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Abstract 

Time series classification is a machine learning subfield with numerous real-world applications. 

Standard machine learning algorithms are typically not well suited to work on raw time series as 

the input data is, in general, temporally structured. 

Dealing with air pollution, especially with PM 2.5 as the main air pollutant, is a major 

environmental challenge in urban areas nowadays. It is possible to create software or a tool whose 

results can be used for analysing and predicting PM 2.5 concentration, as well as analysing the 

relation between PM 2.5 concentration and other important meteorological factors. Usage of 

Machine Learning techniques for analysis and classification has considerably improved the process 

of analyzing the pollution data and air quality as well. Existing researches have been focused on 

using different ML tools and algorithms, and, different approaches for classification. 

The importance and usefulness of ML algorithms to classify air pollution / PM 2.5 concentration 

using real-time data have been emphasized throughout the whole work. In this paper, the PM 2.5 

pollution classification is performed using the two most promising classification algorithms and a 

comparative analysis between them was made.  

This work also contains a review of existing literature and previous works that served as a 

motivation to write this work and a brief theoretical explanation of the performed work. 

Dataset examined in the work was obtained from the official website of the Indian government and 

it contains 48,192 samples of PM 2.5 concentration measured every one hour in the time span of 

five years. The data is grouped into daily time series, where each time series consists of 24 samples. 

The original dataset was further cleaned, as there were spotted some outliers, hence, the cleaned 

dataset was reduced to 43392 samples, or 1808 time series. The optimal number of classes was 

determined by clustering the cleaned dataset, after which the classification was performed. 

ML algorithms used in the work are Support Vector Machine, as one of the best ML classifying 

algorithms, and Feedforward Neural Network as one of the most intriguing new options to be 

applied as this algorithm has not been very often the subject of study in existing studies.  

 



 

viii 

 

The obtained results showed that Support Vector Machine outperformed Feedforward Neural 

Network, with an outstanding accuracy score of 99.5%. Additionally, the SVM model kept the 

same accuracy level for different values of tuning parameters, proving its reliability. 

 

Keywords: Machine learning, Time series classification, Air pollution, Support Vector Machine, 

Neural Network, PM 2.5 
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1. Introduction 

A time series is a value sequence that is ordered in time. Time series can be found in a variety of 

fields due to their unstructured nature. From historical fields such as econometrics and finance to 

more recent ones like marketing and environmental protection, the possibilities are almost endless. 

Standard machine learning classification algorithms designed for structured data are not always 

well suited for unstructured data such as time series. Considering the fact that the way values are 

sequentially ordered represents a vital time series facet, it was noted that consecutive time points 

are likely to be highly correlated. Classification in machine learning is defined as the process of 

assigning a label to an unlabeled observation using patterns in the training data. Time series data 

classification can help with a variety of real-world issues, and one of them is, for sure, air pollution 

which has become a major source of concern for the entire society, as air pollutants are extremely 

hazardous to the human health.  

PM 2.5 is a major component of the contaminated air that can carry chemical pollutants and 

pathogenic microorganisms deep into the bronchioles, alveoli, and the blood circulatory system, 

causing a whole variety of severe diseases such as cardiovascular disease, pneumonia, or in the 

worst case - cancer, and can impact the human health in many other ways, making it more 

dangerous than PM 10 particles.  

The approach proposed in this work implies using specific machine learning techniques and models 

to perform a proper classification of the collected data, and, taking into consideration that each of 

the proposed classes can be described based on their main meteorological factors, this approach 

can be used from the side of local authorities in order to make more adequate measure to prevent 

excessive air pollution. 

The primary goal of this study is proposing the most-efficient ML approach and test its applicability 

and accuracy. 

As described in the following chapters, the approach used in this paper was collecting the raw 

dataset, then cleaning the missing and incomplete data, checking if there are any outliers and 

removing them, and then, since classification cannot be performed on the unlabeled data, a 
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clustering process was included as well, in order to determine the optimal number of classes that 

the algorithm will assign particular time series to.
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2. Literature review 

A whole lot of researches on time series classification has resulted in significant improvements in 

predictive performance and scalability over the last few decades. Many approaches, ranging from 

specific metrics to simple and complex feature extraction and transformations, have been 

investigated. Recently, open-source libraries for the TS classification have been created with the 

goal to provide the implementation of these algorithms through the unified application 

programming interface. All of this time series classification research have found their application 

in a variety of the real-life problems. 

In order to improve comprehension of time series, its classification and a purpose of the whole 

process, a brief review of the existing publications made on this topic will be provided in this 

chapter. 

Authors in [1] have gone step further and did an extensive research in order to make a useful 

similarity measures comparation. 

This experiment was performed on 45 different time series datasets and prior to the experiment 

start, all time series were z-normalized, which means that each TS had mean and unit variance 

equal to zero. 

They performed their study on seven different similarity measures, all from different “families” 

and as a final result, one specific similarity measure “family” has significantly outperformed the 

other ones. According to their results, the TWED measure which is very often neglected has shown 

consistently better outcomes in comparison to DTW, EDR or MJC. Euclidean distance has not 

shown very good results, due to its well-known shortages – lower accuracy on larger datasets and 

incapability of analysing two datasets with different lengths. 

The authors agree that, even despite they have stated that TWED measure had consistency in 

outperforming other measures, one should not exclude the possibility that some other measure 

would perform better with one particular dataset. 

The authors marked the choice of similarity measure(s) as a crucial step in this process. They also 

pointed out several post-processing steps whose goal is to increase similarity evaluation accuracy. 
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The conclusion is that the group of analysed elastic measures – DWT, EDR and TWED have not 

shown any significant difference between each other. 

A quite simple technique for time series classification is presented in [3], where the author has 

exploited DTW’s strengths maximum. His approach was to, instead of “traditionally” using DTW 

as a distance measure, create new features which can be given to the standard ML method. The 

author has proven that his proposed technique shown improvements over 1NN DTW on 31 out of 

47 examined time series. When combined with the SAX method, it implied improvements on 37 

out of 47 dataset. 

New algorithm as a distance measure for TS classification is proposed in [4] – enhanced weighted 

dynamic time warping (EWDTW), by appointing sigmoid function into the weight function. The 

newly proposed method showed some improvements regarding the alignment problem reducement, 

which occurred when only one data point was aligned with several data points in a row. 

In [5], the authors have studied the classification of the AQI and its effect on people’s health. The 

authors decided to implement Naïve Bayes J48 and a Decision Tree method for the classification 

process. The outcome of their work showed the accuracy of 91.9978% for the Decision Tree 

algorithm. The main problem of this research was the limitation of the data that has been used, but 

overall conclusion was that, even besides very good accuracy score, this method performed poorly 

over continuous variables and can lead to the problems with overfitting. 

Although they have analysed the forecasting problem in their work, authors in [25] have performed 

comparison between the Neural Network and Support Vector Machines algorithms. The authors 

used a linear method to solve this problem, although it needs to be added that they took only one 

pollutant into consideration. The results they have obtained showed good performance of deep 

learning neural network schemes as they managed to provide an accurate measure of the pollution 

values. 

In [8] authors have been working on the data obtained from various sources and achieved accuracy 

of 81% by using Recurrent Neural Network. 

A study conducted with the goal to analyse connection between concentration of PM 2.5 particles 

to some other meteorological factors such as humidity, temperature, air pressure etc has been 

performed in [10]. Although the authors have not used any Machine Learning algorithms to 

perform their work, the main aim of it was to provide an insight into the local air quality and to 
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help make decision how to improve the quality of the air based on its relationship with other 

relevant meteorological factors. The data was related to the city of Chengdu, China, and it was 

argued that the obtained results will greatly assist local authorities in developing future policies for 

emission control in China. 

Effects of the weather conditions on PM 2.5 concentration were studied in [11], and the study was 

based on one-year long dataset related to city of Nagasaki, Japan. Based on the spatial distribution 

of studied area, they made a conclusion on which parts of the city are the most polluted ones. They 

also made a statement that the precipitation is positively correlated with the PM 2.5 concentration, 

while the temperature is negatively correlated with PM 2.5 concentration. 

A correlation study analysis using Back Propagation Neural Network was conducted in [26], and 

their results showed a high mathematical correlation between average relative humidity, average 

rainfall, average wind speed value and concentration of PM 2.5 particles. 

In [13], authors have conducted a study on selecting the most suitable ML algorithm for modelling 

air pollution data. The authors came to the conclusion that Artificial Neural Network had the 

highest accuracy (99.10%) among used algorithms – SVM (96.93%), KNN (98.77%) and Naïve 

Bayes classifier (90.55%). 

In [24] has been conducted a study on image classification and they made an analysis of SVM and 

CNN algorithm performances. Obtained results showed that traditional machine learning 

algorithm, such as SVM, is a better option for smaller datasets (SVM – 86%, CNN – 83%), while 

deep learning framework, such as FNN scored higher accuracy on larger datasets – 98% compared 

to SVM’s 88%.
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3. Theoretical overview 

Machine learning (ML) is a specific area of expertise within the field of artificial intelligence (AI). 

Understanding the structure of observed data and fitting that data into different models that are 

understandable for people and can be used by people is at the core of the machine learning concept. 

Unlike the conventional computational approaches, machine learning algorithms use a whole 

variety of statistical analyses which enable computers to draw some conclusions from the data 

inputs and to “generate” outputs that fall within some specific ranges. From speech recognition to 

autonomous cars, machine learning found its place in every part of human’s lives and heavily 

impacted every branch in industry 

Machine learning problems are divided into two categories based on how feedback on the learning 

process is provided to the developed system: 

➢ Supervised learning – algorithm is trained on input data that usually has been labeled by 

the humans – the algorithm is trying to learn a “background” function that assigns an input 

to an output based on a priori obtained input-output combinations. 

➢ Unsupervised learning – algorithm is provided with unlabeled data and its main task is to 

find some characteristic structures or pattern within the examined data. 

Both of these methods are used in this work, and will be explained in the next few sub-chapters. 

 

3.1. Data preparation 

Each data analysing process requires certain set of data processing steps.  

The most important steps in every ML process are data collection and data preparation. Collected 

data should be accurate and should have a good quality, otherwise it could lead to serious mistakes. 

The other important step in the data analysing process is data preparation. If the data is obtained in 

the raw form, it cannot be directly fled to the “machine learning process”. As shown in Figure 3.1, 
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defining, identifying and removing correctly identified outliers is the one of the most crucial steps 

in this work.  

 

 

Figure 3.1 Flowchart of data processing steps 

 

Once the data is properly prepared, the processing step can be performed. Figure 3.1. was used as 

a visual representation of the most important data preparation and processing steps that will be used 

in the practical part of the work. Each one of them will be briefly explained in the following sub-

chapters. 

3.1.1. Outliers 

An outlier is a point (or series of points) that shows significant deviation from the rest of the points 

within the same dataset. Simplified, those are data points that do not follow the certain pattern. 

They can be caused by measurement or execution error. 

Usually, the outliers are detected through the measuring of the distance between the outlier and the 

cluster closest to it. 

Collected raw data

Identifying and 
removing outliers

Clustering data

Classification data

Testing the model



3. Theoretical overview 

8 

 

As every cluster has mean value – each time series belong to the cluster whose mean value is closest 

to each particular time series value. Furthermore, in order to determine which time series really 

represents an outlier, a threshold value such that any distance of any time series greater than the 

threshold itself from its nearest cluster should be identified as an outlier, or not. 

Data outliers can easily harm and mislead the training process resulting in extended training times, 

less accurate and reliable models and significantly poorer outcomes. 

Outliers, generally, have various origins, such as measurement error, data corruption, or true outlier 

observation. 

In cases when a real reason for the outlier appearance cannot be determined, that outlier should be 

dropped, as it can be wrongly interpreted and lead to the wrong conclusions. 

 

3.1.2. Time series decomposition 

As previously defined, a time series represents a collection of examinations of well-defined data 

items obtained through repeated measurements over equal periods of time. 

An examined time series can be subject to a process of time series decomposition which consists 

of three main components: 

➢ Trend – represents increase/decrease (linear, exponential) in the behavior of the series over 

the time, or fluctuations in the value of the data. Trends should be observed within a wider 

time frame – there can be a rising, a falling or a constant trend; 

➢ Seasonality – part of the tie series that repeats itself over the time and it represents a 

normal/regular deviation. The seasonality is mostly influenced by some external factors 

such as climatic and weather conditions; 

➢ Cyclical component – normal deviation from the average – it occurs within a pre-defined 

unit period that is usually longer than one year; 

➢ Irregular variations component / noise – it represents any variability within the observed 

data that cannot be explained by the model. Noise is usually caused by some unpredictable 

events. 
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There are two models for time series description, based on the four above-mentioned components: 

𝑋(𝑡) = 𝑇(𝑡) × 𝑆(𝑡) × 𝐶(𝑡) × 𝑁(𝑡) 

𝑋(𝑡) = 𝑇(𝑡) + 𝑆(𝑡) + 𝐶(𝑡) + 𝑁(𝑡) 

In equations (1) and (2), X(t) denotes value of the observed measure in the moment t, C(t) represents 

a cycle, T(t) trend, S(t) seasonality and N(t) is noise in the moment t. 

Equation (1) denotes a multiplicative model that assumes that all part of one time series are not 

completely independent on each other and that they can influence each other. Equation (2) is 

additive model and assumption characteristic for this model is that each component within a time 

series is independent from the other components. 

Each time series must have at least two of the above-mentioned components – level and noise, 

while the other two components are optional and they depend on the nature of the observed dataset. 

The primary purpose of time series decomposition is to help better understand observed time series, 

especially taking into consideration that real-world datasets are usually very messy and noisy. 

Although time series decomposition is more related to the time series forecasting, it also can be 

used in final steps of time series classification to make a correct explanation on each class. 

 

3.1.3. Clustering 

Clustering is a ML technique used for separating unlabeled data set into the groups also known as 

clusters. Unlike the classification, clustering is used as a technique for recognizing certain patterns 

within dataset that represent clusters / groups. Clustering can also be defined as a method of 

grouping data points or series into different clusters, where each cluster consists of similar data 

points or series. 

The objective of this process is to maximize data similarity within the clusters, and parallelly 

minimize it across the clusters. In order to determine whether the examined dataset is suitable for 

clustering, Hopkins test can be performed. Hopkins test is defined as a method of assessing the 

clustering tendency of a dataset by measuring the probability of its generating by uniform data 

distribution. The resulting value of Hopkins test always has a value between 0.01 and 1, where 

(1) 

(2) 



3. Theoretical overview 

10 

 

values between 0.01 – 0.3 suggest that data is mostly uniformly distributed, therefore shows no 

clustering tendency. Hopkins test value over 0.7 indicates clustering tendency of the observed 

dataset. 

It is very similar to the classification process, and the only difference is type of the dataset – labeled 

data is used for classification, whereas for the clustering unlabeled data is used. Clustering has also 

shown a great potential when used as an improvement to supervised machine learning algorithms, 

such as classification. 

The main indicators of a good clustering algorithm are: 

➢ Scalability – applicability of the clustering method on huge datasets with its performance 

decreasing linearly with increasing the dataset size. 

➢ Versatility – suitability of the clustering method for all sorts of data objects, such as 

categorical, numerical, or boolean data type. 

➢ Ability to identify clusters with various shapes – many algorithms are limited to identifying 

clusters with spherical shapes, hence this is important for spatial data clustering. 

➢ Minimal input parameter – it is necessary to limit the algorithm on getting only crucial 

parameters so the impact on the final outcome is minimized. 

➢ Robust to outliers – a good algorithm should perform good even if the data is characterized 

by high level of noise. 

➢ Data input order insensitivity – the final outcome should be consistent regardless of the 

data input order. 

➢ Scaleable to high dimensionality – algorithm should be able to handle multidimensionality 

of the datasets. 

Based on the way of creating clusters, all clustering algorithms can be divided on hierarchical and 

partitional algorithms (Figure 3.2). 

Hierarchical algorithms are based on building clusters’ hierarchy which can be visually presented 

using a tree-structure called dendrogram. Agglomerative algorithm starts with 𝑛 ∈ ℕ clusters, 

where each one of them contains exactly one object – singleton, and it continues combining clusters 

until all of them are merged into only one cluster. In case when parameter k is pre-defined, the 

algorithm stops when 𝑘 ∈ ℕ condition is met. Unlike the agglomerative algorithm, the divisive 
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algorithm starts from the cluster that consists of n objects that has been gradually separated into 

smaller clusters, until n number of clusters with only one object have been created. 

 

 

 

Figure 3.2 Categorization of clustering algorithms 

 

Partitional clustering represents methods used for grouping objects within a dataset into multiple 

clusters based on their similarity. Unlike the hard clustering where each object from the dataset S 

belongs to exactly one cluster, the soft clustering allows objects to be members of all of the clusters, 

but with some certain weight. Simplified, in hard clustering an object either belongs to the cluster 

or not, and in soft clustering, an algorithm defines the likelihood whether an object will be assigned 

to some certain cluster(s) or not.                             

Due to nature of the dataset analysed in the practical part of this work, a hard clustering algorithm 

had to be applied, hence the k-means algorithm as the most widely used hard algorithm is applied 

and its methodology is explained in the next subchapter. 

 

3.1.4. K-means clustering 

The partitional clustering that divides the data space into k number of non-overlapping clusters, 

each with a mean value is denoted as K-means clustering.. Each individual in the cluster is placed 
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in the cluster closest to the cluster's mean value and cannot be a member of more than one cluster 

at the same time. K-means clustering, as previously mentioned, very often finds its application in 

data analysis, especially when paired with the Euclidean distance as a distance measure.  

The very first step is a random selection of k centroids, where centroids are defined as data points 

that represent centers of each cluster. 

 

 

Figure 3.3 K-means clustering algorithm 

(Source: www.realpython.com) 

 

The main step of the algorithm, as illustrated in Figure 3.3, is expectation – maximization. After 

the expectation step has assigned each data point to its closest centroid, the maximization step 

computes the mean value of all points for each single cluster and assigns the new centroid. The 

expectation-maximization step is repeated until the centroid positions starts to converge. 

The objective of k-means method is to create previously determined number of clusters k from 

the dataset 𝑆 = {𝑥1, 𝑥2, … , 𝑥𝑛}, 𝑛 ∈ ℕ, while minimizing the cost function. Cost function is a sum 

of the squared errors - sum of the squared Euclidean distances of each object to its nearest 

centroid. 

𝑆𝑆𝐸 = ∑  

𝑘

𝑖=1

∑  

𝑥∈𝐶𝑖

∥∥𝑥 − 𝑐𝑖∥∥
2
 

Centroid 𝑐𝑖 is a center of the cluster Ci and it is calculated as arithmetic mean value of the objects 

within the same cluster: 

(3) 
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𝑐𝑖 =
1

𝑛𝑖
∑  

𝑥∈𝐶𝑖

𝑥 

where 𝑛𝑖 stands for number of elements of cluster Ci, and i = 1, 2, …, k. 

The main advantage of the k-means algorithm is its simple implementation, efficiency on large 

datasets and relatively low algorithm complexity. The main shortages are the possible 

dependence on initialized centroids and outliers that can significantly affect the centroids and, 

instead of being “ignored”, each of them can possibly get its own cluster. 

Two most common used methods to evaluate if the optimal number of clusters is determined are 

the elbow method and the silhouette coefficient. Both of them are used for evaluation in the 

upcoming practical part of the work. 

 

3.2. Time series classification 

A series of data that, in addition to its own measured value, also contains the timestamp of the 

moment in which the data was created has been defined as a time series. Time series can be discrete 

and continuous. Most often, time series represent sequences that are created by collecting data at 

equally spaced moments in time, i.e., they represent a discrete data set. Time series are used in 

weather forecasting, astronomy, statistics, earthquake prediction, pattern recognition, and many 

other fields of life. 

Simply said, a TS is a sequence of chronologically arranged values for the measurement of a 

phenomenon. 

Time series are typically classified into two types: univariate time series and multivariate time 

series. A value of the univariate TS is a single element (typically a real number) at a given time 

point, whereas the value of a multivariate TS is described by the vector (typically of real numbers). 

The vast majority of time series classification literature is concerned with the univariate TS 

classification. As a result, time series are assumed to be univariate unless otherwise specified. 

Time series classification is a type of supervised ML problem, and the large part of the practical 

ML uses supervised learning. Supervised learning implies that there must be input variables (x) and 

(4) 
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an output variable (Y), and one of the algorithms has been used to learn the mapping function from 

the input to the output Y = f(x). The primary goal is generating function such that any new input 

data (x) can be used for predicting new output variables (Y). 

Regression and classification problems are subsets of supervised learning problems. The main aim 

of both problems is to develop a model capable of correctly predicting the value of a dependent 

attribute based on the attribute variables. The primary difference between the two tasks is that the 

dependent attribute in classification is categorical unlike the regression where that attribute is 

numerical. 

A classification model attempts to catch sight of certain patterns within the observed dataset and to 

predict the outcomes’ values given one or more inputs. In summary, classification either predicts 

categorical class labels or classifies data (build a model) based on the training set and the values 

(class labels) in classifying attributes and then uses it to classify new data. There are numerous 

classification models – Feedforward Neural Networks and Support Vector Machine are just some 

of them and they will be explained and examined in the further work. 

Due to the wide application of time series in practice, different methods are needed for their 

analysis, comparison and classification. 

 

3.2.1. Time series similarity measures 

The similarity measure quantifies how similar two data objects or time series are. It is the distance 

between the points of dimensions that represent the features of the objects. The smaller the distance 

is, the degree of similarity will be higher, and vice versa. 

The most well-known method to determine the distance between two strings is to calculate the 

Euclidean distance. The strings need to be the same length and the total distance depends on the 

distance of the points of the given strings that have the same indices. For time series, the distance 

is possibly measured in the manner already described, but for the more accurate results it is 

necessary to take into account variations in the rate of change of measured values and time shifts. 

A simple example is a person’s signature. When giving several different signatures, the writing 

speed varies, so the corresponding TS created by recording the signature’s coordinates can 
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seemingly be very different. Therefore, it is necessary to find locally similar parts and align the 

obtained sequences so that when measuring the distance, the distance between these parts is 

calculated. In this way, a distance close to man's intuitive way of comparing two signatures is 

obtained. One of the most well-known time series alignment algorithms is dynamic time warping 

algorithm. 

 

3.2.2. Euclidean distance 

Euclidean distance represents a model-free approach, and it is the simplest model used for 

proximity measuring between XT and YT, which are the representatives of two partial realizations 

from two real-valued processes – X and Y, and It is based on calculating the proximity of their 

values at specific points in time. 

The simplest technique for evaluating the level of similarity among two TS is to apply Lq equations, 

which is as follows: 

 

𝑑𝐿𝑞
(𝑿𝑇 , 𝒀𝑇) = (∑  

𝑇

𝑡=1

(𝑋𝑡 − 𝑌𝑡)𝑞)

1
𝑞

 

 

In the equation (5), the coefficient q denotes the positive integer, T represents the length of the time 

series, while Xt and Yt stand for the t-th element of the XT and YT time series, respectively. 

This model-free approach belongs to the class of measures known as lock-step measures. 

Equation (5) is also known as Minkovski distance, and it is typically used with q=1 (Manhattan 

distance) or q=2 (Euclidean distance). 

 

 

 

 

 

(5) 
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Figure 3.4 Visual representation of ED as a similarity measure 

 

Euclidean distance (q=2) represents one of the most frequently used time-series similarity measure 

and it is a preferred measure because of its non-complex computation and indexing adequacy, but 

this also makes it a non-resistant to any temporal misalignments. 

As shown in Figure 3.4, the Euclidean distance is equal to the total length of the grey lines which 

represent the difference between points in the same temporal location. 

This measure is exceptionally sensitive to signal transformations such as time scaling or shifting. 

In case the length T of time series XT and YT are non-equal, the length of one series can be adjusted 

to the other one, and vice versa (Keogh and Kasetty, 2003). 

 

3.2.3. DTW similarity measure 

The first application of the dynamic time alignment algorithm was in the recognition of spoken 

words. When pronouncing a certain word, a time-series that consists of voice amplitudes recorded 

in equal temporal periods whose size depends on the type of the recording device has been made. 

Figure 3.5 shows visual representation of such a time series created by pronouncing the word 

mathematics. 
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Figure 3.5 Sound signal of word Mathematics 

 

DTW or Dynamic Time Warping is a standard method in computing dissimilarity between two 

different time series. DTW is a representative example of the so-called elastic dissimilarity 

measures (Wang et al., 2012), and its concept is to perform the optimal alignment of the time series 

over the certain temporal period and to minimize the accumulated cost of that alignment. 

A non-linear (elastic) alignment yields a more intuitive similarity metric, allowing similar shapes 

to match even if they are out of phase along the time axis (Figure 3.6). 

 

 

Figure 3.6 Visual representation of DTW as similarity measure 

 



3. Theoretical overview 

18 

 

 

The equation that describes the DTW distance is given by: 

 

𝑑DTW(𝑖, 𝑗) = 𝑓(𝑥𝑖, 𝑦𝑖) + 𝑚𝑖𝑛 {

𝑑DTW (𝑖 − 1, 𝑗 − 1)
𝑑DTW (𝑖, 𝑗 − 1)
𝑑DTW (𝑖 − 1, 𝑗)

 

 

For i = 1,…, M, and j = 1,…, N (Eq.2), where M and N are lengths of time series X and Y, 

respectively.  

 

 

Figure 3.7 Cost matrix dDTW with the warping path p (red dots) 

 

(6) 
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Besides the first cell in the matrix dDTW (Figure 3.7) is initialized to dDTW = ∞, for i = 0, 1, …, M 

and j = 0, 1, …, N.  

According to Berndt and Clifford, when it comes to uni-dimensional time series, the local cost 

function f( ) is usually written as f (xi, yj) = f(xi – yj)
2. On the other hand, when it comes to handling 

a multidimensional time series, the adequate local cost function f( ) must be chosen, but Euclidean 

distance is the most used one. 

A process of 𝑑𝐷𝑇𝑊 normalization has been discovered by the so-called backtracking from 𝑑𝐷𝑇𝑊𝑀,𝑁
 

to 𝑑𝐷𝑇𝑊0,0
, and the time series alignment was the basis of that concept (Rabiner and Juang, 1993).  

As shown in Figure 3.7, the optimal warping path is illustrated with numerous red dots and it 

represents a sequence p = (p1, …, pk) of links, where, furthermore, each link represents a pair 𝑝𝑠 = 

(𝑖𝑠,𝑗𝑠j) which indicates that the time series X is aligned with the time series Y. The total number of 

warping paths through the grid shown in Figure 3.6 is represented with the grey dot and is 

exponentially explosive. 

Due to facts that process of finding an optimal warping path can consume much time and that 

number of possible warping paths is exponentially explosive, some global constraints need to be 

applied such that X(i) and Y(j) can only be aligned within some certain warping window, so the 

“search space” is reduced, since only a percentage of the cells in the matrix needs to be examined. 

There are several constraints or restrictions on the warping functions: 

➢ Monotonicity (𝑖𝑠−1 ≤ 𝑖𝑠 and 𝑗𝑠−1 ≤  𝑗𝑠) ensures that alignment path does not go back in the 

time index, and therefore secures that features are not repeated in the alignment. 

➢ Boundary conditions (𝑖1 = 1, 𝑖𝑘 = M; and 𝑗1 = 1, 𝑗𝑘 = N) ensures that the alignment does 

not consider only partially one of the sequences. 

➢ Continuity (𝑖𝑠 - 𝑖𝑠−1 ≤ 1 and 𝑗𝑠 - 𝑗𝑠−1 ≤ 1) ensures that alignment path does not jump in 

“time” index, and guarantees that the alignment does not omit the important features. 

➢ Warping window ( │𝑖𝑠 - 𝑗𝑠│≤ r; where r > 0 is the window length) prevents the good 

alignment from straying too far from the diagonal. 
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DTW currently represents some type of reference against which all the newly proposed 

measures have to be compared (Xi et al., 2006; Wang et al., 2012.). Only few of them managed 

to outperform the DTW, but those are usually more complex and require comprehensive tuning 

of the parameters, and therefore, it is hard to assess whether there are similarity measures that 

really are able to show significant superiority over the DTW. 

 

3.3. Classification algorithms 

An algorithm that assigns the input data into the corresponding category, is called a classifier. The 

main objective of the classification models is to recognize if any pattern within the input values 

given for the training exists and to properly “predict” the class categories for the new data.  

 

3.3.1. Neural Network 

A set of artificial neurons that are interconnected and interacting through signal processing 

operations is called artificial neural network. It is modeled after the human brain, i.e. the neural 

network tries to recognize the regularities and patterns of the input data set and, based on experience 

and previous knowledge, provide generalized result, just as human brain does it. 

Neurons represent simple process elements that perform input transformations. Individual neurons 

are, just like layers, interconnected by the connections the signals are going through. Each 

connection has a weight that determines the contribution of the input data to the output. 

Input signals are most often denoted by x1, x2,…, xn and connection weights by ω1, ω2,…, ωn. The 

input signals are usually real numbers in the interval [-1,1], [0,1] or just elements from {0,1}. 

The weight sum of the input signals, net, is defined by (5): 

net = 𝜔1𝑥1 + 𝜔2𝑥2 + ⋯ + 𝜔𝑛𝑥𝑛 − 𝜃 

Often, due to compactness, it is assumed that the threshold value is θ = -ω0 and the input signal x0 

with a fixed value of 1 is added, so the formula (10) can be written as: 

(7) 
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𝑛𝑒𝑡 = 𝜔0𝑥0 + 𝜔1𝑥1 + 𝜔2𝑥2 + ⋯ + 𝜔𝑛𝑥𝑛 = ∑  

𝑛

𝑖=1

𝜔𝑖𝑥𝑖 

y is the output of the transfer function (more commonly called the activation function) and is 

defined by: 

𝑦 = 𝑓 (∑  

𝑛

𝑖=1

𝜔𝑖𝑥𝑖) = 𝑓( net ) 

The decision on which connection is active is determined by the activation function. Artificial 

neural networks stand out in time series prediction due to several of their features. First of all, 

neural networks are data-oriented and adaptive, which means that it is not necessary to define a 

certain model or some a priori assumptions about the data distribution. The desired model is 

adaptively formed based on the characteristics of the input data set and neural networks also can 

work with unclear or incomplete data. Second, because neural networks are inherently nonlinear, 

they are more practical and accurate in modelling complex data patterns than the traditional, linear 

approach. Another important feature of neural networks is that they are universal approximators of 

functions, i.e., they can approximate any continuous function to the desired precision. 

A typical neural network consists of vertically stacked component called layers. There are three 

types of layers within a Neural Network: 

➢ input layer - retrieves data and passes it to the rest of the network without performing any 

sort of computational work;  

➢ hidden layers (one or more) - perform processing (automatic feature creation, data 

transformation, etc.) and draw conclusions and they are responsible for complexity and 

performance excellency of the NN, and all of them typically use the same activation 

function; 

➢ output layer - gives a final result and typically uses different activation function from the 

hidden layers. 

In Figure 3.7 is shown that input layer consists of three nodes, where each of the three nodes 

represents an individual feature obtained from the sample in dataset. In the hidden layers, each 

layer is trying to learn about the data by minimizing the cost function. After that process is done, 

(8) 

(9) 
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the solution is forwarded to the simplest layer – output layer. Although is shown as a single node 

in the Figure 3.8, it is called a layer since it can contain multiple nodes, just as the other layers can. 

 

 

Figure 3.8 Neural network with 2 hidden layers 

 

As it is already mentioned, activation functions are functions that decide whether some neuron will 

be "activated", i.e., they decide about the output of an individual neuron. Their purpose is adding 

non-linearity to the neural network. Whether some neuron will be "activated" or not, depends on 

the sum of the product of the weight vectors with inputs and the bias in that layer. Activation 

functions make it possible to find non-linear relationships between data. There are several 

commonly used activation functions described below. 

Linear activation function shown in Figure 3.9 can be mathematically represented as: 

𝑓(𝑥) = 𝑥 

Linear function is very limited and does not let the model create some complex connections 

between the inputs and outputs. Therefore, no matter how layers there is within a NN, the last layer 

will always be represented as a linear function of the first layer.  

(10) 
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Figure 3.9 Linear function 

 

The hyperbolic tangent is a trigonometric function defined on the entire set of real numbers, and 

takes values in the interval (-1, 1). It is monotonous and derivable throughout the whole that 

domain. The appearance of the hyperbolic tangent function is shown in Figure 3.10. 

tanh (𝑥) =
sinh (𝑥)

cosh (𝑥)
=

𝑒2𝑥 − 1

𝑒2𝑥 + 1
 

 

Figure 3.10 The hyperbolic tangent function 

 

(11) 
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The greatest advantage of this function is that its output is zero centered, hence the output values 

can be easily mapped as strongly positive, neutral, or strongly negative. 

The sigmoidal function (sigmoid) is also a function defined on the whole set of real numbers, but 

unlike the hyperbolic tangent it takes values from the interval (0, 1). It is also monotonous and 

derivable throughout the domain. The appearance of the sigmoid is shown in Figure 3.11. 

 

𝑔(𝑥) =
1

1 + 𝑒−𝑥
 

 

Sigmoid activation is one of the most widely used activation functions. Typically, this function is 

used in such situations where the model has to predict the probability as an output value. 

Considering the fact that probability of anything exists only in interval between 0 and 1 and that 

sigmoid function takes value from the exact same interval, that makes it a perfect fit for this type 

of models.  

 

Figure 3.11 Sigmoidal function 

 

(12) 
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ReLU (Rectified Linear Unit) is a function that is defined on a whole set of real numbers. This 

function takes the value 0 for x <0, and the value x for x> 0. The problem with this function is that 

all negative values take on a value of 0 which reduces the model's ability to learn correctly. This 

function is also monotonous and derivable. 

It can be written mathematically as: 

𝑓(𝑥) = 𝑚𝑎𝑥(0, 𝑥) 

The ReLu function is significantly more computationally efficient than sigmoid and tangent 

hyperbolic functions. But its main disadvantage is the described dying ReLU problem – all neurons 

are not activated at the same time and will be deactivated only if the output of the linear 

transformation is below 0. 

Figure 3.12 represents the visual appearance of the ReLU function. 

 

Figure 3.12 ReLU function 

 

Network learning consists of adjusting the weights of connections between neurons until the output 

from the network, verified on a test data set, is not on a satisfying level. There are two ways of 

learning, depending on whether the output is known or not, and these are: 

(13) 
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• supervised learning - network learning is carried out with examples in the form of pairs 

(input, output) 

• unsupervised learning - the network learns without knowing the output 

When learning, “the obtained knowledge” is stored in the weight of connections. To successfully 

understand the learning algorithm it is necessary to know the concepts of gradient, error and loss 

function.  

A gradient is a vector that describes the rate of change of a function in space, and is defined as a 

partial derivative of a function. For the function f(x), x = (x1, x,,…, xn), the gradient is defined by: 

∇𝑓 = (
∂𝑓

∂𝑥1
,

∂𝑓

∂𝑥2
, … ,

∂𝑓

∂𝑥𝑛
) 

The error represents the deviation of the obtained value from the expected one, ie their difference. 

The loss function is used to evaluate potential solutions whose value, depending on the type of the 

function, the neural network seeks to minimize or maximize. 

The loss function describes all the characteristics of the created model by one scalar value, i.e., 

number, which makes it possible to compare the results with each other and whose improvement 

also means the improvement of the model. The loss function must be selected when calculating the 

model error during the optimization process. 

When learning, a dataset is divided into three separate sets: the training set, the test set and the 

validation set. The first set is used for learning in a broader sense (adjustment of weight factors). 

The examples from the second set are used to check the operation of the network with the current 

weighting factors in order to stop the process at the time of network performance decrease.  

It is possible to "overtrain" an artificial neural network - after a certain number of iterations, the 

network loses its generalization property and becomes an expert in processing data from the 

learning set, while processing the remaining data at very poor level.  

The third set of data is used for assessing the model accuracy and precision of processing. 

 

(14) 



3. Theoretical overview 

27 

 

3.3.2. Support Vector Machine 

One of the most popular supervised ML algorithms that has been used mostly in solving 

classification problems is Support Vector Machine. Support Vector Machine algorithm plots each 

dataset item as a point in n-dimensional space while each feature’s value is defined as a value of 

some particular coordinate (where n is number of features). Then, the classification is being 

performed by finding a single line or hyper-plane able to correctly distinguish two classes. The 

tendency is defined as generalization. Generalization is ability of the model to accurately classify 

any new unseen instance from the dataset that is used for model learning. 

 

 

Figure 3.13 Visual representation of SVM algorithm characteristics (2) and choosing a correct 

hyper-plane (1) 

 

As shown in Figure 3.13 (2) SVM attempts to find the optimal hyper-plane by maximizing the 

distance between two support vectors closest to the optimal hyper-plane. Support vector is a point 

of one dataset that has the lowest distance from the hyper-plane. That distance is also called a 

maximized margin, and hyper-plane for which the margin value is maximizes is called the optimal 

hyper-plane. As a result, the algorithm will pick the hyper-plane C as an optimal hyper-plane 

(Figure 3.13 (2)). 
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Mathematically, the separating hyperplane can be written as: 

 

𝑥 = 𝑤0 + 𝑤1𝑎1 + 𝑤2𝑎2 

 

Where w0, w1 and w2 are weights that need to be learned, and a1 and a2 are the attribute values. The 

equation (13) can also be written in the form of support vectors: 

 

𝑥 = 𝑏 + ∑𝛼𝑖𝑦𝑖a(i) ∙ a 

 

In the equation (14), 𝑦𝑖 represents the class value of training instance a(i), b and 𝛼𝑖 represent 

numerical parameters that will be determined by the algorithm, and i is the support vector. 

Figure 3.13 (1) shows that SVM will choose the hyper-plane B as an optimal hyper-plane although 

it is obvious that the hyper-plane A would provide the greater margin value. The reason for that 

lies in the fact that SVM will always prioritize accuracy of classifying the values in the correct 

classes over the maximization of the margin.  

To summarize, the algorithm performed the above-mentioned process only because the grey dot 

“stuck” between the hyper-planes A and B cannot be viewed as an outlier. 

In every other case, where the hyper-plane cannot clearly distinguish two (or more) classes, it can 

be stated that the SVM algorithm is robust to outliers, but it has a feature that suggests ignoring the 

outliers and focusing only on finding maximum margin between two support vectors. 

 

(15) 

(16) 
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Figure 3.14 SVM classification in case of non-linear hyper-plane between two classes 

 

Another potential issue is shown in Figure 3.14 where can be seen that SVM cannot determine the 

linear hyper-plane between two classes. In this case, the SVM will plot the data points on the plane 

x,z in such way that the red data point who were closer to the origin of the coordinate system will 

be presented with the lower value of z, and opposite for the grey data points. 

In case when the straight (linear) line cannot be used as a separator for the dataset or data points, 

then such data can be denoted as non-linear and for solving the problem of classifying the non-

linear data, a non-linear SVM classifier has to be used. 

The most important tuning parameters in the SVM classifier are kernel, regularization, gamma 

and margin. It is possible to improve the accuracy of a non-linear classification in a reasonable 

amount of time by adjusting these parameters,  

Kernel represents a function that transforms input data into the more suitable form. Its primary goal 

is to project the input data points into a higher dimensional space and to find an adequate hyperplane 

in that space without increasing the computational cost. The most common kernel functions used 

in the SVM algorithm are linear, non-linear, polynomial and radial basis kernel function. 

Regularization parameter , also known as C parameter is used for determining the desired level of 

avoidance of misclassification of each training example. Setting the high value of C will result in 

choosing a smaller-margin hyperplane under condition that the chosen hyperplane performs better 

in classifying the training points correctly. Inversely, a smaller C value will force the optimizer to 

choose a larger-margin hyperplane no matter if it leads to higher level of misclassification. 
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Figure 3.15 Low regularization value (1) and high regularization value (2) 

Gamma parameter represents the influencing level of a training example such that low gamma 

value indicates that data points located far from the probable separation line will be included in 

calculation for determining the separation line, and vice versa, as shown in Figure 3.15. 

 

 

Figure 3.16  High gamma value (1) and low gamma value (2) 

 

Margin is a distance between separation line and the closest data points from each of the classes. 

If a separation line is equally distant from both sides, then the margin can be considered as a good 

margin, as shown in Figure 3.13(2). 
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Although the SVM algorithm is usually related to the binary classification, it can also be used for 

the multiclass problems, using either direct or indirect method. 

Indirect methods are One-Versus-Rest method that creates k different binary classifiers for the 

classification problem with k number of classes, and One-Versus-One method that creates new 

hyperplane for each pair of classes which means that, in the end, there is a  
𝑘(𝑘−1)

2
 number of 

hyperplanes. Direct methods are Weston-Watkins and Crammer-Singer multiclass SVM. 

There are numerous advantages related to the SVM algorithm, so it can be stated that SVM works 

well with the clear separation margin, is efficient when it comes to higher-dimensional space, as 

well as in cases when the number of dimensions outreaches the number of samples. 

On the other hand, the SVM is not really suitable with the large datasets due to higher training-time 

required and target classes can overlap if the dataset has more noise.



5. Practical work 

32 

 

 

4. Hypothesis and expected results 

 

The main aim of this master’s thesis is to develop a model/algorithm for classifying time series and 

to test it on a dataset from the real world. 

What makes this approach specific is the fact that classes have not been assigned to time series a 

priori, but the raw data is obtained and classes were determined via clustering process. 

Another aim is to test applicability of this approach on the chosen dataset, through calculating 

accuracy and testing the model to make sure that model has successfully “learned” how to classify 

data correctly. 

During the analysis, the algorithms that have been used are: 

➢ Support Vector Machine 

➢ Neural Network – Feedforward Neural Network 

Dataset analysed in this work is PM 2.5 concentration at measuring station in New Delhi, India. 

Analysis focuses on determining whether the time series classification can be used in the field of 

environmental protection and if it can – what are the advantages of this approach. During the work, 

the emphasis was constantly on practicality of classification algorithms. 

The basic hypothesis of this work can be defined as analysing whether this approach can be used, 

and if it can, what advantages it brings with itself. 

The process of monitoring air pollution is expected to improve as a result of this study. In addition 

to that, creating a new approach in solving this very important issue which can be further improved 

and used by the local authorities as an extremely useful air-pollution predictive tool and it can be 

used for making timely decisions in favour of preventing excessive and hazardous pollution. 
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5. Practical work 

In this chapter a study on applicability of time series classification on analysing the air pollution 

data will be conducted and its advantages will be discussed. But prior to that, it is very important 

to give an explanation of air pollution, PM 2.5 particles and the importance of this work. 

Fine particulate matter (PM 2.5) are tiny particles in the air that reduce visibility (see Figure 5.1) 

and represent a problem for public health when their levels in the air are high. The term fine 

particles, or particulate matter 2.5 (PM 2.5), refers to tiny particles or droplets in the air that are 2.5 

microns or less in width. 

As a direct consequence of a non-existence of modern stations for air pollution monitoring in 

Bosnia and Herzegovina that are specially designed for collecting data related to the concentration 

of the polluting particles as well as the data related to the weather conditions, the dataset examined 

in the work was obtained from the official website of the Government of India (https://cpcb.nic.in/) 

and this study is applied to it. Dataset represents concentration of PM 2.5 pollutant over the last 

five years in the city of New Delhi, India. 

 

 

Figure 5.1 Comparison between clean air (left) and polluted air (right) in Delhi, India 

(Source: hmnews.in) 
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According to the World Air Quality Report, a report prepared by Swiss organization IQAir, Delhi 

has been the world’s most polluted capital city in 2021, for the fourth consecutive year. 

The bad geographical location is the main reason of the air pollution problem in Delhi. The city is 

open to the Thar Desert in the north-east and to the central plains in the north-west, and a mountain 

massif Himalayas represents some kind of south-west city border. The wind arriving from the 

coasts transports all of the pollutants picked up along the way, and all of those pollutants become 

trapped just before the Himalayas. The air pressure pushes the particles one way, and because they 

can't "escape" quickly in the other direction, they accumulate over the northern plains, forming a 

so-called "bowl" that collects pollutants and has only a narrow way out. Another great source of 

pollution are large power plants and refineries. 

A parallel can be drawn between air pollution problems in Delhi and Sarajevo, but due to 

unavailability to obtain the relevant dataset of pollution measurements, the work was performed on 

dataset related to Delhi. 

Sarajevo is one of the 20 most polluted capital cities in the world, especially during the winter 

season. Proper analysis and classification of the existing time series could definitely play significant 

role in better preparation for the upcoming winter seasons. However, there is a hope that this work 

will be recognized as useful and will contribute to solving this important issue in some near future. 

 

5.1. Dataset description 

Dataset used in this work contains exactly 48,192 data points that were collected in the period 

between January 1st, 2015 and June 30th, 2020. Each of the years consists of 8,760 data points 

grouped into 365 time series (366 for leap years) – each time series has exactly 24 values, for each 

hour during the day. 

 

Figure 5.2 represents the dataset described in the paragraph above – each row represents one day 

from the observed time period, while the columns represent the values of PM 2.5 concentration in 

each hour during one particular day. 
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Figure 5.2 Dataset 

 

Figure 5.3 shows how raw data looks like when plotted. It can be clearly seen that there are some 

time series that “deviates” from the others and those time series are denoted as outliers.  

 

 

Figure 5.3 Visual representation of raw dataset 
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5.2. Removing outliers from the dataset 

As the first step in this study, all invalid data – null values, errors and illogical data must be 

removed. As it is explained in the theoretical overview, in chapter 3, those identified outliers need 

to be removed as they can confuse the algorithm and, in the end, lead to incorrect conclusions.  

 

 

Figure 5.4 Visual representation of clean dataset 

The number of time series was reduced from 2008 in the raw dataset to 1808 after “cleaning”, 

which means there were a total of 200 time series that were recognized as outliers. Outliers have a 

tendency to confuse the algorithm and they had to be removed, but even outliers should be 

analyzed, in order to gain better insight into the real reason for their occurrence. 

 

5.3. Data clustering 

Now, when the data is cleaned and ready for further pre-processing, it is time to go further to the 

next step. As it is known, classification is a supervised problem, and it requires some classes which 

will be used by the algorithm to assign some certain time series to the existing classes. 
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Therefore, some classes need to be assigned to each time series, so the model can train and learn 

and that is opposite to the traditional approach that suggests classes should be defined based on 

simple mathematical calculations of Air Quality Index values. 

For that purpose, the prepared data was clustered into an optimal number of clusters, and this is a 

very important step in this work, because this way, the algorithm will achieve maximum utilization 

of the available dataset, which is totally opposite to the traditional way of classifying which is based 

on calculating Air Quality Index that represents an average daily value of pollution. 

Applying clustering as a solution for determining classes instead of using AQI values will give 

more reliable results and it will result in more precise predictions when it comes to the final part of 

this process – testing the model. 

Prior to the data clustering, it is important to evaluate whether the analyzed data shows the 

clustering tendency or not. Hopkins test was performed and the result was 85.5% which suggests 

that this dataset has an above-average potential to be successfully clustered. Typically, if this score 

is over 50%, that implies a tendency of data to be clustered in larger cluster sizes. 

As explained in the chapters above, the dataset observed in this work consists of the time series, or 

temporal sequences that are timely and lengthwise aligned. Accordingly, the k-means method is 

chosen over DTW, as DTW is more complex, and yet it won’t lead to a better outcome in the end. 

An optimal number of clusters is determined by using the elbow diagram which suggests that the 

optimal number of clusters is 3. In order to determine the optimal number of clusters, the chosen 

number represents the point after which either distortion or inertia starts decreasing in a linear 

manner. Distortion represents an average value of the squared distances between the centers of 

clusters and the respective clusters, while inertia denotes the sum of squared distances between 

samples and their nearest cluster centers. 
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Figure 5.5 Elbow diagram 

 

As shown in Figure 5.5, the slope decrement of the curve is striving towards constant value after 

point for which an optimal number of clusters is 3, and therefore, that is the optimal number of 

clusters. If it was set to 2 clusters, then the slope decrement would be much higher, and that outcome 

could not be accepted. 

The next concept that is widely used for assessing the quality of created clusters is the Silhouette 

score. This concept is telling how good fit an object is to its cluster in comparison to the other 

clusters, and it is calculated for each object of different clusters. 

The overall value of the Silhouette score varies from -1 to 1 – a higher score means that a certain 

cluster is well-separated from the other clusters. Outcomes with values around 0 are pointing out a 

huge possibility of overlapping, while those with negative values imply that objects might have 

been incorrectly clustered. 
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Table 5.1 Silhouette scores for different number of clusters 

NUMBER OF 

CLUSTERS 
2 3 4 

SILHOUETTE 

SCORE 
52.1 % 41.8 % 33.8 % 

 

Table 5.1 shows that the Silhouette score has the highest value for the number of clusters equal to 

2. Taking into account that the Silhouette score for three clusters also has an acceptable value, and 

that the elbow diagram confirmed that the optimal number of clusters should be set at 3, it is 

definitely decided to proceed further with three clusters. 

 

Figure 5.6 Visual representation of Silhouette score for four (1), three (2) and two (3) clusters 

 

One of the deciding points is the thickness of the silhouette plot (Figure 5.6) – the plot with the 

most uniform thickness should be selected, and in this case that is the middle plot which means that 

the optimal number of clusters should be set at three. As stated previously, the silhouette score does 

not differ much between each case, the best score is achieved for 2 clusters, but the thickness is 

less uniform when compared to the three-clusters plot. Although the option with four clusters also 

seems to be a good option, it cannot be chosen as it leads to an increase in incorrectly clustered 

objects – values on the horizontal axis below zero represent the incorrectly clustered objects. 
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Figure 5.7 Clustering - three clusters 

Figure 5.7 shows how the dataset looks when it is divided into three separate clusters/classes. 

Cluster 0 represents the blue curve, and it is related to the dangerous levels of PM 2.5 concentration. 

Starting from midnight, the representative curve of cluster 0 has mostly constant values, all the way 

until 10 a.m. when the concentration of this pollutant slightly starts decreasing all the way up until 

5 p.m. That behavior is related to the air temperature, as the temperature has the highest values in 

the afternoon hours and the air is most sparse in that period, allowing the particles to disperse. After 

5 p.m., the PM 2.5 concentration starts increasing, reaching its peak value around midnight and 

remaining at that level until 10 a.m. 

Cluster 1 represents the top curve in the graph shown in Figure 5.7 and it is related to the hazardous 

levels of PM 2.5 concentration. Unlike the cluster 0 curve, this curve shows some slight decrease 

in the period from 1 a.m. till 8 a.m. when it slightly rises again before the significant drop that 

happens for the same reason as in the previous case. Its minimum value is insignificantly higher 

than the maximum value of the cluster 0 curve. After that, the curve rises to its peak value by 

midnight. 
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Cluster 2 is the green curve and represents the least dangerous cluster/class. Samples that belong 

to this cluster are characterized by almost the constant level of PM 2.5 particles during the whole 

day. 

On the other side, Figure 5.8 is used to explain why the optimal number of clusters is three, and 

not four or two. Speaking of the case with only two clusters (Figure 5.8 (1)) it can be seen that 

there is a lot of overlap between the two clusters. In order to avoid misclassification, a third cluster 

is added and it includes exactly those samples that fall into that overlapping area.  

 

Figure 5.8 Clustering – two clusters (1) and four clusters (2) 

Furthermore, increasing the number of clusters to four would not result in any benefits. The 

representative curves would be very close to each other, which would confuse the algorithm and 

could lead to some serious classification mistakes in the later stages. 

Taking into account that time series related to any nature process almost always shows a high 

degree of correlation, it can be seen that each cluster, or precisely, each “representative” time series 

look quite similar to each other, and that all of them have similar shapes since they follow some 

“nature” patterns. That cannot be avoided as the variations in the intensity of pollution are 

influenced by numerous external factors. 
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5.4. Time series classification 

After the raw data is successfully clustered into the optimal number of clusters, it became a labeled 

dataset and now it is suitable for the classification process. 

Cluster 0 will be denoted as class 0, cluster 1 as class 1, and cluster 2 as class 2. Now when the 

classes are determined, it is time to take a closer look into each one of them before applying 

classification algorithms to the processed data. 

Class 0 is marked as blue curve and represents the middle of the three classes (Figure 5.7). All 

overlapping time series from the other two classes (Figure 5.8(1)) belong to this class. 

Figures 5.9, 5.10, and 5.11 represent the distribution of class 0, class 1, and class 2 over the months 

(1) and days (2), respectively. 

 

 

Figure 5.9 Distribution of class 0 over months (1) and days (2) 

 

Regarding monthly distribution, class 0 is mostly represented in the period from October till May, 

with its maximum during February. It is interesting that October is among the months with the 

highest concentration of time series that belong to the class 0, but November and December are not 

following the trend, because there is a significant decrease in the concentration of time series that 

belong to class 0 in those months. What can be seen from Table 5.2 is that class 0 is quite uniformly 

distributed in the period between January and May, having a total of two-thirds of the whole class 
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0 population. When speaking in terms of months, Figure 5.9 indicates that class 0 is the dominant 

class only in February and October, while during other months, such as November or December 

only one-third are time series from class 0. Speaking of class 0 distribution dependence on the days 

of the week – it can be stated that there are no significant differences between each day in the week, 

as well as between workdays and the weekend. 

 

 

Figure 5.10 Distribution of class 1 over months (1) and days (2) 

 

 

 

Figure 5.11 Distribution of class 2 over months (1) and days (2) 

An overall conclusion on class 0 distribution is that it is characteristic for the period between late 

autumn and early summer. 
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Figure 5.12 Comparison of classes distribution over months (1) and days (2) 

 

Class 1 actually represents the most hazardous class, with an average concentration of PM 2.5 

above 200. As expected, the biggest percentage of the time series that belong to class 1 is related 

to the winter period. The vast majority of this class falls into the period between November and 

January, as many as 74.4% of the total class 1 population belongs to this three-month winter period. 

If we include February and October as some kind of “border months”, then 94.9% of class 2 fit into 

the October – February timespan. The rest of the 5.1% of the class 1 population could possibly be 

denoted as outliers in terms of the period of the year they belong to, but that deviation is a direct 

consequence of some other external factors, such as humidity or temperature, which will be 

discussed in the upcoming parts of this work. 

Class 2 is the less polluting class, so it is not surprising that the vast majority of time series from 

this class belong to the summer and monsoon period (Table 5.1). From Table 5.2 can be seen that 

the share of this class in the particular month starts to increase in March when it makes a jump from 

2.4% to 10.1%, reaching its peak in July and then slightly decreasing till October when it abruptly 

drops down to 3.1%. Speaking of the temporal distribution of class 2, it can be stated that 92.7% 

of it falls into the period between March and September. The rest of the time series from this class 

that belongs to some other months is most probably a product of some unusual weather conditions 

during those months, just as was the case with the other two classes. 
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Table 5.2 Percentage representation of the classes in each month 

Month Class 0 Class 1 Class 2 

January 44.2% 50.3% 5.4% 

February 66.5% 20.3% 13.3% 

March 48.0% 1.1% 50.9% 

April 49.4% 3.4% 47.1% 

May 45.1% 4.6% 50.3% 

June 15.2% 0.0% 84.8% 

July 0.7% 0.0% 99.3% 

August 0.0% 0.0% 100% 

September 9.9% 0.0% 90.1% 

October 59.4% 21.7% 18.9% 

November 31.4% 65.7% 2.9% 

December 31.9% 64.4% 3.7% 

 

Table 5.3 Percentage representation of each class distribution over the year 

    

  

Month Class 0 Class 1 Class 2 

  

January 10.5% 23.9% 0.9% 

February 17.0% 10.4% 2.4% 

March 13.6% 0.6% 10.1% 

April 13.9% 1.9% 9.3% 

May 12.6% 2.6% 9.9% 

June 4.0% 0.0% 15.9% 

July 0.2% 0.0% 16.7% 

August 0.0% 0.0% 16.3% 

September 2.3% 0.0% 14.5% 

October 13.7% 10.0% 3.1% 

November 5.3% 22.3% 0.3% 

December 6.9% 28.2% 0.6% 

    

To summarize, it can be stated that in the summer months (June, July, August, and September) 

class 2 is the most dominant class by far, therefore the conclusion is that the air quality is at a 

satisfying level during these months. 
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All other months are characterized by a much higher concentration of PM 2.5 particles – the only 

difference is which of the two classes – 1 or 2 is the dominant one. 

In order to get a better insight into external weather factors’ impact and their influence on the 

concentration of PM 2.5 particles, several graphs are analyzed. 

 

 

 

Figure 5.13 Average temperature over total timespan (1) and over the months (2) 

(Source: www.worldweatheronline.com) 

 

Figure 5.13 shows very constant behaviour in the temperature oscillations over the time, with its 

peak value in the period April – June, but extremely high temperature values remain all time till 

the end of October when it starts decreasing significantly. If we compare this graph to Figures 5.9, 

5.10, and 5.11, we can see a high level of correlation between temperature and PM 2.5 

concentration – the higher the temperature is, the lower the PM 2.5 concentration is. 

 

 

http://www.worldweatheronline.com/
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Furthermore, Figure 5.14 indicates the relation between precipitation and PM 2.5 concentration 

such that, months with a higher level of precipitation, or just with more rainfall days are usually 

characterized by lower pollution levels. 

 

Figure 5.14 Average rainfall amount and rainy days (1) and precipitation (2) 

(Source: www.worldweatheronline.com) 

 

If we compare this to the distribution of class 2 (Figure 5.11), we can see that there is a high 

correlation between the frequency of rainfall days and frequency of time series from the class 3 

during the winter months that, in the vast majority of cases, are characterized by the much higher 

level of PM 2.5 concentration. 

http://www.worldweatheronline.com/
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Figure 5.15 Average pressure over analyzed timespan (1) and over the months (2) 

(Source: www.worldweatheronline.com) 

 

Speaking of air pressure impact on air pollution, Figure 5.15 unequivocally implies that higher air 

pressure leads to higher pollution, as it does not allow the particles to disperse into the atmosphere. 

The average pressure curve (Figure 5.15 (2)) looks very similar to the inverted class 3 distribution 

curve (Figure 5.12 (1)). 

The impact of humidity can be various. As it can be seen in Figure 5.16, the lowest humidity level 

is related to April and May, while its highest values are recorded during both winter and summer 

months. This may look contradictory, but it is not, as the humidity during the summer months is 

related to the precipitation, and that combination leads to a pollution decrease. On the other hand, 

during the winter months, humidity has a negative impact on the air quality, as it prevents PM 2.5 

particles to disperse, which in the combination with higher air pressure values quite often leads to 

hazardous levels of PM 2.5 particles. 

http://www.worldweatheronline.com/
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Figure 5.16 Average cloud and humidity (1) and average sun hours and days (2) 

(Source: www.worldweatheronline.com) 

 

On the other hand, the average number of sunny days (Figure 5.16 (2)) does not seem to have any 

impact on the PM 2.5 concentration. 

As previously explained at the beginning of this chapter, the main problem is the wind that is 

arriving from the coasts during the summer months and it carries all the pollutants picked up along 

the way, and once when the wind season ends, all those pollutants get trapped in the area right 

before the Himalayas. 

Figure 5.17 shows the high level of correlation between the wind speed and the air pollution. 

Average values of wind speed usually start to significantly increase during spring months, and that 

is exactly the period in which classes 0 and 1 stop being dominant. Taking a closer at Table 5.2 

leads us to the conclusion that class 2, which is denoted as the least dangerous class becomes the 

dominant as the wind speed and gust reach their respective peak values. 

http://www.worldweatheronline.com/
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Figure 5.17 Average and max wind speed and gust 

(Source: www.worldweatheronline.com) 

 

Now when the data is processed, the classes are assigned and briefly explained, it is time to test 

the applicability of the chosen classification algorithms on this dataset. The algorithms used for 

the time series classification are Support Vector Machine and Neural Network. 

After the initial step that consists of uploading the dataset, the data needs to be divided into train 

and test sets. This procedure uses data assigned to the training dataset and that way it helps to 

estimate the performance of the algorithms that are making predictions on the rest of the data that 

actually belong to the test dataset. Simplified, the training dataset is used for fitting the ML 

model, while the test dataset is used for the evaluation of that fit. Table 5.4 shows how different 

values of train/test ratio affect the model accuracy.  

Data is not scaled since we want to plot the support vectors.  

There are various types of kernels, but the ones that are used in this model are Linear and Radial 

Basis Function, and they are the most appropriate kernels for this type of data. Kernels represent 

a technique for solving non-linear problems by using the linear classifiers. The linear kernel is the 

http://www.worldweatheronline.com/
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most basic and most used kernel, while RBF is mostly used in situations when there is no any 

prior knowledge about the data. 

The next step is to evaluate the accuracy of the model. When performing this step, for all the 

kernel types mentioned in Table 5.4, the value of parameter C was equal to 1, while the gamma 

parameter was set to ‘auto’. 

Table 5.4 Train and test score for different kernel types 

KERNEL TYPE RBF Linear 

TRAIN SCORE 100% 100% 

TEST SCORE 46.96% 99.44% 

 

Based on Table 5.4 it is obvious that the best scores are obtained when the linear kernel was used, 

hence it was chosen as the best option. 

But before proceeding further, it needs to be checked what will happen if the parameters C and 

gamma were changed. Gamma parameter is used only in combination with RBF kernel, and it 

decides the level of curvature in a decision boundary.  

In Table 5.5 is shown how different combinations of values of parameter C and gamma influence 

the overall accuracy of the model. 

 

Table 5.5 Train and test score for RBF kernel and various C/gamma combinations 

C VALUE 100 10 1 0.01 0.001 

GAMMA VALUE 0.00001 0.0001 0.001 0.01 1 

TRAIN SCORE 100% 100% 100% 49.10% 49.10% 

TEST SCORE 99.17% 97.29% 66.85% 46.96% 46.96% 

 

Results presented in Table 5.5 undoubtedly indicate significant improvement in accuracy scores 

for lower values of gamma paired with higher values of the C parameter. These results should be 

“taken with a grain of salt” as the high values of the C parameter can very often lead to 
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overfitting, where the model scores a high accuracy but at the same time it may fail to generalize. 

Another important thing to point out is that, when using RBF as a kernel, smaller values of 

gamma parameter mean that decision boundary has less curvature, and that ultimately means 

SVM is tending towards linear classifier. If we compare the test accuracy for gamma = 0.001 

(Table 5.5) to the test score for the linear kernel (Table 5.4) we will notice they have almost 

identical accuracies, which confirmed the above-mentioned hypothesis.  

Although it was known that the dataset used in this work represents the linear problem, in this 

way has been proved that linear decision boundary implies the best classification accuracy. 

Although there is almost no room for any improvements in terms of model accuracy when it is 

used with the linear kernel, Table 5.6 is made to show that model scores the same accuracy for 

different values of the C parameter, which indicates that there is no overfitting issue. 

 

Table 5.6 Train and test score for linear kernel for different values of C 

C VALUE 100 10 1 0.01 0.001 

TRAIN SCORE 100% 100% 100% 100% 100% 

TEST SCORE 99.44% 99.44% 99.44% 99.44% 99.44% 

 

In the end, in order to summarize and visualize the performance of the classification algorithm, 

the confusion matrix is made (Figure 5.18). 

After splitting the dataset into train and test datasets, the number of the time series that belong to 

the test dataset is 362, where 169 of them belong to class 0, 65 to class 1, and 127 to class 2. 

As shown in Figure 5.18, only in 2 out of those 362 cases, a time series class was not predicted 

correctly, or the time series was not assigned to the appropriate class. 
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Figure 5.18 Confusion matrix – SVM 

 

When talking about the FNN algorithm, the first step that needs to be performed is data 

normalization or standardization. This is an important step as it gives appropriate importance to 

each variable and ensures that the model performance won’t be driven by any single variable. 

Table 5.7 shows accuracy scores for different values of train/test split under the same circumstances 

and for the same value parameters. 

 

Table 5.7 Model accuracy for different Train/Test split with L2 regularization 

TRAIN/TEST SPLIT  85/15 80/20 75/25 70/30 65/35 

ACCURACY 90.44% 92.54% 81.86% 93.00% 90.79% 

 

Speaking of data normalization, all accuracy scores shown in Table 5.7 are obtained when L2 

regularization was used. L2 regularization, also known as Ridge, is fighting the overfitting problem 

by compelling the weights to be “small”, but never equal to zero. Basically, this means that less 

significant objects within the dataset will retain some level of influence on the final outcome, but 

it will be almost insignificant. Ridge regularization is a non-sparse solution and it penalizes the 
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sum of squared errors which means it is not robust to outliers, as the squared terms will increase 

the differences in the outliers’ errors. 

Table 5.8 shows how the accuracy score changed for each train/test ratio when the regularization 

was changed from L2 to L1. 

 

Table 5.8 Model accuracy for different Train/Test split with L1 regularization 

TRAIN/TEST SPLIT  85/15 80/20 75/25 70/30 65/35 

ACCURACY 95.95% 88.12% 82.96% 88.21% 90.42% 

 

L1 regularization, also known as Lasso, unlike the L2 regularization, fights the overfitting by 

shrinking the values of the parameters to zero which makes some features obsolete. When 

compared to Table 5.7, it can be seen that for each train/test ratio accuracy slightly improved. 

Taking into account that the analyzed dataset was cleaned and there are no any outliers, there is no 

constraint on which regularization should be picked. Therefore, it can be stated that the best 

accuracy is scored when the train/test split was set at 85/15 with Lasso as the regularization 

parameter, although it needs to be added that Ridge regularization consumes less time than Lasso. 

The next thing that needs to be tested in order to try to increase the model accuracy is the number 

of hidden layers and their densities. Table 5.9 shows that the accuracy of the model does not 

improve with an increased number of hidden layers. Knowing that number of hidden layers 

should lay somewhere between the number of input layers (24) and the number of output layers 

(3), it was decided to test the accuracy with the number of hidden layers as shown in Table 5.9. 

 

Table 5.9 Model accuracy with different number of hidden layers  

NUMBER OF 

HIDDEN LAYERS 
3 5 7 9 

ACCURACY 92.65% 95.95% 88.70% 91.50% 
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Now when the optimal number of hidden layers is determined, the next step is to see how the 

accuracy depends on the density of the hidden layers. This is shown in Table 5.10. 

 

Table 5.10 Model accuracy dependence on the hidden layers density 

HIDDEN LAYERS 

DENSITY 
24- 48/128/256/128/48 - 3 24- 48/96/192/96/48 - 3 24 - 96/192/384/192/96 - 3 

ACCURACY 95.95% 92.82% 86.18% 

 

The number of input layers equals 24, as each time series in the dataset has exactly 24 data 

points, while the number of the output layers is set to 3, as the task of the model is to classify the 

data into three separated classes. The density of hidden layers is assigned randomly, but it can be 

seen from Table 5.10 that model accuracy fails to improve with both higher and lower densities. 

 

Table 5.11 Model accuracy dependence on the number of epochs 

NUMBER OF EPOCHS 25 50 75 100 125 150 200 

ACCURACY 94.85% 91.54% 95.95% 95.95% 96.69% 88.97% 87.46% 

 

It has to be emphasized that all the previous calculations were made with the number of epochs 

being set to 100. From Table 5.11 it can be seen that a slight improvement can be achieved if the 

number of epochs is increased to 125. Overall, the accuracy trend is increasing with the increase 

of the number of epochs, reaching its highest value at 125 epochs, and then starting to decrease 

with the further increase of the number of epochs. 

 

Table 5.12 Model accuracy dependence on the batch size 

BATCH SIZE 24 48 72 96 

ACCURACY 96.69% 97.05% 98.16% 97.05% 
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Table 5.12 shows how different batch sizes are influencing the model accuracy. The batch size 

parameter is used for defining the number of samples that are going to be propagated through the 

network, which means that the algorithm will take the first 72 samples from the training dataset 

and it will train the network. Considering the fact that there are 1536 samples in the training 

dataset, it means that there will be a total of 22 iterations made. It is confirmed that, usually, a 

greater batch size leads to better model accuracy. 

Figure 5.19 shows the graphical interpretation of loss and accuracy for both the training and 

validation datasets. Generally, if the training loss does not differ much from the validation loss 

(an average of 0.03%), it can be stated that the model is “just right”, hence there is no neither 

overfitting nor underfitting. Speaking of accuracy, training and validation accuracies are very 

similar, which means that the built model can be considered as a good one. 

 

 

 

Figure 5.19 Training and validation loss (1) and accuracy (2) 
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Figure 5.20 Confusion matrix for FNN model 

 

Confusion matrix shown in Figure 5.20 shows that, out of 272 samples in the test dataset, only 5 

were classified incorrectly. 
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6. Conclusion 

This work has proven that sophisticated machine learning classification algorithms are applicable 

to the field of environmental protection. 

The model introduced in this work consisted of obtaining the raw data, cleaning it through the 

outliers’ detection and removal, clustering in the appropriate and the optimal number of clusters in 

order to transform the unlabeled data in labeled and then, finally, applying the chosen classification 

algorithms to test its applicability on the analyzed and pre-processed dataset. 

It is shown that both of the selected algorithms can be used for the classification of this type of time 

series. Unlike the Support Vector Machine algorithm, which provided an outstanding accuracy 

score on the first try, we had to tune a lot of parameters in the FNN algorithm in order to increase 

the overall accuracy of the model. 

SVM makes a perfect fit for the classification problems of smaller datasets, which is confirmed 

through this work. Although FNN is a better fit with large datasets, the accuracy achieved on the 

analyzed dataset was outstanding. FNN is a way more complex machine learning algorithm than 

SVM is, and a good accuracy score can sometimes be the result of the model overfitting so they 

require a very cautious approach. What is shown in this work is the possibility of significantly 

improving the accuracy of FNN by tuning various parameters that characterize the FNNs.  

Having shown that this approach to the analysis of the problem of excessive concentrations of PM 

2.5 particles gives very accurate results, it should be noted that the data for some other cities can 

be analyzed in the same way. 

Of course, it is impossible to say with absolute certainty that one model will have the same or at 

least similar accuracy when applied to some different dataset, nor which algorithm will give the 

best results for some particular dataset, but one thing that can be concluded with certainty is that 

classification algorithms are applicable in this field. 

A certain problem in the TS analysis related to the concentration of PM 2.5 is the fact that the 

representative curves of each of the classes are very similar and show almost the same behavior 
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during the day, i.e.the duration of one time series. On the other hand, this has confirmed the 

statement that time series classification algorithms can be applied to solve this problem. 

Consequently, this approach could be applied to solving the problem of excessive air pollution in 

Sarajevo, which, actually, was the initial plan and motivation for this work. Sarajevo is one of the 

20 most polluted capital cities in the world, especially during the winter months. Unfortunately, it 

was impossible to collect this data because it does not exist due to the obsolescence of measuring 

stations. 

Besides its contribution to the academic community, another important aspect of this study is the 

possibility of it serving as a tool for raising awareness, as well as contributing to the solution of the 

problem at hand, in the near future. 
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