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1 INTRODUCTION 

Managing a system commonly includes two basic steps: collecting information about the 

system, and taking action based on the obtained information [1]. The number of Cloud-based 

services has increased rapidly and strongly in the last years, and so is increased the 

complexity of the infrastructure behind these services. To properly operate and manage such 

complex infrastructure effective and efficient monitoring is constantly needed as well as 

storing and analyzing historical data what becomes fundamental challenge [2].  

With demands for more connectivity from smart homes, manufacturing facilities, industries, 

economics, natural ecosystems, health care systems, etc., the physical world is becoming 

more and more networked and interconnected. The research in [3] shows estimation that more 

than 20 billion devices will be connected to the Internet by 2020 with more than 40% of them 

IoT
1
 devices which in turn will improve many aspects of life and way of work. With sensors 

unit's costs coming down significantly, it is possible to monitor many environments providing 

situational awareness, preventive and predictive maintenance. Thus sensors generate huge 

amount of data constantly and among all the types of big data, data from sensors are the most 

widely and are classified to as time series data (more about time series in subchapter 2.3). 

Sensor data are obviously related to time. Often the time series data generated from: sensors 

(e.g. environmental), networking applications, cloud computing resource monitoring systems, 

and from other monitoring systems are not very useful for itself without their interpretation. 

So there are very large volume of data collected from variety of things with high velocity with 

hidden information for better future decisions and actions. 

The worthiness of time series data is the ability to analyze data and very important to predict 

future data points in the form of series from the previously collected data. According to 

collected and then analyzed data points it can trigger alert conditions and interventions within 

cloud monitoring systems, healthcare monitoring systems, agriculture systems and many 

others.  

Resource monitors and systems, which exclusively collect time series data, typically provide a 

complete view of system wide resource usage, allowing a user to track performance and 

                                                 

1
 Internet of Things (IoT) - a concept and a paradigm for the network of physical objects, devices, vehicles, 

buildings and other items embedded with electronics, software, sensors, and network connectivity that enables 

these objects to collect and exchange data. 
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resource utilization. It is then up to the user to detect resource spikes, failures and other 

anomalous behavior [4].  

Monitoring ultra scale systems requires collecting enormous amount of data by collecting new 

data from the system components in form of time series data. Those data can be collected by 

selecting a static frequency or with dynamic monitoring frequency
2
. Once data has been 

collected it must be analyzed or otherwise processed in order for it to become useful [4]. 

However, in a highly distributed system and unreliable networks, data points might get lost, 

which creates a challenge when trying to analyze such data. Accordingly, there is need for 

reconstructing these missing values and gaps within observed time series data. 

Aim of the thesis is to study existing statistical methods for analyzing evenly time series data 

from different monitoring environment. Furthermore, it is inevitable to validate those methods 

by measuring their accuracy compared to the baseline approaches. Moreover, it is also 

necessary to explore how accuracy behaves in relation to some factors, e.g. amount of data 

and type of data. Based on these results, a novel method will be developed and researched for 

analyzing unevenly spaced time series data on the existing data sets in order to reduce 

incurring error, i.e. increase accuracy, and evaluate this approach by comparing it to the 

baseline approach (evenly spaced time series data).  

The thesis consists of six main chapters. The structure is organized as follows. The first 

chapter gives the short introduction to the research work, motivation, aim of the study, and 

structure of thesis. After short introduction the second chapter deals with theoretical 

background of monitoring environment, why it is so important for cloud computing and other 

fields and what role have metrics and the accuracy of data analysis. Chapter three describes 

statistical methods for analyzing time series data. The purpose of the fourth chapter is to 

present a brief discussion on the obtained results about accuracy of applied statistical methods 

on time series data with different characteristics. Finally the fifth chapter presents a survey of 

novel function for analyzing unevenly spaced time series data. At the end, the last chapter 

presents the conclusion of this thesis.  

                                                 

2
 Dynamic monitoring frequency algorithm for collecting monitoring data from ultra scale systems is proposed 

in [1]. 
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2 THEORETICAL BACKGROUND 

The following chapter includes a definition of key concepts as a basis of this thesis. At first it 

will be necessary to get a fundamental overview of the cloud computing, which concepts it 

involves, and then the basic concepts of the cloud monitoring such as abstraction levels and 

their relation with different cloud layers. Further, it is inevitable to see roles that metrics and 

tests have in monitoring model and which methods exist to determine the accuracy of data 

analysis. In this chapter will be also described and discussed the idea of time series data and 

time series classification. 

2.1 Cloud Computing 

Cloud computing can be defined as a style of computing in which dynamically scalable and 

often virtualized resources are provided as a services over the Internet. With the cloud 

computing technology, users use a variety of devices, including PCs, laptops, and 

smartphones, to access programs, storage, and application-development platforms over the 

Internet, via services offered by cloud computing providers [5]. The cloud model is composed 

of five essential characteristics, three service models, and four deployment models [6].  

In the figure 2-1 is given a short review of cloud model characteristics. According to the type 

of provided capability, the NIST
3
 broadly divided the Cloud Computing services into three 

categories, where an infrastructure as a service includes vendor-managed network, storage, 

servers and virtualization layers for a client to run their application and data on [2][7]. Against 

this approach in software as a service solution vendor manages all layers, and in platform as 

a service clients can manage just their apps and data. Considering the location of the Cloud, 

resources and services, in private cloud they are managed within single organization, instead 

of being opened for public use as in public model. Hybrid cloud offers multiple 

deployments composed of more cloud models and allow more capability of a cloud service. 

                                                 

3
 NIST (engl. National Institute of Standards and Technologies) - a federal technology agency that develops and 

promotes measurement standards and technology. 
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Figure 2-1 Cloud computing mode - classification and attributes [7] 

Cloud computing has also a unique set of characteristics defined by NIST which directly 

affect the cloud monitoring system. Table 2-1 shows short description for each of them. 

Table 2-1 Cloud model characteristics description [4] 

On-demand self service Provision of resources without the need for human interaction; 

Broad network access 
Resources available over multiple device types and through 

standardized mechanisms and protocols; 

Resource pooling Pooled and shared resources allocated to consumers on demand; 

Rapid elasticity Resources can be quickly provisioned and released as required; 

Measured service 

Cloud systems automatically measure a consumer's use of 

resources allowing usage to be monitored, controlled and 

reported. 

Virtualization is a basis and a significant key component for this style of computing allowing 

providers more agility and flexibility. Together with automation and standardization, stability 

and usage of all benefits are enabled in cloud environments. 

2.2 The need for monitoring 

Monitoring is an important aspect of systems engineering which allows for the maintenance 

and evaluation of deployed systems. There are a common set of motivations for monitoring 
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applied to virtually all areas of computing, including cloud computing. These include: 

capacity planning, failure or under-performance detection, redundancy detection, system 

evaluation [4], data mining, predictive analytics.  

2.2.1 Basic concepts in cloud monitoring 

Cloud can be modeled in seven layers, controlled by either a cloud service provider or cloud 

service consumer: 

 Facility - at this layer we consider the physical infrastructure comprising the data 

centers that host the computing and networking equipment. 

 Networking - here we consider the network links and paths both in the Cloud and 

between the Cloud and the user. 

 Hardware - here we consider the physical components of the computing and 

networking equipment. 

 Operating System (OS) - at this layer we consider the software components forming 

the operating system of both the host (the OS running on the physical machine) and 

the guest (the OS running on the virtual machine).  

 Middleware - is the natural place to monitor and secure communication between 

various system components because it mediates between the application and the OS.  

 Application - here we consider the application run by the user of the Cloud system.  

 User - at this layer we consider the user of the Cloud system and the applications that 

run outside the Cloud (e.g. a web browser running at the user's premise). [8][9] 

Any SLA between a customer and a cloud provider should clearly confine which of the 

described monitoring and auditing responsibilities are to be undertaken by which party and 

what reports will be made with what frequency, characteristic and specificity [9].  

There are two levels of monitoring in cloud computing: high- and low-level monitoring. Both 

of these levels are necessary.  

 High-level monitoring is related to information on the status of the virtual platform. 

This information is collected at the middleware, application and user layers.  

 Low‐level monitoring is related to information collected by the provider and usually 

not exposed to the cloud service consumer, and it is more concerned with the status of 

the physical infrastructure of the whole Cloud (e.g. servers and storage areas, etc.). So 

for low-level monitoring there are information from the facility layer, from the 
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network layer (e.g., on the security of the entire infrastructure through firewall, IDS
4
 

and IPS
5
), from the hardware layer (e.g., CPU, memory, temperature, workload, etc.), 

from the operating system layer and from middleware layer (e.g., bug and software 

vulnerabilities) [2]. 

Accordingly, for cloud computing there are challenges such:  

 provision of scalability, load balancing, Quality of Services (QoS);  

 provision and guarantee of SLA
6
s; 

 management of large scale, complex infrastructures; 

 analysis of the root causes of end-to-end performance. 

Based on that, forecasting methods can quite good represent what might happen over the 

following time interval. In order to cope with such challenges, accurate and fine-grained 

monitoring and measurement techniques and platforms are required [2]. 

2.2.2 Tests and metrics in monitoring environments 

Considering Cloud service models (Subchapter 2.1), there are many examples of cloud 

metrics such the number of users for SaaS, number of used VMs and their attributes for IaaS, 

or CPU and memory utilization for PaaS. According to [2], monitoring tests can be divided 

into two categories: 

 Computation-based - related to activities aimed at gaining information about the status 

of platforms running Cloud applications. Here are metrics such: CPU speed, CPU 

utilization, memory utilization, disk/memory throughput, delay of message passing 

between processes. They are commonly operated by Cloud Service Provider, and can 

be evaluated with classical statistical methods (mean, median, etc.).  

 Network-based - related to the monitoring of network-layer metrics. It includes: 

packet/data loss, available bandwidth, RTT
7
, capacity, etc.  

                                                 

4
 IDS (Intrusion Detection System) - visibility tool which sit off to the side of the network, monitoring traffic at 

many different points, and provide visibility into the security posture of the network. 
5
 IPS (Intrusion Prevention System) - a network security/threat prevention technology that examines network 

traffic flows to detect and prevent vulnerability exploits. 
6
 SLA (Service-level agreement) - a part of a standardized service contract where a service is formally defined 

between the service provider and the service user. It includes following objectives: availability, response time, 

capacity and capability indicators. 
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A comprehensive and timely monitoring platform is needed to understand where to locate 

problem inside system infrastructure. 

Speaking about monitoring systems, there are unlimited numbers of possible metrics, 

especially within the meaning of Internet of Things paradigm (Figure 2-2). IoT devices have 

sensors that can register changes in temperature, pressure, movements, proximity, humidity, 

sound, light, heart rate, location, etc. Accordingly, monitoring sensors and entire monitoring 

systems are present in: variety type of manufacturing industries, healthcare systems, 

transportation systems, energy supply systems, and many others. Sensors generate huge 

amount of data constantly and among all the types of big data, data from sensors are the most 

widely and are classified to as time series data. For big data analytics and analysis cloud 

storage is necessarily required, because of much more storage capacity and more computing 

power. Thus data collected from sensors need to be transferred to the cloud. Between cloud 

storage and sensors may be intermediaries such as fog
8
 nodes (PCs, Home gateways, 

Notebooks). During data transfer or their collection missing values may appear in collected 

time series for a number of reasons such as: network failure, power failures and other 

unexpected circumstances. 

 

Figure 2-2 Big data collection from different types of sensors [10] 

                                                                                                                                                         

7
 Round-trip time (RTT) - is the length of time it takes for a data packet to be sent plus the length of time it takes 

for an acknowledgment of that data packet to be received. 
8
 Fog computing - proposed with IoT as its background. In its essence represents cloud computing but closer to 

end users, which implies more interactiveness and responsiveness and less capacity and computing power. 
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So there are very large volume of data collected from variety of things with high velocity in 

form of unevenly spaced time series to be transferred to cloud storage for detailed analysis 

and analytics. 

2.3 Time series data 

A time series is a collection and a sequence of data points made over a continuous time 

interval. Each data point consists of time information (timestamp) and one or multiple values. 

Data points are sorted by time within the time series. How to know is some data set a 

candidate for time series? If the time data field makes one data point unique from the other 

data points, then this data set has characteristic of time series. [11] 

The figure 3-1 shows the idea of the time series data. The time span between two data points 

is not necessarily fixed. A monitoring tool that reports measure every two minutes makes a 

time series, but also if reports a data points with unevenly spaced intervals, makes as well a 

time series data set. [11]  

 

Figure 2-3 Time series data concept: a) evenly-spaced ts b) unevenly spaced ts 

There are two main goals of collecting and analyzing ts data. On one hand, time series 

analysis implies different type of statistical methods applied on ts data in order to extract the 

characteristics and to identify the nature and behavior of observed data. On the other hand, a 

forecasting is used largely in ts analysis to predict future values based on previously observed 

data. Forecasting depends usually on amount of an observed data points and on their 

frequency. Statistical methods for ts analysis and forecasting are presented in chapter 3. 
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2.4 Time series classification 

There are a several categories of time series models. Firstly, time series may be divided into: 

 Univariate model of time series - refers to a time series that involve only one variable. 

It consists of single observations recorded sequentially over some time increments. 

Usually is given as a single column of values, and if the data points has equally spaced 

time intervals between, times variable does not to be explicitly used for plotting. 

Example for univariate ts is measuring storage usage by customer in defined period of 

time. 

 Multivariate model of time series- refers to a time series that involves observation and 

analysis of more than one variable at a time. So this model has more parameters, 

whereby become more complex and brings potential errors which affect prediction. In 

multivariate analysis, the technique is used to perform results across multiple 

dimensions while taking into account the effects of all attendant variables [12][13]. 

Example of multivariate ts is growing rates of consumption and income in some 

country in defined period of time. 

Furthermore time series models can be divided into: 

 Stationary time series - their properties do not depend on time at which the series is 

observed. It means there are no trend and no seasonality (i.e. no periodic movement). 

In this case there are no predictable patterns in the long term and after applying 

forecasts method, plots will show the predicted series as a generally horizontal line. 

This series has mainly a constant mean and volatility over time. 

 Non-stationary time series - the mean and the variance of corresponding TS are not 

constant over time. These ts are with trend and/or with seasonality. Some statistical 

methods (e.g. ARIMA described in 3.2.6) are made for stationary series, so it is 

necessary to transform non-stationary into stationary. For that purpose it is inevitable 

to difference
9
 time series data until they become a stationary. [14] 

                                                 

9
 Difference - represents transformations such as logarithms that can help stabilize the mean and the variance of a 

time series eliminating trend and seasonality by removing changes in level of a time series. 
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Accordingly, on figure 2-4 one can see stationary model as well as different patterns of non-

stationary time series. So if there is non-stationary time series with trend and seasonality 

pattern (first graph), then it is possible to decompose that time series in: 

 A trend component (second graph) - shows upward movements and it is nonlinear. 

Otherwise trend can have downward movements and can be linear. This component is 

calculated from the original series using a moving average method (more in 

subchapter 3.2) with a symmetric window. 

 A seasonal component (third graph) - shows a fixed periods in which time series 

fluctuations are repeating. This component is computed by averaging data values for 

each time point over all periods. Periods are usually known at the beginning of 

measuring a certain activity. In this case, on graph are shown periods in length of six 

months during a few years. 

 A residual (random) component (fourth graph) - shows unpredictable movements of 

data points. A random component represents a stationary time series. This component 

is determined by removing trend and seasonal component from the original time series 

(observed).  

 

Figure 2-4 Decomposition of time series 
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So, if the values of data points from each of the components (trend, seasonal and random) 

sum up on each corresponding time point, the result is the original data set shown in the top 

graph (observed). Naturally each of these patterns may occur individually. 

Analysis and prediction methods applied on different type of time series data sets may have 

different results. So, in chapter 4 will be provided detailed analysis about which statistical 

model has better performance on which type of time series data. Additionally, in this paper, 

only univariate models will be considered.  

2.5 Accuracy measures of data analysis and prediction 

The main reason of data collection is getting information about data behavior through data 

analysis and very important forecasting future values. Everything about statistical forecasting 

methods and their application on time series is described in chapter 3. However, it is good to 

know how accurate forecasts are. Does performed forecasting method give good forecast?  

However, it is necessary to evaluate forecast accuracy using different types of accuracy 

methods. Instead of looking at how well a model fits the historical data, the accuracy of 

forecasts can only be registered by considering how well a model performs on new data that 

were not used when estimating the model. Therefore a time series data is commonly divided 

into two parts: training and test data (Figure 2-5). The training data, known as In-Sample data, 

is used for testing purposes i.e. for estimation of the model, and test data, known as Out-of-

Sample data, is used to evaluate the forecasts. The size of test data depends on how long data 

set is and how far ahead we want to forecast [13]. 

  

 

Figure 2-5 Two portion of data set for evaluation forecast accuracy 

There are few commonly used accuracy measures that can be: 

 scale-dependent; 

 scale-independent; 

 scale-free. 

Training data Test data 
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Firstly, let yi denote the ith observation and ŷi denote a forecasts of yi. The forecast errors are 

defined as the difference between the observed/actual values and the forecasts generated using 

the training data. It represents the key concept for forecast accuracy. Considering the forecast 

value, forecast error may be positive or negative. Forecast error is defined as actual value 

minus forecast value: 

 ForecastError = ActualValue - ForecastValue i.e. 

  iii yye ˆ  (2.1) 

Accuracy measures that are on the same scale as the data are called scale-dependent 

measures. Along with this consideration, there are two commonly used scale-dependent 

measures based on the absolute errors and squared errors [13][14]: 

 Mean Absolute Error (MAE) or sometime called Mean Absolute Deviation 

(MAD) - a quantity used to measure how close forecast or predictions are to the 

eventual data. To compute the MAE, sum of the absolute forecast errors are divided 

by number of forecast errors:  





n

i

ii e
n

emeanMAE
1

||
1

|)(|  (2.2)  

where n equals the number of forecast values [13][15]. Positive and negative 

forecast errors may offset one another, but this problem is avoided using absolute 

value. 

 Root Mean Squared Error (RMSE) - a frequently used measure of the 

differences between predicted and the values actually observed. It represents the 

sample standard deviation
10

 of those differences [13][15]. 





n

i

ii e
n

emeanRMSE
1

22 )(
1

)(  (2.3) 

The measures that include percentage are called percentage measures or scale-independent 

measures. The percentage error equation is given below: 

                                                 

10
 Standard deviation - is a measure in statistics that is used to quantify the amount of variation or dispersion of a 

set of data values. 
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The most wide used measures are: 

 Mean Absolute Percentage Error (MAPE) - frequently used to compare forecast 

performance between different data sets. Expresses accuracy as a percentage of the 

error. The first step is computing the percentage error (2.4) between each 

observation and its forecast. Then we compute average of the absolute value of 

percentage errors. 

 



n

i

ii p
n

pmeanMAPE
1

||
1

|)(|  (2.5) 

The result of MAPE is percentage, e.g. if the MAPE is 10, on average, the forecast 

is off by 10%. This measure have the problem if yi=0 for any observation in the 

data set, and may have an extreme value if yi is close to zero [13][16].  

 Mean Percentage Error (MPE) - is the computed average of all the percentage 

errors. It is the very similar to MAPE measure, but here are used actual rather than 

absolute values of the forecast errors. Because of positive and negative forecast 

errors the formula can be used to determine the bias in the forecast values. 
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11

100)
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(
11

)(   (2.6) 

Although percentage errors are scale-independent, and have advantage to compare forecast 

performance between different data series, there is disadvantage of being infinite or undefined 

because it would involve division by zero values in a series. Zero values can be present in a 

variety of metrics in a cloud monitoring measurement as well as in a sensors metrics within 

IoT systems. Accordingly, Rob Hyndman
11

 has introduced in [17] forecast accuracy measure 

that can avoid invalid values by dividing with zero. By comparison with percentage error 

(2.4), scale error is defined as: 

                                                 

11
 Rob J. Hyndman - Professor of Statistics at Monash University, Australia. Credited with many contributions to 

statistical research. 
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  (2.7) 

where nt 1  and n denote number of observations in data series. The following measure, 

called scale-free measure, can be used to compare forecast methods on a single series and also 

to compare forecast accuracy between series. 

 Mean Absolute Scaled Error (MASE) - the measurement suitable for all forecast 

methods and all types of time series. MASE is defined as: 

  



n

t

tt q
n

qmeanMASE
1

1
  (2.8) 

 The situation in which the MASE would be undefined is when all observed values 

are the same. It means that scale error cannot be calculated because of zero 

denominator value. Another advantage is that MASE can be used to compare 

forecast accuracy between series and identifying which group of time series are the 

easiest to forecast. [17] 

All of these measures will be used in evaluating accuracy of applied statistical methods on 

different type of time series. 
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3 USING STATISTICAL METHODS FOR TIME SERIES ANALYSIS 

The purpose of this chapter is to give a comprehensive feedback as a result of analysis of time 

series data using appropriate statistical methods. First of all the R programming language will 

be introduced. Furthermore, the various and commonly used statistical methods will be 

presented and then they will be applied to the time series data sets. 

3.1 The R project for statistical computing 

R is a programming language and free software environment for computational statistics and 

graphics. It represents important tool which provides a lot of variety of statistical and 

graphical techniques in data science in order to comprehensive analysis of data. It allows 

forecasting models to be built, evaluated and visualized. Here are some of features:  

 Classical statistical function and tests (mean, variance, standard deviation, median, 

probability distributions, etc.); 

 Time series analysis (Classical decomposition, Exponential Smoothing, Predictive 

models, ARIMA models); 

 Machine learning; 

 Data visualization (Geographic maps, Simple and advanced graphics: charts, bar plots, 

line plots, correlograms, etc). [18][19] 

The four main languages for Analytics, Data Mining, and Data Science are: R, SAS 

(Statistical Analysis System), Python, and SQL (Structure Query Language). According to the 

Rexer Analytics
12

 survey (Figure 3-1), R is the most popular data mining tool, used at least of 

occasionally by 70% of corporate data miners, consulting data miners and academic data 

miners (green line). Blue line on graph shows that 24% of data miners select R as their 

primary tool. [20][21] 

R can easily manipulate with data in a many formats such as: text files (.txt), excel 

spreadsheets (.xls), CSV (Comma Separated Values), XML (eXtensible Markup Language) 

and other formats native to other software (SPSS, SAS, etc). In this research will mainly be 

used CSV files (created in Excel). CSV files stores data in more fields separated by commas.  

                                                 

12
 Rexer Analytics's Annual Data Miner Survey is the largest survey of data mining, data science, and analytics 

professionals in the industry. 
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Figure 3-1 R language usage over the years  

There are some interesting and big companies that use R such as: Google (improving 

online advertising), Facebook (modeling all sorts of user behavior), Twitter, Caterpillar (cost 

prediction), National Weather Service (flood forecasts) [21]. 

Therefore in the following analysis of time series data, R programming language and 

environment will be used.  

3.2 Statistical methods 

There are various statistical methods for analysis and forecasting purpose. Some well known 

and commonly used are presented below. 

3.2.1 Simple Moving Average 

In time series analysis, moving average method is used for smoothing data to reduce 

fluctuations in data values.  

For example, if there are time series values in data set denoted with  nttttt ,,, 3,21  , and let 

somebody wants to calculate three-point moving average. It considers replacing it  

(where ni 1 ) with ia
 
in an average of current value of it  and its two neighbors in the 

past, what is equal to 

 )(
3

1
12 iiii ttta    , ni 1  (3.1) 
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Similarly one can replace it  in an average of its previous, current and next value, wrote as 

 )(
3

1
11   iiii ttta  ,  ni 1  (3.2) 

The values in the new data set will be completely the same but only shifted one place, because 

the first value in data set does not have predecessor (NA
13

 symbol will be written instead). 

Figure 3-2 shows time series data set before and after application of the Simple Moving 

Average method. The original series consists of a hundred random distributed data points in a 

normal (Gaussian) distribution. The new series shows a smoother version of the original 

series, considering that the slower fluctuations are more evident and so it is easier indicate a 

trend component. 

 

Figure 3-2 Application of Simple Moving Average method 

To estimate the trend more accurately, it is required to use Moving average method with 

higher order, i.e. using more data values in average calculation. 

                                                 

13
 Missing values are represented by the symbol NA (not available). 
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Besides Simple Moving Average method, there are other smoothing methods such as 

Polynomial and Periodic Regression Smoothers, Kernel Smoothing, Smoothing Splines, but it 

will not be considered in this paper. 

3.2.2 Average of past values 

Except using average function for estimating trend of data series, average function can be 

used to predict future values in short term. For example, to predict the next new value in a 

data set, we calculate new value based on all historic values. Base equation is defined as:  

 )(
1

1
21 niiii ttt

i
a  


  , 13  ni  (3.3) 

3.2.3 Simple Exponential Smoothing 

Exponential smoothing is a similar method to Simple Moving Average for smoothing time 

series data. However, they differ in that exponential smoothing takes into account all past 

data, whereas moving average only takes into account defined number of past data points. 

They also differ in that moving average requires that the past defined data points be kept, 

whereas exponential smoothing only needs the most recent forecast value to be kept. 

Therefore, the simplest form of exponential smoothing is given by the formulas: 

 00 xs   (3.4) 

 1)1(  ttt sxs   (3.5) 

0s  the first value from the output of the exponential smoothing algorithm; 

ts   output of the exponential smoothing algorithm; 

1ts
 
 previous output of the exponential smoothing algorithm;  

0t , and   is the smoothing factor where 10  . 

Smoothing is controlled by the parameter alpha ( ) for the estimate of the level at the current 

time point. The value of alpha is between 0 and 1. Larger values of smoothing factor actually 

reduce the level of smoothing, so values of   close to one have less of a smoothing effect and 

give greater weight to recent changes in the data, while values of   closer to zero have a 
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greater smoothing effect and are less responsive to recent changes. When the sequence of 

observations begins at time t=0, the smoothed statistic 0s is equal to the current observation 

x0. For every next time value, the output ( ts ) is a simple weighted average of the current 

observation ( tx ) and the previous smoothed statistics ( 1ts ). 

Exponential smoothing in its basic form should only be used for time series with no 

systematic trend and/or seasonal components. The ts-library in R contains the function which 

lets one perform the Holt–Winters procedure on a time series x: 

 HoltWinters(x, alpha, beta=NULL, gamma=NULL)  

Beta and gamma (used for seasonal component) can be excluded by setting the value of the 

corresponding parameter to zero [22]. They will be used in the next methods.  

3.2.4 Double Exponential Smoothing (Holt's Exponential Smoothing) 

If there is an increasing or decreasing trend and no seasonality in time series model, Holt's 

exponential smoothing is used to make short-term forecasts. Taking into account the 

possibility of a series indicating some form of trend, recursive application of an exponential 

filter is used twice, and therefore is known as Holt-Winters Double Exponential Smoothing. It 

is available through the same function as by previous method:  

 HoltWinters(x, alpha, beta, gamma=NULL) 

Smoothing is controlled this time by two parameters, alpha and beta. For the estimate of the 

level at the current time point alpha is used, and for the estimate of the slope of the trend 

component at the current time point beta is used. Both parameters, alpha and beta, have values 

between 0 and 1, and values that are close to 0 mean that give little weight to recent changes 

and give greater weight to less recent changes in the data when predicting a future values. 

Parameter gamma (for seasonal pattern) can be excluded by setting the value of this parameter 

to zero. [23] 

3.2.5 Triple Exponential Smoothing (Holt-Winters Exponential Smoothing) 

If there is an increasing or decreasing trend and seasonality in time series model, Holt-Winters 

exponential smoothing is used to make short-term forecasts. Taking into account seasonality 

means that there is behavior of time series data that repeats itself every few periods. The 
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method calculates a trend line for the data as well as seasonal indices that weight the values in 

the trend line based on where that time point falls in the cycle of length of period. 

 HoltWinters(x, alpha, beta, gamma) 

Smoothing is controlled by three parameters: alpha, beta, and gamma. Alpha is used to 

estimate the level, beta for the slope of the trend component, and gamma for the seasonal 

component. The all three parameters values are between 0 and 1, and values that are close to 0 

mean that give little weight to recent changes and give greater weight to less recent changes in 

the data when predicting a future values. [23] 

3.2.6 Autoregressive Integrated Moving Average (ARIMA) 

Box and Jenkins develops a systematic class of models called ARIMA models and along with 

exponential smoothing make the two most widely-used approaches to time series 

forecasting [14]. Based on the data collected to the present,  nn xxxx ,,..., 11   the idea is to 

forecast future values mnx  , (m=1, 2,..., k | k ). 

The ARIMA model consists of three parts, an autoregressive (AR) part, an "integrated" part 

(differencing action) and a moving average (MA) part. Models are generally denoted as 

ARIMA (p, d, q) where p is order of the autoregressive part, d is degree of first differencing 

involved (the higher the value of d, the more rapidly the prediction intervals increase in size), 

and q is order of the moving-average part (should not be confused with moving average 

smoothing described in 3.2.1 which is used for estimating the trend of observed values, and 

not for forecasting). For example, a model described as (1, 1, 1) means that that it contains 

one autoregressive parameter and one moving average parameter which was computed for the 

time series after it was differenced once.  

The full model can be written as  

 
tqtqtptptt eeeyycy     1111
 (3.6) 

where: c  = constant, te  = white noise, ty = predictor, 
qp  ,,,,, 11  = parameters that 

have impact on different time series patterns. [14][24] 

There are a few steps, before generating forecasts that are repeated until appropriate model for 

the given data has been identified. Mentioned steps involve: 
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 Model identification. Firstly, it involves plotting data and possible transformation. 

When trend exists in a ts and variability in the data grows with time, it will be 

necessary to transform the data to stabilize the variance. A ts need to be stationary or 

to be transformed into stationary by differencing enough number of times. 

Autocorrelation and partial autocorrelation function may indicate the existence of a 

trend. According to mentioned functions preliminary values of p, d and q are 

estimated.  

 Parameter estimation. Once the parameters of ARIMA model has been specified, the 

function arima() from the ts–library can be used to estimate the parameters: 

 arima(data, order=c(p,d,q))  

Using computation algorithms to arrive at coefficients that best fit the selected 

ARIMA model. Parameters (equation 3.6) c  and phis and thetas (
qp  ,,,,, 11  ) 

are estimated using Maximum Likelihood Estimation
14

.  

 Diagnostic checking - analyze the residuals from the fit for any signs of non–

randomness. If all the autocorrelations and partial autocorrelations are small, the 

model is considered adequate and forecasts are generated. If some of the 

autocorrelations are large, the values of p and/or q are adjusted and the model is re-

estimated. [14][22][24][25]  

3.2.7 Automatic ETS (ExponenTial Smoothing) and automatic ARIMA 

function 

The forecast package in R provides functions for the automatic selection of exponential and 

ARIMA models. 

The models can be estimated in R using ETS function ets() automatically selecting the best 

exponential smoothing method and can handle any combination of trend, seasonality and 

damping. ETS model is described with three-character string where the first letter 'E' denotes 

the error type; the second letter 'T' denotes the trend type; and the third letter 'S' denotes the 

seasonal type. Considering various subtypes of each of mentioned abbreviations (E, T, and S), 

ETS function involves 30 models that can be appropriate to different data set. There are also 

                                                 

14
 Maximum Likelihood Estimation - a method of estimating the parameters of a statistical model given data. For 

a fixed set of data and underlying statistical model, this method selects the set of values of the model parameters 

that maximizes the likelihood function. 
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coef(), plot(), summary(), residuals(), fitted() and simulate() methods for objects of class "ets". 

Function plot() shows time plots in four division and consists of the original time series along 

with the extracted components (level, slope and seasonal) [14].  

ARIMA function auto.arima() returns the best ARIMA model according to algorithm: 

1. The number of differences d is determined using repeated KPSS
15

 tests; 

2. Minimizing AIC
16

, parameters p and q are selected; 

3. Rather than considering every possible combination of p and q, the algorithm uses a 

stepwise search to traverse the model space starting with a simple model and 

considering nearby variants. Algorithm choices driven by forecast accuracy. [14][26] 

3.3 Appliance of statistical methods on time series data 

Here will be applied above described statistical methods for analysis and forecasting time 

series data. Methods are generally divided in two purposes:  

 Time series analysis and short-term forecasting (one or a few future values) - contains 

Moving Average variations and three Exponential smoothing methods. 

 Long-term time series forecasting (multiple future values) - contains ARIMA and ETS 

models. 

Methods are tested on various type of time series data set, and the accuracy measures are 

calculated within each approach. Prediction will always be wrong, but the intention is to keep 

the existing errors as small as possible. 

3.3.1 Moving Average 

Figure 3-3 shows the application of the Simple Moving Average (SMA) method (described 

in 3.2.1) on a specific data set without trend or seasonality pattern. Data set contains 250 data 

points that represent CPU usage during continuous time. The black curve (origin) represents 

the original series of data, and other colors represent SMA methods with a different window 

size: the red one for size of two data points, the blue one for size of four data points and the 

                                                 

15
 Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests are used for testing a null hypothesis that an observable 

time series is stationary around a deterministic trend. 
16

 Akaike information criterion (AIC) - a measure of the relative quality of statistical models for a given set of 

data. It estimates the quality of each model, relative to each of the other models, and provides a means for model 

selection. 
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green one for size of six data points. That means, e.g. for SMA=2, take the average of the two 

points to obtain a value. Further, the window moves one position to the right and again 

calculates average of two values in the data set. This action is repeated as many times until 

reaches the end of data set. Obviously, smoothing is better, when the window size is bigger. 

The green curve represents SMA method with biggest window size (average of six data 

points). 

 

Figure 3-3 Simple Moving Average method with different "window" size  

When we compare the three methods with different window size, obviously, the smallest error 

of all the measures belongs to one with the smallest window (SMA=2). So if a more values 

are taken to calculate the average, error will be larger than if we take only two values. 

 Table 3-1 Accuracy comparison for Moving Average variations  

  MAE RMSE MPE [%] MAPE [%] 

SMA_2 4.5783 6.2919 -19.5131 40.0607 

SMA_4 5.5283 7.4258 -29.4322 52.0319 

SMA_6 5.9435 7.9668 -34.01 57.3638 

In fact, in this case measures of accuracy don't have so important role, because it is a choice 

of how much there is need to smooth the original time series. Moving Average method may 

have an important role in monitoring systems in order to trigger the alert condition for 

specified change in observed values. For example, when cloud service customer configure 
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monitoring tool to notify him when e.g. CPU/memory utilization crosses defined threshold in 

order to avoid growth of application serving latency. Instead of specifying a certain threshold 

(when CPU utilization reaches 60%), it can be specified as percentage change compared to its 

previous values (when CPU utilization changes by more than 40% compared to previous 

observed value). Otherwise every higher and quicker peak above 60% would trigger the alert. 

However, this method can be useful in short term forecasting.  

Below (Table 3-2) is provided comparison between forecasting based on previous three 

values (Three Point Moving Average) and forecasting based on all previous/historic values. 

Below are 15 data points that contains memory utilization metric used from Grid'5000 

clusters collection. The first value in Average Past Values method is taken from the first place 

of the original data set. Each following value is calculated using average function of all 

previous values.  

Table 3-2 Forecast: Average Past Values vs. Three Point Average 

Time-
stamp 

Memory 
usage [MB] 

Forecast I 
(Average 

Past 
Values) 

Forecast 
II (Three 

Point 
Average) 

Absolute 
of 

Forecast I 
Error 

Percent. 
Error [%] 

Absolute of 
Forecast II 

Error 

Percent. 
Error [%] 

1 154.282 
      

2 157.012 154.282 
     

3 169.299 155.647 
     

4 201.6503 160.1977 160.1977 41.4526 20.5567 41.4526 20.55668 

5 172.031 170.5608 175.9871 1.470182 0.8546 3.956076 2.29963 

6 192.5094 170.8548 180.9934 21.65453 11.2486 11.51597 5.982032 

7 158.3771 174.4639 188.7302 16.08685 10.1573 30.35313 19.1651 

8 197.762 172.1658 174.3058 25.59617 12.9429 23.45616 11.86081 

9 159.7427 175.3653 182.8828 15.62262 9.7799 23.1401 14.48586 

10 170.6643 173.6295 171.9606 2.965162 1.7374 1.296267 0.759542 

11 165.2042 173.333 176.0563 8.128802 4.9205 10.85217 6.568945 

12 148.8195 172.594 165.2037 23.77446 15.9754 16.3842 11.00944 

13 167.9344 170.6128 161.5627 2.678407 1.5949 6.371701 3.794161 

14 170.6646 170.4068 160.6527 0.257833 0.1511 10.01189 5.866415 

15 181.5875 170.4252 162.4728 11.16233 6.1471 19.11467 10.52642 

 
TOTAL: 

  
170.85 96.0662 197.9049 112.875 

 
MAE 14.2375 16.4921 

    

 
RMSE 18.5278 19.9325 

    
 MPE [%] 0.6446 0.3582     

 MAPE [%] 8.0055 9.4063     

 MASE 0.6894 0.7986     
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The first value in Three Point Moving Average data set is calculated using first three values 

from original data set. Therefore it can consider values only from the fourth row. Forecast 

errors are calculated by subtracting the original and predicted values, and percentage errors 

are calculated by dividing predicted with original values and then multiplied with 100. Based 

on described accuracy measurements in subchapter 2.5, at the bottom of the table results are 

presented. Average Past Values method has lower errors. Although MPE indicates better 

result for other method, in its calculation it uses negative and positive percentage error, so 

they can offset each other and thus create a seemingly better result. 

Figure 3-4 shows graphic view of original time series (black curve), the forecast made with 

average of past values (red curve), and the forecast made with three point average method 

(green curve). Although it seems that Three Point Average method has more fluctuations and 

follows better original data set, Average Past Values method has a better accuracy, i.e. the 

smaller error. Nevertheless, increasing the number of observations makes forecast less 

sensitive to changes.  

 

Figure 3-4 Forecast: Average Past Values vs. Three Point Average 

3.3.2 Simple Exponential Smoothing, ETS and ARIMA models  

As the previous one (SMA method), Simple Exponential Smoothing method may be used for 

smoothing data series. Figure 3-5 shows application of the SES method with different value 

for alpha parameter. As described in the sub sub-chapter 3.2.3, the alpha parameter has a role 

of smoothing constant. The graph shows the time series of CPU utilization data as in the 

previous example. The actual values are marked with a black curve. The red curve is the 

result of the SES method in which the value of the parameter alpha is 0.2 and the blue curve 

in which the value of parameter alpha is 0.6. Considering that alpha parameter can take value 
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from 0 to 1, it can be seen that the forecasted values fit better the actual values if the 

parameter alpha is closer to 1. 

 

 Figure 3-5 Simple Exponential Smoothing on CPU utilization data 

However, instead of looking at how well a SES output (red and blue curves) corresponds to 

the actual data, the accuracy of matching may easier be understood by forecasting and 

considering how well a SES output performs on those data that were not used when 

estimating the SES output data.  

Accordingly, on figure 3-6 is shown forecasting of 30 new data points based on historical 250 

data points. Considering that time series data has stationary characteristic, it is not possible to 

predict future fluctuations, but only the areas that will cover future values with high 

probability. The light gray area indicates 95% of probability of covered future fluctuations, 

and dark gray area indicates 80% of that probability. Based on the mean value between the 

upper and lower bounds, the constant line of prediction for new 30 values is calculated. This 

allows the calculation of prediction accuracy. Once the values are calculated, the actual values 

of those data points are loaded and plotted (black curve on the interval [251-280]).  
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 Figure 3-6 Simple Exponential Smoothing - forecast 

Table 3-3 shows forecast accuracy measures which tell how well SES forecast fits the actual 

values. MASE value is close to zero. In this case the forecasts (blue line) fit very well the area 

of original values. These measures will make sense when they compare with measures as a 

result of other methods. 

Table 3-3 Forecast Accuracy I 

  MAE RMSE MPE [%] MAPE [%] MASE 

SES 3.6895 4.3012 -23.4992 31.1499 0.4029 

 

Furthermore, on the same time series data was applied one of the ARIMA models. Figure 3-7 

shows the case when ARIMA function calculates the prediction of new 30 data points. The 

auto.arima() function is used to find the appropriate ARIMA model which gives 

ARIMA (1,1,1). Description of the previous graph (Figure 3-6) applies to this graph too. They 

differ only in different predicted values. The forecast function gives the prediction of the 

memory utilization for the next thirty data points [251-280], as well as 80% and 95% 

prediction intervals for those predictions. 
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 Figure 3-7 Auto ARIMA - forecast 

As in the case of SES method, the idea is to investigate forecast accuracy values. Table 3-4 

now shows accuracy values for both applied functions (SES and ARIMA). One can see that 

the ARIMA function have less error in all measures of accuracy and thereby it has better 

predictions, i.e. the predicted values are closer to the actual values.  

 Table 3-4 Forecast accuracy II 

  MAE RMSE MPE [%] MAPE [%] MASE 

SES 3.6895 4.3012 -23.4992 31.1499 0.4029 

ARIMA 3.5223 4.1398 -20.7597 29.4622 0.3847 

 

Furthermore, ETS method can be applied on the same data. Figure 3-8 shows the case when 

ETS method is used to forecast values for the same period. The ets() function is used to find 

the appropriate ETS model which gives ETS (A, N, N). This model represents Simple 

Exponential Smoothing method with additive errors. As it writes in subchapter 3.2.7, there are 

many models that can be appropriate for a specific data set. 
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 Figure 3-8 ETS - forecasts 

As it can be read from the accuracy values (Table 3-5), the ETS (A, N, N) model is most 

successful in prediction in comparison with two other methods applied on same type of time 

series data set. Especially MASE value has become closer to zero. From this point of view, 

within the ETS models can be found a method with the lowest error value after its application 

on this type of time series data without trend or seasonality pattern. 

 Table 3-5 Forecast accuracy III 

  MAE RMSE MPE [%] MAPE [%] MASE 

SES 3.6895 4.3012 -23.4992 31.1499 0.4029 

ARIMA 3.5223 4.1398 -20.7597 29.4622 0.3847 

ETS 3.4159 3.9485 -17.276 27.9299 0.373 

 

3.3.3 Double Exponential Smoothing 

This method, known as Holt's exponential smoothing, is applied on time series data with 

increasing trend. Figure 3-9 contains two graphs and shows the results of applying this 

method. In the first graph (upper one) are plotted the actual values (as the black line), and the 

forecasted values (as the red line) on top of that, where the few first values are missing 

because they require a certain amount of original values before. The second graph (lower one) 

shows the forecast for future periods that are not covered by using training data. The forecasts 

are shown as a blue line, with the 80% prediction intervals as a dark gray shaded area, and the 
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95% prediction intervals as a light gray shaded area. The estimated value of alpha is 0.79, and 

of beta parameter is 0.56. The first one is high, and tells that the estimate of the current value 

of the level of the trend component is based mostly upon recent observations. The second 

parameter beta is on a half of its range, tells that the estimate of the current value of the slope 

of the trend component is not based only on recent but also on the slightly older observations 

in the time series. 

 

Figure 3-9 Double Exponential Smoothing (Holt's) - forecasting 

After test data (as a part of original data series) are loaded and plotted, forecast accuracy 

measures are calculated which is shown in the table 3-6. It can be noted that only MASE 

value can be compared to the previous MASE value calculated over different time series data. 

Table 3-6 Holt's Exponential Smoothing (trend pattern) - forecast accuracy 

  MAE RMSE MPE [%] MAPE [%] MASE 

Holt's 1114.978 1309.775 -6.7749 6.7749 4.1446 

 

3.3.4 Triple Exponential Smoothing 

This method, known as Holt-Winters exponential smoothing, is applied on time series data 

with trend and additive seasonal component. Figure 3-10 contains forecast values on top of 

actual values and forecast for future periods. To make forecasts, a predictive model is 
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calculated using the same HoltWinters() function, but this time including the all 

parameters: alpha, beta and gamma. The estimated values of alpha, beta and gamma are 0.22, 

0.03, and 0.61. The value of alpha (0.22) is relatively low, indicating that the estimate of the 

level at the current time point is based upon both recent observations and some historic values 

in the more distant past. The value of beta is 0.03, indicating that the estimate of the slope 

beta of the trend component is updated very slowly over the time series, and is set almost to 

its initial value. That means that the level changes quite a bit over the time series, but the 

slope of the trend component remains almost the same. In comparison to these two 

parameters, the value of gamma (0.61) is higher, indicating that the estimate of the seasonal 

component at the current time point is based upon recent observations and on the slightly 

older observations in the time series.  

As for Holt's exponential smoothing, in the first graph the original time series is plotted as a 

black line and the forecasted values on top of that as a red line. This method is very good in 

predicting the seasonal outliers with slightly trend, so in second graph are forecasts (blue line) 

calculated for future times, and the dark gray and light gray shaded areas for 80% and 95% 

prediction intervals. 

 

Figure 3-10 Triple Exponential Smoothing (Holt-Winters) - forecasting 
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After test data are loaded and plotted, forecast accuracy measures are calculated and are 

shown in table 3-7. In comparison with the previous table, MASE measure has much lower 

value which indicates a good forecast. 

Table 3-7 Holt-Winters Exponential Smoothing (trend + seasonal pattern) - forecast accuracy 

  MAE RMSE MPE [%] MAPE [%] MASE 

Holt-Winters 2.7366 3.3938 -1.4059 2.4867 0.3381 
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4 DEPENDENCE OF FORECAST ACCURACY ON VARIOUS 

FACTORS 

In this chapter are covered impacts of two factors on the accuracy of forecasting: 

 Time series data pattern - the impact of the recognized pattern in a given data set on 

forecast accuracy. It includes the most common patterns: trend, seasonal and their 

combination. 

 Amount of data points - for each pattern are used two different sizes of data set. The 

first size covers less data points (tens of data points), and the second size covers more 

data points (three to five times more than the first approach) of the same data set. In 

both cases the same length of the future values are predicted. 

4.1 Time series, trend pattern 

The first type of tested time series is with non-linear trend pattern. Testing consists of four 

graphs divided in two images. The first image (Figure 4-1) shows the use of ETS and ARIMA 

models to a less data points (20). Y-axis shows the observed values during the continuous 

time (x-axis). By calling ets() function over the training set, the ETS is applied (A,A,N) - 

Holt's linear method with additive errors model, with smoothing parameters alpha=0.55 and 

beta=0.41. ARIMA (0, 2, 1) is obtained during the selection of the ARIMA models.  

 

Figure 4-1 Trend pattern (less data) - forecasting with ETS and ARIMA 
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In case of the same forecast, but based on more data points (60), the ETS (M, A, N) model is 

selected, i.e. Exponential trend method with multiple errors. The smoothing parameters have 

the following values: alpha=0.99 and beta=0.33. The value of alpha (0.99) is very high, 

indicating that the estimate of the level at the current time point is based upon only very 

recent observations. The value of beta is 0.33, indicating that the estimate of the slope beta of 

the trend component is based upon both recent observations and some historic values in the 

distant past. ARIMA function has recognized the same model as in previous with 

parameters (0, 2, 1), i.e. it has zero autoregressive parameters and one moving average 

parameters which was computed for the time series after differencing two times. 

 

 Figure 4-2 Trend pattern (more data) - forecasting with ETS and ARIMA 

After test data are loaded and plotted, forecast accuracy measures are calculated and are 

shown in table 4-1. The ARIMA model has the best results for both data sets with less and 

with more data points. Letters in parentheses denote: L for less data points and M for more 

data points. Considering the results provided in 3.3.3, these results remain better. 

Table 4-1 Trend forecasting, impact of amount of data 

  MAE RMSE MPE [%] MAPE [%] MASE 

ETS (L) 1337.504 1556.656 -8.1299 8.1299 2.9101 

ARIMA (L) 864.5333 1048.716 -5.2463 5.2463 1.8811 

ETS (M) 878.4758 1063.903 -5.3312 5.3312 3.2655 

ARIMA (M) 834.0954 1015.571 -5.0609 5.0609 3.1005 
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4.2 Time series, seasonal pattern 

The second type of tested time series is with seasonal pattern. Testing consists of four graphs 

divided in two images. The first image (Figure 4-3) shows the use of ETS and ARIMA 

models to a less data points (72) which represent hourly temperature observations during the 

four weeks. By calling ets() function over the training set, the following smoothing 

parameters are used: alpha=0.89 and beta=0.10. The value of alpha (0.89) is high, indicating 

that the estimate of the level at the current time point is based upon very recent observations, 

while the value of beta (0.10) indicates that the estimate of the slope beta of the trend 

component is based on both recent observations and old historic values in the more distant 

past. ARIMA (2, 0, 3) is obtained during the selection of the ARIMA models, i.e. it has two 

autoregressive parameters and three moving average parameters which was computed for the 

time series with no need for differencing.  

 

 Figure 4-3 Seasonal pattern (less data) - forecasting with ETS and ARIMA 

In case of the same forecast, but based on more data points (312), the ETS model has the 

following values for smoothing parameters alpha = 0.9996, beta = 0.0043 and gamma=3*10
-4

. 

The value of alpha (0.9996) is very high, indicating that the estimate of the level at the current 

time point is based upon only very recent observations. The value of beta is 0.0043, indicating 

that the estimate of the slope of the trend component is almost not updated over the time 
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series, which means that the trend does not change over time. The value of gamma (3*10
-4

) is 

very small, indicating that the estimate of the seasonal component at the current time point is 

based upon both recent observations and almost all historic values in the more distant past. 

ARIMA function has recognized ARIMA (4, 0, 3) model. 

 

 Figure 4-4 Seasonal pattern (more data) - forecasting with ETS and ARIMA 

After test data are loaded and plotted, forecast accuracy measures are calculated and are 

shown in table 4-2. The ETS model has the best results for both data sets with less and with 

more data points. Letters in parentheses denote: L for less data points and M for more data 

points. 

Table 4-2 Seasonal forecasting, impact of amount of data 

  MAE RMSE MPE [%] MAPE [%] MASE 

ETS (L) 1.5022 1.9602 2.7419 6.4687 0.9879 

ARIMA (L) 3.2869 4.197 11.3432 11.6391 2.1616 

ETS (M) 1.7995 2.2361 6.986 7.2024 1.4078 

ARIMA (M) 2.9303 3.8478 9.8334 10.3225 2.2924 
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4.3 Time series, trend & seasonal pattern 

Time series that has increasing or decreasing trend and seasonality is tested in this subchapter. 

The same data set is already tested by Triple exponential smoothing method (in 3.3.4), but 

here is tested against ARIMA and ETS models. Figure 4-5 shows its application to a set of 36 

data points collected over three years, and provides the new 12 data values for the next period. 

Therefore this graph contains a total of 48 plotted values for the 48 months and they are 

transformed and marked on the x-axis within current year. By calling ETS function over this 

data set, the estimated values of alpha, beta and gamma are alpha=0.3051, beta=0.00 and 

gamma=10
-4

. The value of alpha (0.3051) is low, indicating that the estimate of the level at 

the current time point is based upon both recent observations and some observations in the 

distant past. The value of beta is 0.00, indicating that the estimate of the slope of the trend 

component is not updated over the data set. The value of gamma (10
-4

) is very low, indicating 

that the estimate of the seasonal component at the current time point is based upon both recent 

observations and almost all historic values in the more distant past. Forecasts calculated by 

ETS and ARIMA function fits very well the original data points that were not used when 

estimating model. 

 

Figure 4-5 Trend+seasonal pattern (less data) - forecasting with ETS and ARIMA 

In case of the same forecast, but based on more data points (96) which represents observed 

values during the eight years, the applied ETS model has the following values for smoothing 
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parameters alpha = 0.2722, beta = 0.0066 and gamma=10
-4

. The values are very similar to the 

parameters in the previous ETS model. Here is a slightly trend in time series more evident. 

 

 Figure 4-6 Trend+seasonal pattern (more data) - forecasting with ETS and ARIMA 

After test data are loaded and plotted, forecast accuracy measures are calculated and are 

shown in table 4-3. The ETS model has the best results for both data sets with less and with 

more data points. Letters in parentheses denote: L for less data points and M for more data 

points. Considering the results from Triple exponential smoothing method provided in 3.3.4, 

these results remain better. 

Table 4-3 Trend+seasonal forecasting, impact of amount of data 

  MAE RMSE MPE [%] MAPE [%] MASE 

ETS (L) 2.3629 3.2335 1.1537 2.1258 0.2447 

ARIMA (L) 3.5571 4.1205 2.1915 3.2264 0.3683 

ETS (M) 1.8668 0.4402 0.4402 1.6837 0.2306 

ARIMA (M) 2.7564 3.4258 -1.6293 2.5325 0.3405 

 

4.4 Results of testing 

Speaking about the analysis or short-term forecasting, there are mostly used some of the 

exponential smoothing methods or some variations based on the moving average method, i.e. 
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it is unnecessary to call complex functions such as auto.arima() or ets(), because they require 

a certain time and computation resources to calculate and choose the best model. Thus, it may 

be used the specific method for short term forecasting. 

Figure 4-7 shows a flow chart to select the appropriate and specific method. Both the Moving 

Average and the Exponential smoothing are in its essence smoothing techniques, but 

exponential smoothing methods require subjectively chosen smoothing constant alpha and 

then in accordance with an existing pattern, different variations of exponential smoothing 

techniques are used.  

Exponential 

Smoothing 

methods

trend?

Simple 

Exponential 

Smoothing

Seasonality?

Double 

Exponential 

Smoothing

Triple 

Exponential 

Smoothing

Moving Average 

Time-series data

N-point Average 

variations

Average Past 

Values

Seasonality?

no

no yes

yes

no

 

Figure 4-7 Method selection for time series analysis or short term forecasting 

Forecasting methods mainly assume that future will be like the past. The first thing that needs 

to be done is to see how the time series behaves in the past. Therefore, the pattern should be 

recognized in observed values. According to the already identified pattern, the appropriate 

model by the ETS or ARIMA collection can be easily applied. 

Table 4-4 shows the results obtained during the application of forecast methods on specific 

patterns. Thus on the stationary type of data, which has a constant mean, variance and 

covariance (i.e. without trend and seasonal pattern), the best effect has some of the ETS 

model recommended via ets() function already built-in in R. Considering other time series 

with the existing patterns, the best result give some of ETS models except for those with the 

trend pattern. ARIMA models are better suited for those time series with a non-linear trend 

pattern. The methods has the same forecast results on both less and more data points for each 
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pattern, where less data refers to a several tens of data points, and more data refers to two to 

five times more data points in comparison to less data. 

Table 4-4 Model selection - time series forecasting 

   ETS ARIMA 

Stationary 
 

+ 
 

Non-
stationary 

trend pattern (less data) 

 
+ 

trend pattern (more data) 
 

+ 

seasonal pattern (less data) + 
 seasonal pattern (more data) + 
 trend+seasonal pattern (less data) + 
 trend+seasonal pattern (more data) + 
 

Previous table can be shown in a flow chart diagram (Figure 4-8) starting with the time series 

data. One approach is to check whether there is a trend in the time series data, and then is 

checked whether exists some periods (seasonal pattern). A series of responses leads to the 

selection of method from the appropriate set of models that can be applied on time series data. 

Time series data

trend? ETS modelsyesseasonal? seasonal? yes

no

ARIMA models

no

ETS models

yes

ETS models no

 

Figure 4-8 Model selection - time series forecasting 
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5 UNEVENLY SPACED TIME SERIES ANALYSIS 

Accordingly to the previous results, the aim of the last chapter is to make a function that will 

automatically fill the gaps in forwarded unevenly spaced time series data set, i.e. based on 

figure 4-8 the best fitted forecasting model will be used to predict missing values. Far away 

from the use of forecast functions, there are several obstacles that need to be solved: 

 How to find where within time series the forecast is required? 

 How to detect an amount of missing values? 

 Are there more missing values in a sequence or only one missing value or multiple missing 

values on different indexes? 

 If there are more missing values, how to detect stationarity/pattern in past data points?  

5.1 Novel function explanation 

Figure 5-1 represents flow chart diagram for the new function that automatically fill the gaps 

in unevenly spaced time series data. Missing values are represented in R by the NA
17

 

symbol. NA is a logical constant of length 1 which contains a missing value indicator. It 

represents one of the very few reserved words in R. The generic function is.na() indicates 

which elements are missing and it will return a logical vector the same length as its argument. 

Along with which() function it is possible to know the indexes of the missing values [27]. 

When all the indexes of the missing values are in one vector, it is easy to count a number of 

missing values with length() function. One step forward, in order to fill all missing values 

there is need to check for multiple gaps within time series. Along with recursive 

implementation of function, each subsequent function call separates the upcoming gap for its 

calculation. 

Furthermore, most demanding task is to detect stationary time series or to detect existing 

pattern for non-stationary time series. Considering that in the unevenly spaced time series 

exists only one missing value, there is no need for calling ETS or ARIMA function which 

implies a certain period of time and a certain complexity of computation. Therefore some 

simpler function presented in subchapter 3.2 can be used for that case. Firstly it will be 

discussed the case if there is more than one missing value in a sequence.  

                                                 

17
 NA - stands for Not Available. 
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First of all, the fact is that automation process of decision-making in detecting type of the 

time series data depends of probability and subjectively selected threshold values. Generally, 

the process is focused on testing the null hypothesis
18

 of stationarity against the alternative of 

a unit root
19

. There are a few functions built-in in R environment for detecting stationarity, 

and Kwiatkowski–Phillips–Schmidt–Shin (KPSS) test is used because of opportunity for 

testing time series data on two different null hypotheses. Null parameter at function call 

indicates the null hypothesis and must be one of "Level" (default) or "Trend". Simpler, level 

stationary means that the data is like white noise, and trend stationary means "stationary 

around a deterministic trend" (straight line time trend with stationary errors), i.e. the trend 

cannot be stationary, but the detrended
20

 data can be stationary. So, assuming that 5% of 

significance value is used, if the null hypothesis is trend stationarity and the p-value is smaller 

than 0.05, then the null is rejected, i.e. the process is not trend stationary. On the other side, if 

calculated p-value is greater than 0.05, then there is no evidence that it is not trend stationary. 

[28][29]  

Further, non-stationary time series with trend pattern, on which the ARIMA forecast function 

gives best results (smallest error), may be detected using KPSS test (for both trend and level 

stationary null hypothesis) on all data points before the first of missing values. Only for this 

type of time series data, p-values from both KPSS test are smaller than specified significance 

level of 5%, i.e. both null hypothesis are rejected. Therefore, accordingly to figure 4-8, 

ARIMA forecast function will be used. In other cases ETS forecast function will be used.  

Additionally, if both or only one of the hypotheses is not rejected, seasonality needs to be 

checked. Often in collecting time series data, if the observations are periodically in a certain 

time interval (seasonal process), the period of data is known. But in some cases it can be 

difficult to know the period of seasonality in collected time series, i.e. the period is unknown. 

Considering that forecast function requires a certain period in time series (if there is seasonal 

pattern), in the forecast package in R is the built-in function find.frequency() that 

                                                 

18
 Null hypothesis - refers to a general statement in statistics and proposes that no statistical significance exists in 

a set of given observations. It is the commonly accepted fact and the opposite of the alternate hypothesis. 

Considering calculated p-value (probability value) and threshold for p value (significance value of the test, 

traditionally 5%), the null hypothesis is rejected or disproved. 
19

 Unit root - if the null hypothesis denotes that the process is trend-stationary, then the alternative hypothesis 

denotes that the process has a unit root. (KPSS test) 
20

 Detrended data - as a result of detrend function, it computes the least-squares fit of a straight line (or 

composite line for piecewise linear trends) to the data and subtracts the resulting function from the data, i.e. 

removes the mean or (piecewise) linear trend from time series. 

http://www.statisticshowto.com/what-is-an-alternate-hypothesis/
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automatically returns a period of time series based on estimation of spectral density. If the 

function returns value of 1 that means that seasonality does not exist and time series has not 

seasonal pattern [30]. 

Detection of 

index/indexes   

for missing 

value/values

One missing 
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Figure 5-1 Flow-chart diagram - fill_gaps() function 

On the other side, if there is only one missing value, with regard to figure 4-7 solutions are: 

 For stationary time series will be used average of several past values. In detecting 

stationarity, there are demands to not reject null hypothesis for level stationarity and 
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for time series without periods (if the find.frequency() returns value of 1). The second 

demand is required because some seasonal pattern can have level stationarity. 

 If time series is not stationary, it is necessary to check one more time the number of 

detected periods for seasonality pattern. Consequently, if periods exist then frequency 

is set and one missing value is estimated with Holt-Winters (3.2.5) function. 

 Otherwise there is a trend pattern in time series and Holt's (3.2.4) forecasting function 

is used 

5.2 Testing examples 

Figure 5-2 shows the first example of applying the new function and shows two graphs. The 

first graph represents a seasonal pattern within an unevenly spaced time series, i.e. time series 

that has a sequence of missing values. The black line represents time series data, and in the 

place where the line is interrupted are missing values. Forecasts for the missing values are 

drawn in the second graph and marked with red line. Besides the place where the missing 

values are placed, one can see intermittent black line as actual values for this gap. Forecasted 

values (red line) fit fairly good actual values, but the fact is that in the real life situations it 

will never know the actual values behind missing values. The actual values are here because 

of forecast accuracy calculation. For this case ETS function is selected with regard to model 

selection (provided in Table 4-4) for the recognized seasonal pattern. 

 

Figure 5-2 Function fill_gaps() applied on unevenly spaced ts with seasonal pattern 
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Considering that ETS function is used for missing values prediction, it would be useful to see 

how ARIMA function will predict the same missing values. Table 5-1 proves that ETS 

function gives the best results, i.e. the smallest error, as is presented in subchapter 4.4 for this 

seasonal pattern. 

Table 5-1 Forecast accuracy comparison for missing values (1) 

  MAE RMSE MPE [%] MAPE [%] MASE 

ETS 2.3051 2.9339 2.7443 10.8251 1.8969 

ARIMA  5.0651 6.3149 -32.8439 36.7133 4.1682 

Figure 5-3 shows the same concept as well as in the previous figure, but in this case there are 

missing values within time series with non-linear trend pattern. As in the previous example, 

red line in the second graph represents forecasted values with quite good prediction in 

comparison with actual values (dashed black line). 

 

Figure 5-3 Function fill_gaps() applied on unevenly spaced ts with trend pattern 

Considering that ARIMA function is used for missing values prediction, it would be useful to 

see how ETS function will predict the same missing values. Table 5-2 proves that ARIMA 

function gives the best results, i.e. the smallest error, as is presented in subchapter 4.4 for time 

series with this trend pattern.  



 

46 

Table 5-2 Forecast accuracy comparison for missing values (2) 

  MAE RMSE MPE [%] MAPE [%] MASE 

ETS 564.4984 599.5496 10.9692 10.9692 4.1218 

ARIMA  534.75 572.4801 10.4016 10.4016 3.9046 

 

At the end, in order to fully utilize potential of recursive function, there can be multiple gaps 

in unevenly spaced time series. Figure 5-4 shows seasonal pattern with three gaps. First two 

gaps consist of only one missing value, and the third gap consists of a sequence of missing 

values. The second graph shows evenly-spaced time series with predicted values for those 

gaps. Holt-Winters is selected for calculating one missing value, whereas the ETS function is 

selected to predict more missing values in a sequence.  

 

Figure 5-4 Function fill_gaps() applied on time series with multiple gaps 

Source code for the implemented fill_gaps() function one can find in appendix "Codes from 

the R environment". 
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6 CONCLUSION 

Analysis of time series with missing values, i.e. with unevenly spaced time series, brings a 

certain error. This paper presents a function for analyzing unevenly spaced time series, i.e. 

replacing missing values with predicted values based on the best fitted forecasting models 

along with recognized patterns. Unevenly spaced time series are with this function 

transformed into evenly spaced time series, in order to achieve better accuracy in future 

analysis of observed data set. Before the implemented function, a careful analysis of evenly 

spaced time series is provided. Most widely used statistical forecasting methods are tested on 

generally different type of time series and accuracy errors are compared. Along with results, 

the best fitted forecasting method of the corresponding type of time series forms the basis for 

automated recursive function in predicting both one missing value and more missing values 

present in the unevenly spaced time series. 

Test more datasets from different sources and fields in order to confirm wide appliance of 

implemented algorithm. Include some additional factors that have impact on the forecast 

accuracy. Explore other methods for pattern recognition in order to take a better decision to 

choose one of the prediction methods. Additionally, explore implementation of unevenly 

spaced time series analysis (provided in chapter 5) in other appropriate programming 

languages and compare performance of implementation in order to achieve better efficiency 

in its execution. 
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8 ABSTRACT AND KEYWORDS 

Abstract 

Missing values may appear in collected time series for a number of reasons such as: network 

failure, power failures and other unexpected conditions during data transfer or their 

collection what creates a challenge when trying to analyze such data. Accordingly, there is 

need for reconstructing these missing values and gaps, i.e. to do transformation from 

unevenly spaced into evenly spaced time series, but based on the best fitted forecast method. 

Several types of time series are generally distinguished, including stationarity time series 

(e.g. white noise) and different patterns in non-stationary time series such as: trend, seasonal 

and a combination of them. By selecting a forecasting method that has the best accuracy (the 

smallest error) for adequate and recognized type of time series, an automated recursive 

predicting function is presented. An important factor in determining the best forecasting 

method involves the different forecast accuracy measures.  

Keywords 

Time series data; Unevenly spaced time series; Time series forecasting; Forecast error 

measures
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Sažetak 

Nedostajuće vrijednosti mogu se pojaviti unutar vremenskih nizova iz različitih razloga kao 

što su: gubici u mreži, nestanak struje i druge neočekivane okolnosti tijekom prijenosa 

podataka ili njihovog prikupljanja, što stvara izazov pokušavajući kasnije analizirati takve 

podatke. Prema tome postoji potreba za rekonstrukcijom tih nedostajućih vrijednosti i 

praznina, tj. napraviti transformaciju iz vremenskog niza s nejednolikom vremenskom 

raspodjelom u vremenski niz s jednolikom vremenskom raspodjelom izmeĎu promatranih 

podataka, i to na osnovu najbolje pristajuće metode za predviĎanje. Nekoliko vrsta 

vremenskih nizova se generalno razlikuje, uključujući stacionarne vremenske nizove (kao npr. 

bijeli šum) i različite uzorke u ne-stacionarnim vremenskim nizovima kao što su: trend, 

sezonalnost i njihova kombinacija. Odabirom metode za predviĎanje vrijednosti koja ima 

najbolju točnost (najmanju grešku) za adekvatnu i prepoznatu vrstu vremenskog niza, 

automatizirana rekurzivna funkcija za predviĎanje je predstavljena. Važan faktor u 

odreĎivanju najbolje metode za predviĎanje vrijednosti uključuje različite mjere točnosti. 

Ključne riječi 

Podaci vremenskih nizova; Vremenski nizovi s nejednolikom vremenskom raspodjelom; 

PredviĎanje podataka vremenskih nizova; Mjere točnosti predviĎanja 
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9.4 Codes from the R environment 

During this research, I used mainly existing time series data sets collected from various 

sources and they are processed mainly in the R environment. Below are codes in R for each 

graph that shows appliance of different methods on data sets. 

Figure 2-4 Decomposition of time series 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 

seastrend <- read.csv("C:/Users/.../trseas.csv") 
seastrend_ts <- ts(seastrend, frequency=12, start=c(1967, 8) 
seastrend_components <- decompose(seastrend_ts) 
plot(seastrend_components) 

Figure 3-2 Application of Simple Moving Average method 

Source of data: Random generated within R 

v = rnorm(100,0,10) 
plot.ts(v, main="The random normal distribution", ylab="Values") 
f = filter(v, sides=1, rep(1/3,3)) # moving average 
par(mfrow=c(2,1)) #splits the graphics window into 2 regions 
plot.ts(v, main="The random normal distribution", ylab="Values") 
plot.ts(f, main="Three-point moving average", ylim=c(-20,20), ylab="Values") 

Figure 3-3 Simple Moving Average method with different "window" size  

Source of data: Planetlab traces. CPU usage of servers. 

https://github.com/beloglazov/planetlab-workload-traces 

library(TTR) 
library(forecast) 
CPU <- read.csv("C:/Users/.../planetlab_CPU.csv") 
CPU_ts <- ts(CPU) 
plot.ts(CPU_ts, main="CPU utilization, Moving Average", xlab="time [s]", ylab="CPU 
usage [%]") 
CPU_ts_SMA2 <- SMA(CPU_ts, n=2) 
CPU_ts_SMA4 <- SMA(CPU_ts, n=4) 
CPU_ts_SMA6 <- SMA(CPU_ts, n=6) 
lines(CPU_ts_SMA2, col="red", lwd=2) 
lines(CPU_ts_SMA4, col="blue", lwd=2) 
lines(CPU_ts_SMA6, col="green", lwd=2) 
legend(-8.8,70.6, c("origin", "SMA=2", "SMA=4", "SMA=6"), lty=c(1,1,1,1,1), 
lwd=c(3, 3, 3, 3, 3), col=c("black", "red", "blue", "green")) 
accuracy_CPU_SMA2 <- accuracy(CPU_ts_SMA2, CPU_ts) 
write.csv(accuracy_CPU_SMA2, file='accuracy_CPU_SMA2.csv') 
accuracy_CPU_SMA4 <- accuracy(CPU_ts_SMA4, CPU_ts) 
write.csv(accuracy_CPU_SMA4, file='accuracy_CPU_SMA4.csv') 
accuracy_CPU_SMA6 <- accuracy(CPU_ts_SMA6, CPU_ts) 
write.csv(accuracy_CPU_SMA6, file='accuracy_CPU_SMA6.csv') 
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Figure 3-4 Forecast: Average Past Values vs. Three Point Average 

Source of data: Grid Workloads Archive. Grid'5000 job submissions. 

http://gwa.ewi.tudelft.nl/datasets/gwa-t-2-grid5000 

Made in MS Excel. 

Figure 3-5 Simple Exponential Smoothing on CPU utilization data 

Source of data: Planetlab traces. CPU usage of servers. 

https://github.com/beloglazov/planetlab-workload-traces 

CPU <- read.csv("C:/Users/.../planetlab_CPU.csv") 
CPU_ts <- ts(CPU) 
plot.ts(CPU_ts, main="CPU utilization", xlab="time [s]", ylab="CPU usage [%]") 
CPUtsforec1 <- HoltWinters(CPU_ts, beta=FALSE, gamma=FALSE, alpha=0.2) 
CPUtsforec2 <- HoltWinters(CPU_ts, beta=FALSE, gamma=FALSE, alpha=0.6) 
write.csv(CPUtsforec2[1], file='CPUtsforec2.csv') 
CPUtsforec2 <- read.csv("CPUtsforec2.csv") 
plot(CPUtsforec1, main="CPU utilization, Simple Exponential Smoothing", xlab="Time 
[s]",lwd=2) 
lines(CPUtsforec2[2],col="blue",lwd=2) 
legend(-7.8,70.6, c("actual", "SES (alpha=0.2)", "SES (alpha=0.6)"), lty=c(1,1), 
lwd=c(3, 3, 3), col=c("black", "red", "blue")) 

Figure 3-6 Simple Exponential Smoothing - forecast 

Source of data: Planetlab traces. CPU usage of servers. 

https://github.com/beloglazov/planetlab-workload-traces 

library("forecast") 
CPU <- read.csv("C:/Users/.../planetlab_CPUfull.csv") 
CPU_ts <- ts(CPU[2]) 
CPUtsforec1 <- HoltWinters(CPU_ts[1:250], beta=FALSE, gamma=FALSE) 
CPUtsforec <- forecast.HoltWinters(CPUtsforec1, h=30) 
plot.forecast(CPUtsforec, xlab="Time [s]", ylab=("CPU usage [%]"), main="CPU 
utilization, Forecasting with SES")  
legend(-10,70.8, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(CPU_ts, col="black", lwd=1, lty=1) 
accuracy_CPU_SES <- accuracy(CPUtsforec, CPU_ts[251:280]) 
write.csv(accuracy_CPU_SES, file='accuracy_CPU_SES.csv') 

Figure 3-7 Auto ARIMA - forecast 

Source of data: Planetlab traces. CPU usage of servers. 

https://github.com/beloglazov/planetlab-workload-traces 

library("forecast") 
CPU <- read.csv("C:/Users/.../planetlab_CPUfull.csv") 
CPU_ts <- ts(CPU[2]) 
CPUtsforecARIMA <- auto.arima(CPU_ts[1:250]) 
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CPUtsforec <- forecast.Arima(CPUtsforecARIMA, h=30) 
plot.forecast(CPUtsforec, xlab="Time [s]", ylab=("CPU usage [%]"), main="CPU 
utilization, Forecasting with auto.ARIMA")  
legend(-10,70.8, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(CPU_ts, col="black", lwd=1, lty=1) 
accuracy_CPU_ARIMA <- accuracy(CPUtsforec, CPU_ts[251:280]) 
write.csv(accuracy_CPU_ARIMA, file='accuracy_CPU_ARIMA.csv') 

Figure 3-8 ETS - forecast 

Source of data: Planetlab traces. CPU usage of servers. 

https://github.com/beloglazov/planetlab-workload-traces 

library("forecast") 
CPU <- read.csv("C:/Users/.../planetlab_CPUfull.csv") 
CPU_ts <- ts(CPU[2]) 
CPUtsforecETS <- ets(CPU_ts[1:250]) 
CPUtsforec <- forecast.ets(CPUtsforecETS, h=30) 
plot.forecast(CPUtsforec, xlab="Time [s]", ylab=("CPU usage [%]"), main="CPU 
utilization, Forecasting with ETS")  
legend(-10,70.8, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(CPU_ts, col="black", lwd=1, lty=1) 
accuracy_CPU_ETS <- accuracy(CPUtsforec, CPU_ts[251:280]) 
write.csv(accuracy_CPU_ETS, file='accuracy_CPU_ETS.csv') 

Figure 3-9 Double Exponential Smoothing (Holt's) - forecasting 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 

trend <- read.csv("C:/Users/.../trenduser.csv") 
trendts <- ts(trend[2]) 
trendts_forec <- HoltWinters(trendts[1:60], gamma=FALSE)  
trendts_forec$SSE 
par(mfrow=c(2,1)) 
plot(trendts_forec, lwd=2,  xlim=c(1,65), ylim=c(0, 20000), xlab="Time", 
ylab=("Observed values"), main="Double Exponential Smoothing (Holt's)")  
lines(trendts[1:60], col="black", lwd=2) 
legend(-1.5,20700, c("actual", "forecasts"), lty=c(1,1), lwd=c(2.5, 2.5), 
col=c("black", "red")) 
trendts_forec2 <- forecast.HoltWinters(trendts_forec, h=5) 
plot.forecast(trendts_forec2, xlim=c(1,65), ylim=c(0, 20000), xlab="Time", 
ylab=("Observed values"), main="Double Exponential Smoothing (Holt's) - 
forecasting")  
legend(-1.5,20700, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(trendts, col="black",lwd=1, lty=1) 
accuracy_tr_Holts <- accuracy(trendts_forec2, trendts[61:65]) 
write.csv(accuracy_tr_Holts, file='accuracy_tr_Holts.csv') 

  



Codes from the R environment 

59 

Figure 3-10 Triple Exponential Smoothing (Holt-Winters) - forecasting 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 

seastrend <- read.csv("C:/Users/.../trseas.csv") 
seastrend_ts <- ts(seastrend) 
seastrend_ts96 <- ts(seastrend[1:96], frequency=12, start=1) 
seastrend_ts108 <- ts(seastrend, frequency=12, start=1) 
seastrend_ts_forec <- HoltWinters(seastrend_ts96) 
par(mfrow=c(2,1)) 
plot(seastrend_ts_forec, xlim=c(1,10), xlab="Years", ylab=("Values"), main="Triple 
Exponential Smoothing (Holt Winters)") 
seastrend_ts_forec$SSE 
seastrend_ts_forec2 <- forecast.HoltWinters(seastrend_ts_forec, h=12) 
plot.forecast(seastrend_ts_forec2, xlim=c(1,10), xlab="Years", ylab=("Values"), 
main="Triple Exponential Smoothing (Holt Winters) - forecasting") 
lines(seastrend_ts108, col="black", lwd=1, lty=1) 
accuracy_seastrend_HoltWinters <- accuracy(seastrend_ts_forec2, 
seastrend_ts[97:108]) 
write.csv(accuracy_seastrend_HoltWinters, 
file='accuracy_seastrend_HoltWinters.csv') 

Figure 4-1 Trend pattern (less data) - forecasting with ETS and ARIMA 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 

trend <- read.csv("C:/Users/.../trenduser.csv") 
trendts <- ts(trend[2]) 
par(mfrow=c(2,1)) 
forecETS <- forecast(ets(trendts[40:60]),h=5)  
plot(forecETS, xlab="Time", ylab=("Observed values"), main="Trend pattern (less 
data), Forecasting with ETS")  
legend(0.02,22550, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(trendts[40:65], col="black",lwd=1, lty=1) 
forecARIMA <- forecast(auto.arima(trendts[40:60]),h=5)  
plot(forecARIMA, xlab="Time", ylab=("Observed values"), main="Trend pattern (less 
data), Forecasting with ARIMA")  
legend(0.02,21800, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(trendts[40:65], col="black",lwd=1, lty=1) 
accuracy_tr_ETS <- accuracy(forecETS, trendts[61:65]) 
write.csv(accuracy_tr_ETS, file='accuracy_tr_ETS.csv') 
accuracy_tr_ARIMA <- accuracy(forecARIMA, trendts[61:65]) 
write.csv(accuracy_tr_ARIMA, file='accuracy_tr_ARIMA.csv') 

Figure 4-2 Trend pattern (more data) - forecasting with ETS and ARIMA 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 
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trend <- read.csv("C:/Users/.../trenduser.csv") 
trendts <- ts(trend[2]) 
par(mfrow=c(2,1)) 
forecETS <- forecast(ets(trendts[1:60]),h=5)  
plot(forecETS, xlab="Time", ylab=("Observed values"), main="Trend pattern (more 
data), Forecasting with ETS")  
legend(-1.5,25700, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(trendts, col="black",lwd=1, lty=1) 
forecARIMA <- forecast(auto.arima(trendts[1:60]),h=5)  
plot(forecARIMA, xlab="Time", ylab=("Observed values"), main="Trend pattern (more 
data), Forecasting with ARIMA")  
legend(-1.5,20800, c("actual", "forecasts", "80% prediction", "95% prediction"), 
lty=c(1,1,1,1), lwd=c(2.5, 2.5, 2.5, 2.5), col=c("black", "blue", "green", 
"yellow")) 
lines(trendts, col="black",lwd=1, lty=1) 
accuracy_tr_ETS <- accuracy(forecETS, trendts[61:65]) 
write.csv(accuracy_tr_ETS, file='accuracy_tr_ETS.csv') 
accuracy_tr_ARIMA <- accuracy(forecARIMA, trendts[61:65]) 
write.csv(accuracy_tr_ARIMA, file='accuracy_tr_ARIMA.csv') 

Figure 4-3 Seasonal pattern (less data) - forecasting with ETS and ARIMA 

Source of data: UMassTraceRepository; Enironmental measurement - SmartHomes traces; 

http://traces.cs.umass.edu/index.php/Main/Traces 

deg <- read.csv("C:/Users/.../degree_hourly_long.csv") 
degts <- ts(deg[,2]) 
degts336 <- ts(deg[,2], frequency=24, start=1) 
degts72 <- ts(degts[240:312], frequency=24, start=1) 
degts96 <- ts(degts[240:336], frequency=24, start=1) 
forecARIMA <- forecast(auto.arima(degts336[240:312]),h=24)  
forecETS <- forecast(ets(degts72), h=24) 
par(mfrow=c(2,1)) 
plot(forecETS, ylim=c(0,40), xlab="Days", ylab=("Temperature [°C]"), 
main="Seasonal pattern (less data), Forecasting with ETS") 
lines(degts96, col="black", lwd=1, lty=1) 
plot(forecARIMA, ylim=c(0,40), xlab="Hours", ylab=("Temperature [°C]"), 
main="Seasonal pattern (less data), Forecasting with ARIMA")  
lines(degts336[240:336], col="black") 
accuracy_seas_ARIMA <- accuracy(forecARIMA, degts336[313:336]) 
write.csv(accuracy_seas_ARIMA, file='accuracy_seas_ARIMA.csv') 
accuracy_seas_ETS <- accuracy(forecETS, degts[313:336]) 
write.csv(accuracy_seas_ETS, file='accuracy_seas_ETS.csv') 

Figure 4-4 Seasonal pattern (more data) - forecasting with ETS and ARIMA 

Source of data: UMassTraceRepository; Enironmental measurement - SmartHomes traces; 

http://traces.cs.umass.edu/index.php/Main/Traces 

deg <- read.csv("C:/Users/.../degree_hourly_long.csv") 
degts <- ts(deg[,2]) 
degts2 <- ts(deg[,2], frequency=24, start=1) 
degts312 <- ts(degts[1:312], frequency=24, start=1) 
degts336 <- ts(degts, frequency=24, start=1) 
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forecETS <- forecast(ets(degts312), h=24) 
forecARIMA <- forecast(auto.arima(degts2[1:312]),h=24)  
par(mfrow=c(2,1)) 
plot(forecETS, ylim=c(10,35), xlab="Days", ylab=("Temperature [°C]"), 
main="Seasonal pattern (more data), Forecasting with ETS") 
lines(degts336, col="black", lwd=1, lty=1) 
plot(forecARIMA, ylim=c(10,35), xlab="Hours", ylab=("Temperature [°C]"), 
main="Seasonal pattern (more data), Forecasting with ARIMA")  
lines(degts, col="black", lwd=1, lty=1) 
accuracy_seas_ETS <- accuracy(forecETS, degts[313:336]) 
write.csv(accuracy_seas_ETS, file='accuracy_seas_ETS.csv') 
accuracy_seas_ARIMA <- accuracy(forecARIMA, degts[313:336]) 
write.csv(accuracy_seas_ARIMA, file='accuracy_seas_ARIMA.csv') 

Figure 4-5 Trend+seasonal pattern (less data) - forecasting with ARIMA and ETS 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 

seastrend <- read.csv("C:/Users/.../trseas.csv") 
seastrend_ts <- ts(seastrend) 
seastrend_ts36 <- ts(seastrend_ts[61:96], frequency=12, start=1) 
seastrend_ts48 <- ts(seastrend_ts[61:108], frequency=12, start=1) 
forecETS <- forecast(ets(seastrend_ts36), h=12) 
par(mfrow=c(2,1)) 
plot(forecETS, xlab="Years", ylab=("Values"), main="Trend+seasonal pattern (less 
data), Forecasting with ETS") 
lines(seastrend_ts48, col="black", lwd=1, lty=1) 
forecARIMA <- forecast(auto.arima(seastrend_ts36), h=12) 
plot(forecARIMA, xlab="Years", ylab=("Values"), main="Trend+seasonal pattern (less 
data), Forecasting with ARIMA") 
lines(seastrend_ts48, col="black", lwd=1, lty=1) 
accuracy_seastrend_ETS <- accuracy(forecETS, seastrend_ts[97:108]) 
write.csv(accuracy_seastrend_ETS, file='accuracy_seastrend_ETS.csv') 
accuracy_seastrend_ARIMA <- accuracy(forecARIMA, seastrend_ts[97:108]) 
write.csv(accuracy_seastrend_ARIMA, file='accuracy_seastrend_ARIMA.csv') 

Figure 4-6 Trend+seasonal pattern (more data) - forecasting with ETS and ARIMA 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 

seastrend <- read.csv("C:/Users/.../trseas.csv") 
seastrend_ts <- ts(seastrend) 
seastrend_ts96 <- ts(seastrend_ts[1:96], frequency=12, start=1) 
seastrend_ts108 <- ts(seastrend_ts, frequency=12, start=1) 
forecETS <- forecast(ets(seastrend_ts96), h=12) 
par(mfrow=c(2,1)) 
plot(forecETS, xlab="Years", ylab=("Values"), main="Trend+seasonal pattern (more 
data), Forecasting with ETS") 
lines(seastrend_ts108, col="black", lwd=1, lty=1) 
forecARIMA <- forecast(auto.arima(seastrend_ts96), h=12) 
plot(forecARIMA, xlab="Years", ylab=("Values"), main="Trend+seasonal pattern (more 
data), Forecasting with ARIMA") 
lines(seastrend_ts108, col="black", lwd=1, lty=1) 
accuracy_seastrend_ETS <- accuracy(forecETS, seastrend_ts[97:108]) 
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write.csv(accuracy_seastrend_ETS, file='accuracy_seastrend_ETS.csv') 
accuracy_seastrend_ARIMA <- accuracy(forecARIMA, seastrend_ts[97:108]) 
write.csv(accuracy_seastrend_ARIMA, file='accuracy_seastrend_ARIMA.csv') 

Figure 5-2 Function fill_gaps() applied on unevenly spaced ts with seasonal pattern 

Source of data: UMassTraceRepository. Enironmental measurement - SmartHomes traces. 

http://traces.cs.umass.edu/index.php/Main/Traces 

deg <- read.csv("C:/Users/.../degree_hourly_long.csv") 
degts<- ts(deg[2]) 
degts[235:253] <- NA 
actual <- ts(deg[2]) 
output <- fill_gaps(degts) 
par(mfrow=c(2,1)) 
plot(degts, col="black", lwd=2, ylim=c(0,40), ylab=("values"), main="Unevenly 
spaced time series") 
plot.ts(output, col="red", lwd=2, xlim=c(1,336), ylim=c(0,40), ylab=("values"), 
main="Evenly-spaced time series with predicted missing values") 
lines(degts, col="black", lwd=2) 
lines(actual, col="black", lwd=2, lty=2) 

Figure 5-3 Function fill_gaps() applied on unevenly spaced ts with trend pattern 

Source of data: M-COMPETITION - 111 series:  https://forecasters.org/resources/time-

series-data/m-competition/ 

trend <- read.csv("C:/Users/.../trenduser.csv") 
actual <- ts(trend[2]) 
trend_gapts <- ts(trend[2]) 
trend_gapts[24:33] <- NA 
output <- fill_gaps(trend_gapts) 
par(mfrow=c(2,1)) 
plot(trend_gapts, col="black", lwd=2, ylab=("values"), main="Unevenly spaced time 
series") 
legend(-1.5,17300, c("actual"), lty=c(1), lwd=c(2.5), col=c("black")) 
plot.ts(output, col="red", lwd=2, ylab=("values"), main="Evenly-spaced time series 
with predicted missing values") 
lines(trend_gapts, col="black", lwd=2) 
lines(actual, col="black", lwd=2, lty=2) 
legend(-1.5,17300, c("actual", "actual for gap", "forecasts"), lty=c(1,2,1), 
lwd=c(2.5, 2.5, 2.5), col=c("black", "black", "red")) 

fill_gaps() - a recursive function for automated filling missing value/values in previously 

forwarded unevenly spaced time series, and based on best fitted prediction models. It requires 

the following library packages: forecast, tseries, zoo, datasets, timeDate. Detailed description 

of all commands and functions from all packages one can find on the next URL: https://cran.r-

project.org/web/packages/available_packages_by_name.html  

fill_gaps <- function(x) 
{  
 # missing_index contains all the indexes on which are missing values 
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 missing_index <- which (is.na(x)) 
  
 # numb_of_missing_values contains number of missing values 
 numb_of_missing_values <- length(missing_index) 
  
 # checking if there are any missing values 
 if (numb_of_missing_values > 0) 
 {  
  # x1 contains all data points before an index of first missing value 
  x1 <- x[(missing_index[1]-missing_index[1]+1):(missing_index[1]-1)] 
   
  # x1_length contains number of data points before an index of first 
missing value 
  x1_length <- length(x1) 
   
  # KPSS tests for trend and level stationarity 
  k1 <- kpss.test(x1, null='T') 
  k2 <- kpss.test(x1, null='L') 
 } 
 # checking for multiple missing value/values within time series and  
 # separating for the further work only index/indexes for the first of 
missing value/values 
 if (numb_of_missing_values > 1) 
 { 
  i <- 1 
  temp_missing_index <- missing_index[i] 
  temp <- missing_index[i] 
   
  while (numb_of_missing_values > i) 
  { 
   i <- i+1 
   temp <- temp+1 
   if (temp == missing_index[i]) 
   { 
    temp_missing_index[i] <- missing_index[i] 
   } 
   else 
   { 
    missing_index <- temp_missing_index[1:(i-1)] 
    if (length(missing_index) == 1)  
    { 
     numb_of_missing_values <- 1 
    } 
    else  
    { 
     numb_of_missing_values <- length(missing_index) 
    } 
    break 
   } 
  } 
 } 
  
 if(numb_of_missing_values == 1) 
 { 
   
  temp <- findfrequency(x1) # findfrequency() returns an existing 
period within time series 
  if (k2$p.value > 0.05 && temp == 1) # if there is stationary time 
series 
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  { 
   # calculate average of a few past values before missing value  
   temp <- x[(missing_index[1]-11):missing_index[1]-1] 
   temp <- mean(temp) 
   print("Average past values is used.") 
  } 
  else  
  { 
   if (temp > 1) # if there is a seasonal pattern 
   { 
    if((temp*3) <= x1_length) # if there is at least three 
periods in past data points  
    { 
     # Apply Triple Exp. Smoothing (Holt-Winters) 
     x_with_freq <- ts(x1[(missing_index[1]-
(temp*3)):(missing_index[1]-1)], frequency=temp, start=1) 
     temp_forec <- HoltWinters(x_with_freq) 
     temp <- forecast.HoltWinters(temp_forec, h=1) 
     print("Holt-Winters is used.") 
    } 
    else 
    { 
     stop("Forecast function needs at least three 
periods in past data points.") 
    } 
   } 
   else 
   { 
    # Apply Double Exp. Smoothing (Holt's) for the trend 
pattern 
    temp_forec <- HoltWinters(x1, gamma=FALSE) 
    temp <- forecast.HoltWinters(temp_forec, h=1) 
    print("Holt's is used.") 
   } 
   write.csv(temp, file='forec_one_value.csv') 
   temp <- read.csv("forec_one_value.csv") 
   temp <- temp$Point.Forecast 
  } 
  x[missing_index[1]] <- temp 
 } 
 else if(numb_of_missing_values > 1) 
 { 
  # if both of null hypothesis are rejected, then apply ARIMA forecast 
function  
  if(k1$p.value <= 0.05 && k2$p.value <= 0.05) 
  { 
   # ARIMA forecasting for missing values 
   if(numb_of_missing_values <= 10)  
   { 
    forecARIMA<-forecast(auto.arima(x[(missing_index[1]-
20):(missing_index[1]-1)]), h=numb_of_missing_values) 
   } 
   else if(numb_of_missing_values > 10)  
   { 
    forecARIMA<-forecast(auto.arima(x1), 
h=numb_of_missing_values) 
   }  
    
   # replacing missing values with predicted values 
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   write.csv(forecARIMA, file='forec_ARIMA.csv') 
   forecARIMA <- read.csv("forec_ARIMA.csv") 
   forec <- forecARIMA$Point.Forecast 
   x[missing_index[1]:(missing_index[1]+numb_of_missing_values-1)] 
<- c(forec[1:numb_of_missing_values]) 
   print("ARIMA is used") 
  } 
  else  
  {   
   temp <- findfrequency(x1) # checking for the seasonality 
pattern 
   if(temp > 1) 
   { 
    x_with_freq <- ts(x1, frequency=temp, start=1) 
     
    if(temp*3 <= x1_length)  
    { 
     # ETS forecasting for missing values 
     forecETS<-forecast(ets(x_with_freq), 
h=numb_of_missing_values) 
    } 
    else  
    { 
     stop("Forecast function needs at least three 
periods in past data points.") 
    }  
     
    # replacing missing values with predicted values 
    write.csv(forecETS, file='forecETS.csv') 
    forecETS <- read.csv("forecETS.csv") 
    forec <- forecETS$Point.Forecast 
   
 x[missing_index[1]:(missing_index[1]+numb_of_missing_values-1)] <- 
c(forec[1:numb_of_missing_values]) 
    print("ETS is used") 
   } 
   else  
   { 
    # ETS forecasting for missing values 
    forecETS<-forecast(ets(x1), h=numb_of_missing_values) 
    # replacing missing values with predicted values for ETS 
    write.csv(forecETS, file='forecETS.csv') 
    forecETS <- read.csv("forecETS.csv") 
    forec <- forecETS$Point.Forecast 
   
 x[missing_index[1]:(missing_index[1]+numb_of_missing_values-1)] <- 
c(forec[1:numb_of_missing_values]) 
    print("ETS is used") 
   } 
  } 
 } 
 else  
 { 
  print("There are no (more) missing values. Data set is (now) evenly-
spaced time series data set.") 
  # return evenly-spaced ts with predicted values for the missing 
values 
  return(x) 
 } 
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 fill_gaps(x) 
}   


