A5 F5 A10 F10 A20 F20 

0 
0.547 0.531 0.635 0.643 0.671 0.668 0.000 0.000 0.000 0.000 0.000 0.000 DPM 

0.495 0.420 0.563 0.486 0.513 0.505 0.000 0.000 0.000 0.000 0.000 0.000 W-SVM 

5 
0.562 0.545 0.632 0.640 0.649 0.663 0.108 0.069 0.126 0.076 0.129 0.143 DPM 

0.499 0.432 0.554 0.480 0.500 0.502 0.088 0.073 0.095 0.080 0.063 0.126 W-SVM 

10 
0.573 0.559 0.632 0.641 0.630 0.660 0.186 0.132 0.235 0.151 0.268 0.263 DPM 

0.502 0.444 0.546 0.475 0.488 0.499 0.162 0.139 0.170 0.147 0.121 0.228 W-SVM 

15 
0.586 0.576 0.627 0.642 0.609 0.655 0.259 0.198 0.314 0.222 0.365 0.357 DPM 

0.505 0.455 0.539 0.469 0.476 0.497 0.230 0.199 0.236 0.210 0.175 0.315 W-SVM 

20 
0.598 0.587 0.625 0.640 0.589 0.652 0.325 0.251 0.392 0.284 0.445 0.445 DPM 

0.509 0.465 0.531 0.464 0.464 0.494 0.295 0.254 0.295 0.266 0.227 0.390 W-SVM 

25 
0.612 0.602 0.622 0.641 0.568 0.648 0.389 0.308 0.460 0.346 0.511 0.516 DPM 

0.513 0.476 0.523 0.458 0.451 0.491 0.355 0.310 0.349 0.318 0.277 0.457 W-SVM 

30 
0.626 0.615 0.620 0.644 0.545 0.645 0.447 0.364 0.523 0.409 0.562 0.578 DPM 

0.516 0.487 0.515 0.452 0.439 0.488 0.412 0.362 0.399 0.368 0.325 0.516 W-SVM 

35 
0.640 0.629 0.618 0.648 0.524 0.641 0.500 0.417 0.579 0.467 0.612 0.629 DPM 

0.520 0.498 0.507 0.447 0.427 0.485 0.465 0.413 0.447 0.415 0.372 0.569 W-SVM 

40 
0.652 0.640 0.616 0.646 0.501 0.638 0.547 0.466 0.627 0.517 0.654 0.677 DPM 

0.523 0.509 0.499 0.442 0.415 0.483 0.515 0.462 0.491 0.458 0.418 0.617 W-SVM 

45 
0.664 0.654 0.614 0.646 0.482 0.635 0.590 0.517 0.674 0.564 0.701 0.719 DPM 

0.527 0.520 0.491 0.436 0.402 0.480 0.564 0.509 0.535 0.501 0.464 0.661 W-SVM 

50 
0.675 0.663 0.612 0.647 0.461 0.630 0.632 0.563 0.715 0.610 0.739 0.757 DPM 

0.530 0.531 0.483 0.430 0.390 0.477 0.608 0.554 0.576 0.541 0.509 0.702 W-SVM 

 



 18 

Thesis 3.2. [J3][J4][J6] I designed and implemented the Cluster Classification (CC) 

procedure, which extends the number of original 𝑘 + 1 classification alternatives to 𝑘 +

𝜏 based on the decision vectors of DPM, thus defining potential new categories to expand 

the training data set. The experimental evaluation showed that the CC algorithm achieves 

better results in terms of the Rand Index than using DPM+Kernel K-means++; 

experiments on Caltech101 and Caltech256 image sets show a 13-25% improvement with 

50 unknown classes. 

I designed a baseline procedure that first constructs the set of detected unknown 

images using DPM; denote this set by 𝑈𝐷𝑃𝑀 (see Equation 19, where 𝑚 is the number of 

test images). Then, in the second step, it groups the elements of 𝑈𝐷𝑃𝑀 by a clustering 

method, and the new classes will be the created clusters. 

𝑈𝐷𝑃𝑀 = ⋃{𝑥𝑖 | 𝐷𝑃𝑀(𝑥𝑖) =  𝑘 + 1}

𝑚

𝑖=1

(19) 

Suppose that the number of unknown categories is known, then we cluster the 𝑈𝐷𝑃𝑀 

set into 𝜏 clusters using the Kernel K-means ++ algorithm. In case the value of 𝜏 is 

unknown, then the MMKK++ procedure is applied. The unknown images are labeled 

corresponding to their cluster identifier, and this concludes the basic automated labeling 

method. At this point, the classifier can be re-trained based on previously known and new 

labels, and then additional test images can be classified. 

In contrast to the above baseline method (DPM+KK), the Cluster Classification (CC) 

procedure explores the potential new categories with extended training and testing phases. 

During training time, the algorithm creates 𝑘 pseudo-clusters according to the true class 

labels and calculates their cluster centers. The number of categories occurring during 

testing is 𝑘 + 𝜏; first, the test images are classified into the 𝑘 known categories, and then 

DPM is employed to form the 𝑈𝐷𝑃𝑀 set. After that, Kernel K-means ++ clustering is 

applied to the entire data set with 𝑘 + 𝜏 cluster number (or MMKK++ if τ is not known), 

starting from 𝑘 cluster centers defined at the time of training, so only the remaining τ 

centers are initialized according to the ++ protocol. The resulting 𝐶1, … , 𝐶𝑘+𝜏 clusters are 

classified by the algorithm using a weighted majority vote using the class membership 

probabilities (𝑃𝑌𝑗
; 𝑗 = 1 … 𝑘 + 1) calculated from Equations 16 and 17. 

Hence, the decision vector 𝑉𝑗 = {𝑣1,…,𝑣𝑘+1} belonging to the cluster 𝐶𝑗 can be 

determined as shown in Equation 20, where 𝑛𝑙 is the cardinal number of the class 𝑌𝑙 within 

the cluster 𝐶𝑗, and 𝑤𝑖 denotes the weight of image 𝑥𝑖. The maximal element of 𝑉𝑗 indicates 

which class the cluster 𝐶𝑗 belongs to, as shown in Equation 21. The cluster classification 

result can be considered as a labeling proposal, i.e., each image in cluster 𝐶𝑗 can be labeled 

according to 𝑙𝑎𝑏𝑒𝑙𝑗. 
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Figure 2. 𝑹𝑰 achieved by DPM+KK and CC procedures on Caltech101 and Caltech256 image sets 

𝑣𝑙 =
1

𝑛𝑙
∑ 𝑤𝑖 × 𝑃𝑌𝑙

(𝑥𝑖)

𝑛𝑙

𝑖=1

(20) 

𝑙𝑎𝑏𝑒𝑙𝑗 = { 
𝑛𝑒𝑤 𝑐𝑙𝑎𝑠𝑠

𝑎𝑟𝑔𝑚𝑎𝑥
𝑙

{𝑣𝑙}  |  
 𝑣𝑘+1 = 𝑚𝑎𝑥

𝑙
{𝑣𝑙}

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 } (21) 

The developed Cluster Classification algorithm can achieve better results than the 

baseline algorithm in terms of Rand Index; moreover, the comparison also shows that the 

rate of improvement increases when the proportion of unknown classes increases (see 

Figure 2). For example, for 50 unknown classes, the results obtained are 13-25% better 

for the examined data sets, as shown in Table 9. 

Table 9. The percentage of improvement in 𝑹𝑰 achieved by the CC algorithm 

Caltech101 Caltech256 

 𝜏 baseline CC (%)  𝜏 baseline CC (%) 

5 0.629 6 10 0.514 1 
10 0.594 13 20 0.489 9 
15 0.567 15 30 0.484 6 
20 0.561 16 40 0.478 9 
25 0.550 17 50 0.452 13 
30 0.514 28 60 0.448 13 
35 0.536 18 70 0.433 19 
40 0.522 23 80 0.426 17 
45 0.505 24 90 0.412 22 
50 0.497 25 100 0.397 21 
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Thesis group 4. Balance driven and uninitialized active learning 

methods 

The task of pool-based active learning is to reduce the labeling cost by querying the true 

class label of the image with the highest information content in an available unlabeled 

data set (𝑈) from an omniscient entity called an oracle; then expands the labeled dataset 

(𝐿). This is done in an iterative process, where the most important sub-task is to determine 

the information content of the unlabeled images (𝑢). The main shortcomings of the 

general query strategies proposed in the literature are related to the information content 

difference management and the problem of imbalance. An additional challenge is the so-

called "uninitialized" or otherwise known as "zero-initiated" active learning, where the 

procedure starts with an empty set 𝐿 and, therefore, only unsupervised techniques (e.g., 

clustering) can be used. In the uninitialized case, the imbalance is a critical problem 

because the process starts with empty 𝐿, so in some cases, the underrepresented categories 

do not contain samples at all, which can lead to suboptimal modeling. In the following 

theses, I present my proposed methods for the above problems, as well as the results I got 

during the experimental evaluation. 

Thesis 4.1. [J2][C4][C8] I developed the BAL and SBAL active learning query strategies 

to control the degree of sample distribution in the labeled training data set by weighting 

the uncertainty sampling-based information content. I showed that the use of BAL and 

SBAL sampling, regardless of class number, results in an average of 5.31% and 8.68% 

improvement in classification accuracy compared to the basic uncertainty sampling, 

moreover, compared to the extended margin method, the average increase in 𝐴𝐶𝐶 is 

2.19% and 5.47%, respectively. 

I developed two new active learning query strategies based on uncertainty sampling 

that aim to equalize the size of the categories in the labeled data set by weighting the 

estimated information content. For this purpose, I defined a new metric, the so-called 

Penalty Point (PEN), see Equation 22, where 𝑗 = 1 … k, 𝑌 = {𝑌1, 𝑌2, … , 𝑌𝑘} is the set of 

classes and 𝐶𝑇𝑅𝑗  is a counter defined for class 𝑗, whose value is increased by one in each 

query phase when the queried 𝑢∗ element is not from class 𝑗. 

𝑃𝐸𝑁𝑗 = 𝐶𝑇𝑅𝑗 ×
1

𝑘
(22) 

The Balanced Active Learning (BAL) and Soft-Balanced Active Learning (SBAL) 

algorithms integrate the penalty point to estimate the final information content. The 

former determines the penalty point of an unlabeled data 𝑢 with a strong assignment (see 

Equation 23) and the latter with a weak assignment (see Equation 24). 
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The queried element is determined in both procedures by minimizing the least margin 

over the penalty point, as shown in the following equations, where 𝑦1
∗ is the first and 𝑦2

∗ 

is the second most likely class label, and 𝑃𝐸𝑁𝑢 is the penalty point assigned to 𝑢; the 

numerator contains the smallest margin uncertainty metric, and the denominator contains 

the penalty point calculated for the unlabeled item 𝑢. 

𝑢∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑢

(
(𝑃(𝑦1

∗|𝑢) − 𝑃(𝑦2
∗|𝑢))

𝑃𝐸𝑁𝑢
) (23) 

𝑢∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑢

(
𝑃(𝑦1

∗|𝑢) − 𝑃(𝑦2
∗|𝑢)

∑ (𝑃(𝑦𝑗|𝑢) ×𝑘
𝑗=1 𝑃𝐸𝑁𝑗)

) (24) 

In my experimental evaluation, I used 60 different, randomly selected, and possibly 

overlapping subsets from the Caltech101 image collection as test sets, which belonged to 

3 types based on class size: Caltech5 (C5), Caltech10 (C10), and Caltech20 (C20). As a 

sampling algorithm, I used and tested five different methods, each one on the complete 

set of 60 test sets; these are the following: 

 Random Sampling (RS), 

 Least Margin uncertainty sampling (Least Margin - LM [32]), 

 Extended Margin-Based Uncertainty Sampling with square decreasing component 

weights (Extended Margin - ExM [C8]) 

 BAL [J2], 

 SBAL [C8]. 

The 𝐴𝐶𝐶 measure was evaluated on the obtained results in each iteration, the average 

of which is shown in the left diagrams in Figure 3. Table 10 summarizes the improvement 

in the 𝐴𝐶𝐶 indicator measured at the half and end of the active learning process. 

Table 10. Summary of the improvement achieved by BAL and SBAL in the 𝑨𝑪𝑪 indicator 

 BAL SBAL 

 vs RS vs LM vs ExM vs RS vs LM vs ExM vs BAL 

C5 @25 𝐴𝐶𝐶 20.68% 7.88% 3.49% 21.02% 8.18% 3.78% 0.28% 
C5 @50 𝐴𝐶𝐶 10.60% 3.73% 0.54% 14.58% 7.46% 4.15% 3.60% 

C10 @50 𝐴𝐶𝐶 10.43% 8.81% 5.92% 13.40% 11.74% 8.78% 2.70% 
C10 @100 𝐴𝐶𝐶 13.02% 3.11% -1.22% 17.36% 7.07% 2.57% 3.84% 
C20 @100 𝐴𝐶𝐶 17.49% 7.16% 3.97% 22.20% 11.45% 8.13% 4.01% 
C20 @200 𝐴𝐶𝐶 11.09% 1.21% 0.45% 16.56% 6.18% 5.39% 4.92% 

5 class 15.64% 5.80% 2.01% 17.80% 7.82% 3.96% 1.94% 
10 class 11.72% 5.96% 2.35% 15.38% 9.41% 5.68% 3.27% 
20 class 14.29% 4.18% 2.21% 19.38% 8.82% 6.76% 4.46% 

@Half 16.20% 7.95% 4.46% 18.87% 10.46% 6.90% 2.33% 
@End 11.57% 2.68% -0.08% 16.17% 6.90% 4.04% 4.12% 

Total average 13.89% 5.31% 2.19% 17.52% 8.68% 5.47% 3.22% 
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Thesis 4.2. [C8][C9] I defined the global difference value based on the information 

change between the iteration steps of the query strategies used during the active learning 

process. I defined an uncertainty heuristic to reduce the search space and developed the 

Expected Difference Change (EDC) procedure to query unlabeled samples. This 

approach combines uncertainty sampling and expected model change strategies. I 

showed by experimental studies that, in terms of ACC metric, EDC gives better results 

than LM, ENT, and ExM uncertainty sampling strategies, and this compares with the 

results of SBAL. 

Denote the instance queried in iteration 𝑖 by 𝑢∗
(𝑖)

 and consider two consecutive queries, 

let they be iterations 𝑖 and 𝑖 + 1. Denote by ℐ𝑈(𝑖) and ℐ𝑈(𝑖+1) the list of information 

contents of the elements of 𝑈 (this is a list of scalar values) in steps 𝑖 and 𝑖 + 1, 

respectively. Furthermore, 𝑈𝑜𝑟𝑑
(𝑖)

 represents the sorted version of 𝑈 according to ℐ𝑈(𝑖), and 

ℐ
𝑈𝑜𝑟𝑑

(𝑖)  the sorted version of ℐ𝑈(𝑖); as shown in the following equations, where 𝑚 is the size 

of 𝑈 in the initial state. 

𝑈𝑜𝑟𝑑
(𝑖)

= {𝑢∗
(𝑖)

, 𝑢1
(𝑖)

, … , 𝑢𝑚−𝑖
(𝑖)

} (25) 

ℐ
𝑈𝑜𝑟𝑑

(𝑖) = {ℐ
𝑢∗

(𝑖) , ℐ
𝑢1

(𝑖) , … , ℐ
𝑢𝑚−𝑖

(𝑖) } (26) 

ℐ𝑈(𝑖+1) = {ℐ
𝑢1

(𝑖+1) , ℐ
𝑢2

(𝑖+1) , … , ℐ
𝑢𝑚−𝑖

(𝑖+1)} (27) 

The lists in Equations 26 and 27 contain the same elements except ℐ
𝑢∗

(𝑖); however, the 

estimated information content of a given element could be different in step 𝑖 and in step 

𝑖 + 1. By averaging the quantities 𝑑𝑗 = (ℐ
𝑢𝑗

(𝑖) − ℐ
𝑢𝑗

(𝑖−1)), the Global Difference Value 

(𝐺𝐷𝑉) can be calculated, which expresses the change of information content due to the 

changed model in the 𝑖𝑡ℎ iteration: 

𝐺𝐷𝑉𝑖 =
1

(𝑚 − 𝑖 − 1)
∑ 𝑑𝑗

𝑗

(28) 

Based on 𝐺𝐷𝑉, I developed the Expected Difference Change (EDC) active learning 

query strategy, which combines uncertainty sampling and expected model change 

strategy types and uses uncertainty heuristics for the directed investigation of 𝑈. The 

algorithm selects the 𝑢∗ instance for labeling in a given iteration that results in a minimal 

global difference metric in the next iteration. However, the true class label of 𝑢∗ is not 

known, so the decision can be determined as an expectation over the possible labelings, 

as shown in Equation 29. 
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𝑢∗ = 𝑎𝑟𝑔𝑚𝑖𝑛
𝑢

(∑ 𝑃(𝑦𝑗|𝑢) ∙

𝑗

𝐺𝐷𝑉𝑖+1) (29) 

The disadvantage of EDC is that with a high number of classes and a large 𝑈, 

calculating the query decision implies a significant computational requirement. It is not 

possible to reduce the number of categories, as this would create a classification error, so 

the only option to solve this problem is to limit the size of 𝑈. To this end, I defined an 

uncertainty-based heuristic that reduces the search space designated by unlabeled data 

during each iteration by introducing a new set 𝑈∗. The goal is to select 𝑚∗"(𝑚 − 𝑖) data 

that are most likely to lead to a minimum value of 𝐺𝐷𝑉𝑖+1, and this is exactly the 𝑚∗ most 

uncertain instances. 

I compared the EDC procedure with the results of 5 active learning selection 

algorithms in terms of 𝐴𝐶𝐶 indicator; these are the RS, ENT, LM, ExM, SBAL, and EDC, 

where ENT denotes the entropy-based uncertainty sampling strategy. Table 11 shows the 

values of the 𝐴𝐶𝐶 metrics at the half and end of the query process. 

Table 11. Averages of 𝑨𝑪𝑪 indicators at half and end of the query process 

 RS ENT LM ExM EDC SBAL 

C5 @25 𝐴𝐶𝐶 0.295 0.285 0.330 0.344 0.354 0.357 

C5 @50 𝐴𝐶𝐶 0.680 0.717 0.724 0.748 0.761 0.778 

C10 @50 𝐴𝐶𝐶 0.471 0.449 0.477 0.490 0.524 0.534 

C10 @100 𝐴𝐶𝐶 0.645 0.703 0.707 0.738 0.750 0.757 

C20 @100 𝐴𝐶𝐶 0.447 0.436 0.489 0.505 0.515 0.545 

C20 @200 𝐴𝐶𝐶 0.605 0.633 0.664 0.669 0.696 0.704 

Thesis 4.3. [C8][C9] I showed that 10.07%, 6.4%, 3.04%, and 4.4% average 

improvement can be achieved in the 𝐴𝐶𝐶 metric by improving the ENT, LM, ExM, and 

SBAL methods using EDC, respectively. Based on the experience of experimental studies, 

uncertainty sampling strategies supplemented with EDC achieve better classification 

accuracy on average than by themselves. 

From the "LM" and "EDC" columns of Table 11, it can be seen that the "EDC (LM)" 

strategy, supplemented by global difference minimization - and uncertainty heuristics - 

resulted in an average 6.4% improvement in 𝐴𝐶𝐶 over the basic LM procedure. 

In the second part of the experimental evaluation of EDC, I compared the ENT, LM, 

ExM, and SBAL uncertainty sampling strategies to their EDC-enhanced variants. Their 

results are shown in the three diagrams on the right in Figure 3, while the 𝐴𝐶𝐶 indicators 

measured at the half and end of the active learning process are summarized in Table 12. 

Furthermore, Furthermore, Table 13 shows the improvement achieved by the EDC-

supplemented variants. Table 12 and Table 13 show that EDC variants gave better results 

22 times, from the total of the 24 measurements. Based on these, the following conclusion 
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can be drawn: an EDC-supplemented (enhanced) version of an uncertainty strategy leads 

to a series of queries that result higher 𝐴𝐶𝐶 score on average compared to the original 

version. 

 

Figure 3. Average 𝑨𝑪𝑪 metrics measured on image sets C5, C10, and C20 
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Table 12. Uncertainty strategies with and without EDC 

 ENT EDC(ENT) LM EDC(LM) ExM EDC(ExM) SBAL EDC(SBAL) 

C5 @25 𝐴𝐶𝐶 0.285 0.349 0.330 0.354 0.344 0.337 0.357 0.417 

C5 @50 𝐴𝐶𝐶 0.717 0.800 0.724 0.761 0.748 0.808 0.778 0.779 

C10 @50 𝐴𝐶𝐶 0.449 0.466 0.477 0.524 0.490 0.523 0.534 0.562 

C10 @100 𝐴𝐶𝐶 0.703 0.769 0.707 0.750 0.738 0.767 0.757 0.769 

C20 @100 𝐴𝐶𝐶 0.436 0.453 0.489 0.515 0.505 0.496 0.545 0.558 

C20 @200 𝐴𝐶𝐶 0.633 0.693 0.664 0.696 0.669 0.692 0.704 0.708 

 

Table 13. The improvement achieved by EDC compared to the original methods 

 ENT vs  
EDC(ENT) 

LM vs  
EDC(LM) 

ExM vs  
EDC(ExM) 

SBAL vs  
EDC(SBAL 

C5 @25 𝐴𝐶𝐶 22.56% 7.15% -2.14% 16.59% 

C5 @50 𝐴𝐶𝐶 11.56% 5.15% 8.05% 0.14% 

C10 @50 𝐴𝐶𝐶 3.80% 9.98% 6.68% 5.36% 

C10 @100 𝐴𝐶𝐶 9.44% 6.12% 3.94% 1.56% 

C20 @100 𝐴𝐶𝐶 3.74% 5.19% -1.73% 2.24% 

C20 @200 𝐴𝐶𝐶 9.33% 4.82% 3.42% 0.49% 

5 class 17.06% 6.15% 2.95% 8.37% 

10 class 6.62% 8.05% 5.31% 3.46% 

20 class 6.54% 5.00% 0.85% 1.36% 

@Half 10.03% 7.44% 0.94% 8.06% 

@End 10.11% 5.36% 5.14% 0.73% 

Total average 10.07% 6.40% 3.04% 4.40% 

 

Thesis 4.4. [J8][C11] I developed the CBBSF uninitialized active learning query strategy 

framework and the SCBS query strategy that implements the CBBSF so it can be applied 

in a zero-initiated situation. I demonstrated by experimental studies that proper 

assignment between classes and clusters could improve the balance in the labeled 

training data set; for the first 100 queries, I achieved perfect balance on the MNIST 

dataset, which resulted in a higher learning curve based on the 𝐴𝐶𝐶 metric. 

The CBBSF (Clustering Based Balanced Sampling Framework) focuses on the special 

uninitialized active learning situation where the data set of the initial labeled elements is 

empty, 𝐿 = ∅. In this configuration, three conditions can be formulated: (i) only an 

unsupervised machine learning algorithm can be used, (ii) the balance of labeled items 

between classes is important, (iii) the query strategy must choose representative items. 

The CBBSF process is shown in Figure 4. 
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Figure 4. Zero-initiated active learning process based on CBBSF 

The class membership probability matrix and the cluster membership matrix are 

different, i.e., �̿� ≠ �̿�, since the cluster identifiers are not related to the class identifiers, 

so an assignment solution is required to determine �̿� implicitly. 

In SCBS (Spectral Clustering Based Sampling) I use the single-assignment procedure 

to calculate �̿�, which applies the Hungarian method [20] on the occurrence matrix �̿�𝑜 =

(𝑎𝑖𝑗) ∈ ℕ𝑘×𝑘, where 𝑎𝑖𝑗 is the number of labeled items that belong to cluster 𝑖 and class 

𝑗. The relationship between �̿� and �̿� is given by the best assignment, denote this by �̿�, 

which is actually a permutation matrix, so �̿� = �̿� ∙ �̿�. 

I developed two SCBS variants, the global (G-SCBS) and the local (L-SCBS) 

versions. Both of them essentially operate the same way; however, the former minimizes 

the informativeness metric over every element of 𝑈, while the latter examines only a 

reduced unlabeled set 𝑈𝐶𝑗
, which contains the elements of a single cluster. 

During the experimental evaluation on the MNIST dataset, I tested the following 4 

SCBS variants: G-SCBS and L-SCBS with minimal entropy (G-SCBS 1, L-SCBS 1) and 

with maximum certainty (G-SCBS 2, L-SCBS 2). I compared their results with the 

Centroid [18], Border [37], and Hybrid [37] active learning query strategies proposed in 

the literature, as well as with random selection (Random). I examined the first 100 active 

learning iterations and evaluated the 𝐴𝐶𝐶 indicator based on the results of each iteration, 

these are shown in Figure 5. The results show that L-SCBS 1 and L-SCBS 2 outperform 

all other methods, and both approaches achieve a perfect balance after 100 active learning 

steps. 
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Figure 5. Average 𝑨𝑪𝑪 indicators achieved on MNIST datasets 

Thesis 4.5. [J8][J9][C11] I defined the information entropy-based optimal balance on the 

labeled training data set and based on this, I created the optimally balanced entropy-

based sampling (OBEBS) that implements the CBBSF framework so that it can be started 

from an uninitialized state. I developed a multi-assignment (MA) procedure that allows 

the OBEBS query strategy to handle the imbalance problem. 

In the labeled training data set, the equilibrium of the distribution of samples between 

classes can be measured by information entropy: 

𝐻(𝐴) = − ∑ 𝑃(𝑎𝑖) ∙ 𝑙 𝑛(𝑃(𝑎𝑖))

𝑖

(30) 

The classes of the training data set can be arranged into so-called buckets that collect 

the labeled items, and each such bucket has 𝑛𝑖 items, and ∑ 𝑛𝑗
𝑘
𝑗=1 = 𝑁, where N is the 

iteration number in the active learning process. Then the numbers of buckets can be 

arranged in a vector 𝑣𝑛: 

𝑣𝑁 = (𝑛1, 𝑛2, … , 𝑛𝑘) (31) 

At the end of the next iteration, we choose another element, so 𝑁′ = 𝑁 + 1 will be 

the number of elements and thus the number of real class labels known to the system. The 

query can lead to 𝑘 different cases depending on the true class label of the selected item. 

The information entropy calculated for case 𝑗 is as follows: 
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𝐻 (𝑣𝑁′
(𝑗)

) = − ∑
(�̿�𝑁′)

𝑗,𝑖

𝑁 + 1

𝑘

𝑖=1

∙ ln (
(�̿�𝑁′)

𝑗,𝑖

𝑁 + 1
) (32) 

Based on these, I developed the Optimally Balanced Entropy Based Sampling 

(OBEBS) strategy, which selects the 𝑢∗ instance from the unlabeled data set that results 

in the maximum information entropy. For a given choice 𝑢, the expected value of the 

information entropy can be calculated from the following equations, where 𝑝𝑖𝑗 denotes 

the probability that the 𝑖𝑡ℎ unlabeled element belongs to the 𝑗𝑡ℎ class. 

𝐸 (𝐻(𝑣𝑁′|𝑥
𝑖
)) = ∑ 𝑝𝑖𝑗 ∙ 𝐻 (𝑣𝑁′

(𝑗)
)

𝑘

𝑗=1

(33) 

𝑢∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑢

(𝐸(𝐻(𝑣𝑁′|𝑢))) (34) 

The single-assigment method can be used to construct the �̿� matrix. Denote the best 

assignment by �̿�𝑀1, thus �̿� = �̿� ∙ �̿�𝑀1 solves the matching problem between �̿� and �̿�; 

then the final selection decision of OBEBS single-assigment (OBEBS SA) is as follows: 

𝑢∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑖

∑(�̿� ∙ �̿�𝑀1)
𝑖𝑗

∙ 𝐻 (𝑣𝑁′
(𝑗)

)

𝑘

𝑗=1

(35) 

There are only a few labeled samples available (with known true class labels and 

cluster identifiers) at the beginning of the uninitialized active learning process, so the 

most probable assignment given by the Hungarian algorithm cannot be considered 

reliable. Therefore, I determined the 𝑇 most probable connections between classes and 

clusters in order to take into account the certainty of the occurrence of different matching 

cases. I developed a weight system 𝑤𝑀1, 𝑤𝑀2, … , 𝑤𝑀𝑇 for the �̿�𝑀1, �̿�𝑀2, … , �̿�𝑀𝑇 matrices, 

respectively, where the 𝑤𝑀1 ≥ 𝑤𝑀2 ≥. . . ≥ w𝑀𝑇 weights follow each other in 

monotonically decreasing order. The weights are calculated as the sum of the entries 

given by the corresponding assignment. When using the multi-assigment method, the 

product of the matrix �̿� and the weighted assignment matrices gives the �̿� matrix (see 

Equation 36), so the selection decision for the active learning process can be determined 

based on Equation 37. 
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�̿� = �̿� ∙ ∑
𝑤𝑀𝑡

∑ 𝑤𝑀𝑡
𝑇
𝑡=1

∙ �̿�𝑀𝑡

𝑇

𝑡=1

(36) 

𝑢∗ = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑖

∑ (�̿� ∙ ∑
𝑤𝑀𝑡

∑ 𝑤𝑀𝑡
𝑇
𝑡=1

∙ �̿�𝑀𝑡

𝑇

𝑡=1

)

𝑖𝑗

∙ 𝐻 (𝑣𝑁′
(𝑗)

)

𝑘

𝑗=1

(37) 

 

Thesis 4.6. [J9] I designed and implemented the adaptive-assignment (AA) procedure, 

using which the OBEBS query strategy is able to correct the result of unsupervised 

learning - clustering - performed at the start of an uninitialized active learning process.. 

I empirically showed that the application of adaptive-assignment can correct the 

clustering based on the assignment scheme, and thus a better-balanced query can be 

implemented even on imbalanced, incorrectly clustered data sets. My experimental 

studies showed that the accumulated Longtime Balancedness Error (𝐿𝐵𝐸) during 100 

active queries, using the OBEBS AA query strategy, is reduced by an average of 91% in 

the MNIST image set and by an average of 61.6% in the GEN dataset, compared to the 

state-of-the-art strategies. 

The efficiency of OBEBS depends on two factors: (i) the probability matrix �̿�, which 

can be derived from the clustering; (ii) and on the assignment matrices �̿�𝑀1, �̿�𝑀2, … , �̿�𝑀𝑇. 

However, in the case of incorrect clustering, the correct assignment cannot be determined; 

for example, when the algorithm places two different classes into the same cluster or splits 

a single class into two different clusters. I developed the adaptive-assignment procedure, 

which aims to correct the clusters during the active learning steps by dividing the 

appropriate cluster and then merging the appropriate separate clusters. 

I defined the Longtime Balancedness Error (𝐿𝐵𝐸) as shown in Equations 38-40. This 

indicator expresses how close the examined series of queries is to the optimal one, 

calculating the sum of the differences between the largest and smallest values of 𝑣𝑛 and 

comparing it with the optimal sum, finally normalized by the number of steps. 

 

𝐷𝑖𝑓𝑓(𝑣𝑛) = max
𝑗

{𝑛𝑗} − min
𝑗

{𝑛𝑗} (38) 

∑ 𝑛𝑗

𝑘

𝑗=1

= 𝑛 (39) 

𝐿𝐵𝐸 =
∑ 𝐷𝑖𝑓𝑓(𝑣𝑛)𝑁

𝑛=1 − 𝑁 + ⌊
𝑁
𝑘

⌋

𝑁
(40) 
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The results of the OBEBS variants (single - SA, multi - MA, adaptive - AA) were 

compared with the Centroid [18] and Hybrid [37] active learning query strategies 

proposed in the literature and with the random selection (Random). To perform an equal 

evaluation, I tested these strategies by integrating them into the CBBSF framework, 

examining the 𝑈 set locally. With this addition, the Random, Centroid, and Hybrid 

strategies differ from the L-SCBS query strategy only in how they estimate the 

information content of the unlabeled elements. As I used GMM to determine �̿� during 

the tests, it was not possible to apply L-SCBS; instead, I tested the likelihood-based 

selection (Likelihood), which realizes the CBBSF, and therefore works in the same way 

as the L-SCBS 2 method. 

Table 14 shows the values of average 𝐿𝐵𝐸 and 𝐴𝐶𝐶 metrics after 100 active learning 

iterations, evaluated on 30 5,000-element MNIST subsets and on the GEN datasets. For 

the MNIST dataset, as shown by the average 𝐿𝐵𝐸 values, OBEBS MA reduced the 

imbalance compared to competing strategies by roughly half and OBEBS AA to less than 

a tenth (by 91% on average). In terms of 𝐴𝐶𝐶, OBEBS AA resulted in an average 

improvement of 2.11-8.99%. Furthermore, for the GEN dataset, OBEBS AA gave the 

lowest (and thus best) 𝐿𝐵𝐸 value on average. This reduces the longtime balancedness 

error to 43.75%, 34.88%, 38.79%, and 36.07%, respectively, compared to the Random, 

Centroid, Likelihood, and Hybrid strategies, the average of which represents a 61.6% 

reduction. 

Table 14. Average 𝑳𝑩𝑬 and 𝑨𝑪𝑪 indicators on the MNIST and GEN test sets  

 
Query strategy 

Random Centroid Likelihood Hybrid OBEBS SA OBEBS MA OBEBS AA 

MNIST 
𝐿𝐵𝐸 9.39 10.47 9.32 9.52 9.18 4.70 0.87 

𝐴𝐶𝐶 0.95 0.89 0.95 0.94 0.96 0.95 0.97 

GEN 
𝐿𝐵𝐸 7.04 8.83 7.94 8.54 6.48 4.62 3.08 

𝐴𝐶𝐶 0.929 0.931 0.936 0.918 0.936 0.916 0.939 

 

 

5. Practical applicability of my results 

Image processing and image analysis systems can utilize my proposed algorithms in 

practice. The image observation-based plant organ classification method presented in the 

first group of theses can be of great help to botanists, as there are thousands of plant 

species. With such a large number of classes, it is a challenge to classify the plant shown 

in the picture, even for experts. The FC-WG and NPP-WG weighted graphs proposed in 

my second thesis group guarantee structure-preserving property to the spectral clustering, 

in case of using the weight parameter according to the system of conditions. This is an 
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important attribute, for example, in the case of recommendation systems, if we do not 

want to separate people living in the same household in order to form interest groups. The 

MMKK++ method can be used to estimate the number of clusters, and it can be integrated 

into practically any of today's machine learning algorithms since one of the subtasks of 

most data analysis systems is clustering. The DPM and CC procedures presented in my 

third thesis group are advantageous when dealing with a constantly or periodically 

refreshing database (e.g., Google database). Active machine learning discussed in my 

fourth group of theses is an exciting and promising topic, especially nowadays, when 

huge amounts of multimedia data can be obtained from the Internet with relatively little 

effort and time spent (e.g. downloading videos, images from file sharing sites). However, 

image-level annotation and manual labeling of images as well as video streams is a greater 

challenge and can sometimes be a difficult, expensive, or time-consuming task. The 

OBEBS query strategy is a data-independent procedure and can therefore be integrated 

into any type of active learning system, not just for image databases. Its use is beneficial 

and profitable for any problem requiring machine learning when labeling costs are high, 

such as disease diagnosis based on medical findings. 

In my future research, my goal is to link active learning and the open-world problem 

even more closely and to design a system that actively detects the unknown object class. 
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