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Sammanfattning 

BillerudKorsnäs är ett bra exempel på ett företag i en bransch som kan 

associeras med en 24/7-produktion och där fel i produktionsutrustningen 

leder till nedtid i produktionen vilken i sin tur genererar stora förluster. 

Hållbarhet är därmed en förutsättning för en framtidsäkrad verksamhet i 

Billerudkorsnäs. Med den teknikutveckling och digitalisering som blir följden 

av den kommande Industry 4.0-standarden, kommer företag generellt att 

kunna ha ett mer hållbart produktionssystem. För att kunna uppnå detta är det 

dock nödvändigt att implementera ett intelligent underhållssystem inom den 

traditionella tillverkningsprocessen. Denna studie ämnar därmed att fokusera 

på hur löpande online-monitorering kan tillämpas för att ge bra underlag för 

felsökning på Nash-vakuumpumpar med hjälp av digitaliserad Bluetooth låg 

energi - sensorer. 

Hos Billerudkorsnäs har 6 Nash-vakuumpumpar haft problem genom åren 

som givit upphov till otillförlitlig produktion. Trots att underhåll baserat på 

tidsaspekter kontinuerligt har genomförts, så har det visat sig vara en 

otillräcklig metod för att upprätthålla en effektiv produktion och att upptäcka 

fel över tid i produktionsprocessen. Som svar på detta, först har denna 

rapports ambition varit att studera vad en implementering av en digitaliserad 

(online) övervakningsapplikation för felprognoser kan påverka 

tillförlitligheten i produktionen. 

Metoden som använts har varit att implementera BLE Beacon, 

kommunikationsgateway (BLuFi) in i webbplattformen Bluzone som är 

servermiljön och ha det som en molntjänst. BLE Beacon arbetar med 

maskininlärningsteknik. De fel som upptäckts genom användandet av denna 

metod dokumenteras via Bluzone. Vidare har automatgenererade e-

postmeddelanden skickats till en vakuumpumpinspektör när fel uppträtt. Som 

en effekt av metodens implementation har en teoretisk modell baserad på 

AutoRegressive (AR) och AR med exogenous input (ARX) för 

prediktionsmetoder etablerats. 

Resultaten av studien visade, i jämförelse med dagens teknik, att den nya 

metoden har en högre effektivitet när det gäller att tillhandahålla de ansvariga 

med tillförlitlig information för att förhindra onödiga driftstopp i Nash-

vakuumpumparna. Detta har i sin tur medfört en lägre produktionskostnad. 

Det är intressanta resultat i praktiken men, det är svårt att använda teoretiskt. 

I korrespondens, verifierar AR-prediktionsmodell resultaten ”model fit” i 

jämförelse med det uppmättadata. Dessutom testades ARX-modellen. 



 

2 

 

Abstract 

Billerudkorsnäs is a good example of an industry that associated with a 24/7 

production and where faults lead to downtime in the production process 

which in its turn generates substantial losses. Sustainability is essential for a 

prosperous future for Billerudkorsnäs, and with the growth of technologies 

and digitalization with big data that are in line with the coming Industry 4.0 

standard, the company will have the possibility to ensure a sustainable 

production system. However, to be able to achieve this, it is necessary to 

implement an intelligent maintenance system into the traditional 

manufacturing process. This study will, therefore focus on how online 

monitoring can be applied to estimate error prediction on Nash vacuum 

pumps by using Bluetooth low energy sensors. 

At Billerudkorsnäs, 6 Nash vacuum pumps have from time-to-time had a 

problem of bearing faults resulting in unreliable production. Even though 

time-based maintenance has been implemented, it has proven to be an 

insufficient method to uphold an efficient production and to in-time detect 

faults in the production process. As a response to this, first, the study has 

deployed a digitalized online monitoring application for fault prediction. By 

utilizes of Bluetooth low energy (BLE) Beacon, communication gateway 

(BLuFi) and a web-based platform Bluzone with cloud server services that 

work parallel with machine learning technology.  

The faults discovered by implemented application are observed via Bluzone. 

In addition, automatic generated e-mail sent to a vacuum pump inspector 

when such faults have occurred. Second, as an effect of this implementation, 

a classical theoretical framework based on an AutoRegressive (AR) and AR 

with exogenous input (ARX) for prediction modelling has been studied. The 

method applies historical data from the vacuum pump, and the problem with 

input and output data from two different applications is discussed.  

The results of the study gave at hand- in comparison with the technology used 

to-day – that the implemented new system has a more efficient in providing 

reliable information as to prevent unnecessary downtime in the Nash vacuum 

pumps. This implies a lower production cost. Although interesting results in 

practice it is difficult to use theoretically. In correspondence, AR prediction 

model results verify the model fit compared to the measured response. Also, 

the ARX model was tested.  
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1 Introduction  

Billerudkorsnäs’ mission is to challenge a conventional paper manufacturer 

for a sustainable future. To be sustainable, Bullerudkorsnäs goal is to 

transform the company into a smart factory that will be aligned with Industry 

4.0 [1][2]. By using Bluvision’s application for online condition monitoring 

AI and prediction maintenance could be one of several alternative 

applications for Billerudkorsnäs to consider, in order to reach an Industry 4.0 

standard and its goal of sustainable, cost-efficient production processes. 

Billerudkorsnäs is a paper manufacturer within the forestry industry in 

Sweden, Billerud and Korsnäs used to be two separate companies but they 

merged together in the year 2012 and become Billerudkorsnäs. Together, the 

company builds on more than 150 years of experience of combined activities 

within the forestry industry. The company supplies its products in many 

countries around the world with eight paper manufacturing units in three 

countries with a total of around 4400 employees. Its head office is in Solna, 

Stockholm. The developments of new technologies have increased product 

quality and decreased the sales price resulting in the urgent need to find better 

methods to run the equipment more reliable and at a lower cost. Many 

technologies are being considered and utilized by the company to develop 

such methods. 

The forestry industry is, just like in many other countries, of huge importance 

for Sweden. However, there is a fierce competition within the industry, hence 

making it of great importance to decrease any costly stop in the production. 

An example of such a stop is when the pump that removes water from the 

paper production process malfunctions. To prevent these stops 

Billerudkorsnäs have applied different methods throughout history.  

First, it was stopping the production from time-to-to-time to check if the 

pumps worked efficiently. Later, based on the acquired knowledge over time 

about the quality of the pumps, the industry made planned stops to work 

preventively and started with time-based maintenance. Just this year, a new 

project came about, where the intended outcome is, through the use of 

digitalized sensor indicators placed on the pumps - that the process conditions 

will be better monitored and reliable. It will be easier to decide when 

maintenance action should be performed and when the pumps should be 

repaired and thus work more efficient.  
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Most of the equipment already use condition monitoring connected to the 

centralized systems control room through SKF @ptitude analyst software for 

equipment condition diagnostic and Sensodec Valmet for real time 

monitoring. Machines have settings for alarm that indicate extreme abnormal 

conditions. Another condition monitoring software utilized by the plant is an 

online surveillance system called Condmaster Ruby software. Both data from 

online and inspection monitoring routines, where the data is collected 

manually by field inspectors, is analyzed through Condmaster Ruby and uses 

a Programmable interface (PI) system to store real-time data. Thus, the plant 

has a well-developed condition monitoring solution and has plan moving 

toward the coming industrial 4.0 standards. 

Nash Vacuum pumps can be found in process industries such as, sugar, food, 

and textile, and are used in paper production machines at Billerudkornäs. It 

consists of different components such as a bearing, a motor that drives the 

vacuum pump, a rotor, a separator that separates gas and water, a heat 

exchanger to seal water and a compressor.  

At the forming section, vacuum is used to help to dewater the stock as the 

sheets are being formed. In the press section, vacuum is used to dewater and 

clean the felts forms which remove excess water from several locations on 

the sheet. The vacuum also will make sure that the water is being reused in 

the papermaking process.  

As understood from the paragraph above, these vacuum pumps dry the water 

at an early stage in the paper production process in order for the paper to get 

the intended shape and avoid the paper from getting end breakages. The 

vacuum pump is used to form a proposed paper format design as the paper 

enters the press section. Low vacuum fans help in removing water on the foils. 

It operates at varying vacuum levels and handle liquid carryover while 

providing a rugged, reliable performance. It has a splash series cooling tower 

that is used to reduce the heat of the compressor and lowers the temperature 

of the water. For the pump to work satisfactory over the years, the pump felt 

needs to be controlled and enough vacuum needs to be applied since the felt 

function decreases over time. The vacuum pump can be found in different 

areas within the process industry application such as the paper machine 

dewatering, autoclaves, carburetor testing, chucking and condenser air 

removal [3]. 

The main concern with the vacuum pump when it comes to possible faults is 

often related to the rotating part. Fault in the rotating parts can be prevented 
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by continues maintenance and overtime monitoring of the vibration 

conditions of the rotating machinery. However, a fault can be based on wrong 

cyclical loading of the machine, wrongly fitted by the workers or for that 

matter a lack of sufficient lubrication. The main reason why a fault can occur 

is that the manufacturing of the rolling element can be insufficiently fixed, 

compared to the size of the material or compared to the manufacturing 

process. This fault can be identified by looking at the provided data sheets for 

the pump. A compression test of the production process can also be made to 

see if the process is within the range of the parameters of the machinery stated 

on the data sheet. 

These faults could result in distributed as well as localized defects in the 

pump. The defects can be displayed by analyzing frequency characteristics in 

different spectrums range, based on amplitudes in energy levels. When 

looking at this, an understanding needs to be gained for both the inner and 

outer race in the machinery should be analyzed with analytical, numerical 

simulations or experimental methods. Comparison with other vibration 

analytic methods of vibration signal based on time, frequency and frequency-

time domain can also be made [4]. 

At the plant, Nash vacuum pumps have specific problems relating to its 

bearings. This fault has occurred for the last couple of years and has 

continuously been handled but it still happens from time to time. Time-based 

measurement is currently applied, but it is challenging to interpret the 

measurement data and predict a bearing fault. Therefore, a first part in this 

thesis, a new online condition monitoring application that consists of BLE 

Beacon with built-in machine learning solution, BLuFi gateway, and web-

based platform Bluzone with cloud server service will be deployed in 6 

Vacuum pumps. The deployed application does not specify the algorithm 

method used for machine learning used to analyze this problem. For that 

reason, a second part of this report explores a method found in theory by using 

a classical statistical AR and ARX-prediction-modelling, generated with the 

use of MatLab software.  

The procedure of analyzing and understanding the cause of a fault in 

equipment proceeded by enquiries to the production engineers. The 

information provided was more of a clarification on how the vacuum pump 

operates. Pump motors are driven directly from a paper production machine. 

The vacuum level that is an essential parameter, is normally not changed 

regularly, and it is only handled through ventilator operation. All the pumps 

operate at the same time continuously, and there is no redundant for this 
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equipment. Once one pump fails to operate the whole production process 

shuts down. This highlighted the importance of deployed AI condition 

monitoring application, that can help to avoid unexpected breakdowns. 
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2 Theory 

Recently, industries want to improve manufacturing environment and 

production reliability. One keyway achieve that is to move from reactive to 

proactive condition-based maintenance, working on the right product at the 

right time. That will enable to drive the business at a lower cost and to 

manufacture more products with less capital investment. Therefore, this study 

involves in building a predictive model and fault detection system.  

2.1 The Evolution of Maintenance System 

Today everything is changing, the maintenance system has developed, and 

the industries has changed its perception of how maintenance ought to be 

carried out to manage faults in the whole industry production process. Earlier, 

the industry operated under reactive maintenance, whereby equipment was 

left to work until it broke down. It was best known as breakdown maintenance 

and it caused unplanned downtime. Production stopped that led to high 

maintenance cost and high labor cost. The industry revolution took place after 

the Second World War due to a limited workforce and increased demand in 

production. This prompted the industry to invent various methods of 

preventing downtime in equipment, leading to the introduction of a 

preventive maintenance which improved the equipment availability [5] [6]. 

Due to the development in technology, some of the preventive maintenance 

replaced reactive maintenance although not all industries moved to 

Preventive Maintenance (PM). With PM, maintenance was performed in a 

scheduled timeline. An inspection on the equipment’s condition was made 

regardless of its actual operation. Thus, maintenance action was performed, 

even if the equipment did not require any repair. Compared with the reactive 

maintenance, PM had a significant advantage, but it caused time misuse on 

the equipment due to unnecessary repairs [5] [7].  

Predictive maintenance got more and more the upper-hand due to the 

technological development and the need for product sustainability at a low 

cost. This technology is referred as “condition based” [8]. Equipment 

maintenance was performed after the fault had been detected. The predictive 

maintenance evolution brought significant improvements to the process 

industry. Since maintenance were done only when it was needed. An increase 

in production reliability was the result and thus a reduction in cost for 

production. Maintenance action was performed when it was necessary and in 
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time. However, the installation of such application can be expensive, and it 

also require a person with specific skills [9].  

Proactive maintenance is on a maintenance level where the root cause of 

failure is traced and determined. The technology applied can use a deep 

machine learning algorithm with addition of IoT methods. Since, each error 

is analyzed individually, a proactive measurement can be applied to ensure 

avoidance in failure. However, not all faults are possible to mitigate, but it 

allows maintenance to take place in time and support erasing at repeatable 

failures [6][7]. 

2.2 Modeling 

How a model for online monitoring prediction is built depends on the 

information available for the actual system. There are different ways to solve 

this problem when creating a model of a dynamic system. Modeling will also 

depend on the purpose of the model, either depending on input and output 

data or a model that describes the internal features of the equipment. In this 

section, different strategies for such modeling will be discussed. 

2.2.1 Physical Modeling  

The physical model is the mathematical equations representation of physical 

equipment or the machine itself. The knowledge about the first physical 

principle such as Newton’s law, Maxwell’s equations, or biological properties 

of the device must be known. Quantitatively it is to characterize the behavior 

of a model using physical laws (from the first principle). Most of the models 

are built under particular laboratory conditions and others are tested in field 

experimentations. However, due to the development in technology, better and 

more complex systems are developed, which makes it difficult to build a 

model based on the first principles. [8][10][11]. 

A Gray Box model combines a part of theoretical structure and collected data 

to design a model. It uses the known physical variables to determine 

individual parameter values from measured data.  

2.2.2 Data Driven Modeling 

It is also possible to build the model based entirely data collected from a 

system. These models are applied if there is no clear understanding of the 

details of the physics of the equipment and there are measured data available 
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from the system. The measured data can be used to construct the model, this 

is known as Data-driven modeling.  

The Black box model is a type of data-driven modeling. It uses measured data 

to determine a model that fit the system. Data can either be input and output 

or just output. Black box models focus on historical data which is compared 

with current observed data. A model built from this theory, can maintain 

actions that applies if the new data differs from historical information. Such 

a model can for example be able to predict the health of the equipment by 

comparing historical data with newly found data and identify if there are any 

abnormalities [8][11]. 

Data-driven modeling is used in the field of system identification and 

machine learning. 

2.2.2.1 System Identification.  

System identification has been in practice for a long time and has a good 

history in identifying a system’s dynamics. It is a process of learning a model 

that generalize the past data collected from any system and build a model, that 

generalize to the future. In this way a process of developing a mathematical 

model from experimental data from a dynamic system is created [12].  

Section 2.2.1 above stated that the model could be built by applying the first 

physical principal. However, system identification or Machine learning 

approach can also be applied to build a model. This part will, therefore, 

introduce two models that can be used to predict the vacuum pump’s 

behavior.  

Many model types and methods are used in system identification. For the 

theoretically part of this study regarding the data available, AR and ARX 

models are tested for prediction purposes.  

An AR model is a model that depend on previous values of the same data with 

same time series, and this model is presented as; 

 𝑦(𝑡) = 𝑎1𝑦(𝑡 − 1) + ⋯ + 𝑎𝑛𝑦(𝑡 − 𝑛) + 𝑒(𝑡), where 𝑎𝑖 , 𝑖 = 1, ……, 𝑛 are 

unknown parameter, 𝑦(𝑡) is an output of empirical data and 𝑒(𝑡) contains 

disturbances. It is also possible to include exogenous input 𝑢, to get an ARX 

model on the form of,  

𝑦(𝑡) =  𝑎1𝑦(𝑡 − 1) + ⋯ + 𝑎𝑛𝑦(𝑡 − 𝑛) + 𝑏1𝑢(𝑡 − 1) + ⋯ +𝑏𝑛𝑏
𝑢(𝑡 −

𝑛𝑏) + 𝑒(𝑡).  
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Given an AR(X) model, the output at time 𝑡 can be predicted as;     

�̂�(𝑡) =  𝑎1𝑦(𝑡 − 1) + ⋯ . +𝑎𝑛𝑦(𝑡 − 𝑛) + 𝑏1𝑢(𝑡 − 1) + ⋯ +𝑏𝑛𝑏
𝑢(𝑡 − 𝑛). 

The prediction error is then 𝑒(𝑡) = 𝑦(𝑡) − �̂�(𝑡) [13].  

The most common way to identify the unknown parameter is to minimize the 

prediction error in the least-squares sense. That is, find the parameters that 

minimize ∑ (𝑦(𝑡) − �̂�(𝑡))2𝑁
𝑡=1 , where N is number of sample in the 

identification [13]. 

These models above describe the behavior of the system and can be used in 

smart maintenance by comparing how the real-world system compares with 

the identified system.  

The AR model is the simplest approach to be used in solving different type 

of prediction problems. It has also been used in the literatures, the work of 

Neeta K. Nikhar, Sanika S. Patankar, and Jayanta V. Kulkarni [14], studied a 

gear tooth fault diagnostic by AR model and Fast Fourier Transform  (FFT) 

analysis for in a rolling machinery. AR model gave better result when 

compare to FFT analysis. Again, ARX found to be a desirable method when 

dealing with model with high order. Also, it aims to decrease the introduced 

new positive disturbance is the system. 

Additionally, system identification includes a concept of validation. 

Validation is a process performed during a system development, and its 

primary focus is to confirm that the model requirements are reached or not. It 

is way of evaluating the intended model with a new portion of data and see if 

that model is good and that it can replicate model behavior under various 

conditions. If the designed model does not present an acceptable response, 

new data collected from the same system with different recordings can be 

tested. With validation, data verify that a model does not over fitting and 

indicates robustness of the model [12]. 

However, a good model also depends on what was discussed in Section 3, the 

reason of building a model. In this case the model is built for prediction 

purpose. The way validation test is applied is by first dividing the measured 

data into two sets, one set used for identification and one used for validation. 

How the model fit the measured data can be view as follows; 

  𝐹𝑖𝑡 = 100 (1 −
√∑ (𝑦(𝑡)−�̂�(𝑡))2𝑁

𝑡=1

√∑ (𝑦(𝑡)−�̆�)2𝑁
𝑡=1

), where �̆� is the mean value 

of all 𝑦(𝑡), and �̂�(𝑡) is the predicted output. Model fit relates the 
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predicted output errors with those gained by using observed mean as a 

model output. The good fit is when it is 100 predicted output is exactly 

equal to the true output [15].  

2.2.2.2 Machine Learning 

In the Section 2.2.2, it was mentioned that a data-driven model also can be 

built using a machine learning approach. Through this approach a large set of 

historical data is observed, and from this data useful models are derived.  

Machine learning focuses on finding a model that describes the intended 

problem. It matches an algorithm to the problem that is to be solved, with the 

use of a combination of prior knowledge and empirical data. With more data 

the better learning process it will render. This is also true applies system 

identification.  

The use of Internet of Thing (IoT) simplifies the data collection means. A 

model built with these techniques can quickly clean, train, and process the 

data. Thus, once the model developed the new data obtained is updated 

automatically, and there is no need of repeating the process redeveloping a 

new model. A significant advantage of this approach in fault prediction is that 

intensive computations are required only once. 

The models formed can then be used to create prediction in different areas. It 

is an easy way of building a model that projects the past behavior into future 

behavior when compared with the standard system identification. Example of 

such models are artificial neural networks (ANN) Support Vector Machine 

(SVM), Support Vector Regression (SVR), and Fuzzy system [16][17][11].  

ANN, is the example representation of the human brain’s nervous system. It 

has the ability of deep learning and can recognize patterns even if the provided 

data includes errors and other irrelevant information [18].  

There have been several studies of predictive maintenance techniques. Some 

of these have applied statistical models presenting the solutions of fault 

predictions in a vacuum pump. Mohamad Danish Anis [19] performed a study 

on fault diagnosis in pump bearing by using ANN.  

SVM is the algorithm that looks at a big set of data and draws hyperplane, 

then applies most likely-hood estimation logic in the plane [20]. Wenjian 

Wang, Changgian Men, and Weizhen Lu [20] presented a study of online 

prediction that used SVM method. In this study online SVM and non-online 
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SVM were compered, where online SVM gave a more efficient result when 

predicting the conditions in a dynamic system. 

SVR is the expansion on SVM common known for its regression techniques. 

SVR is widely used when building a non-linear model and has an ability to 

train and test data faster when compared with ANN and SVM [17]. Liu 

Datong, Peng Yu, and Peng Xiyuan  [11] pointed out that SVR has a weakness 

when used for modeling on-line and real-time predictions, since this model 

cannot handle large computation data without taking a long time for data 

processing computations. Thus the (Online SVR) model seems to be a better 

approach when dealing with a real-time prediction. 

2.3 Signal Analysis 

Another possible approach is to perform an analysis of the measured signals 

directly, without building up a model describing the whole system. Time-

domain, frequency analysis or a combination of Frequency-time domain 

techniques applied to vibration data analysis for rotating machines.  

Time domain analysis, appear as a sinusoidal wave signal indicating time 

verse and amplitude. This approach analyzes signals characteristics, such as; 

Root Mean Square (RMS) value, peak to peak signal, interval and standard 

derivation to mention a few. This approach measure what happens moment 

by moment in the waveform signal. The most applied time-domain analysis 

method is Time Synchronous Average (TSA). TSA approach helps to reduce 

noise and other impacts from the signal. Time domain analysis cannot 

measure nonstationary of a vibration time series [21]. 

Peak to peak measurements analyze indicate vibrations in the machine with 

amplitude measurement regarding how motion is happening, and the motions 

in relative to the force applied to the bearings. The amplitude of the vibrations 

shows whether there is a problem or not. Peak to peak analyses can be used 

to generate an alarm for a high signal that goes out of a decided range. The 

warning shows as a notification on the equipment to point out an unusual 

condition.  

A frequency-domain analysis often applied in comparison with the time 

domain analyses due to its ability to indicate even low signals, and that it can 

separate signals and analyze different frequencies of interest. An example of 

a technique based on using the transformed signal is analyzing spectrum 

versus amplitude using Fast Fourier transform (FFT) [3]. Khadersb A and Dr. 

Shivakumar [5], conducted a study by using the same techniques when 
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studying vibration analysis in a rotating machine and suggested that inverse 

FFT spectrogram analyze a better result when compares to FFT. 

Frequency-time domain, the combination of frequency and time domain 

analysis makes it possible to analyze a non-stationary waveform signal by 

using a real and complex function. Wavelet transform, and (FFT) are two of 

the analysis used in the frequency and time domain, and a Wavelet transform 

is suitable for studying the local behaviors of the signal such as 

discontinuities. While FFT is suitable for the stationary signal, Wavelet is 

suitable for both the stationary and nonstationary signal and minimizes 

disturbance in the raw signal. [9][20]. FFT is not ideal for studying the local 

behavior of a signal in comparison with the Wavelet transform, that is suitable 

for exploring the local expressions of the signals and minimize disturbance in 

raw signal [9][21][22]. 
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3 Monitoring technology 

 

Fig. 1. New deployed online condition monitoring application 

 

For successful application of smart maintenance, the monitoring technology 

and infrastructure is of high importance. A practical part in this thesis has 

built an application that consist of; the Becaon technology, together with 

BluFi and Bluzone to model an application for predictive maintenance. Fig. 

1 shows the devices and web platform used for the digitized condition 

monitoring application in a vacuum pump. 

Previous studies have indicated that BLE Beacon mostly is used for 

localization and in asset tracking applications. This study will instead present 

a BLE Beacon in online monitoring with an AI technology.  

3.1 Beacon  

Today environmental concerns and a high level of sustainability are promoted 

as crucial factors in a manufacturing process. The Beacon technology has 

become a way to work with these factors. It works as a transmitter device that 

consists of Bluetooth low energy (BLE) and embedded sensors. This device 

is a one-way transmitter, that send a signal to a specific device within its 

range. BLE is based on the idea of radio transmission technology and is 

commonly known as the wireless way of transferring data. It works in the 

same spectrum range (2.40 GHz – 2.4835 GHz ISM band) as the standard 

Bluetooth technology, but it uses a different set of channels. It broadcast a 

small amount of data via BLE, up to 50 meters to a specific wireless device 

[23] [24]. The technology used reduce the power consumption of a long-term 

monitoring system compared to previous methods. It is also small portable 

and can easily attached on the equipment.  
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A combination of Beacon’s sensors and BLE has made data collection from 

physical object easier and at a lower cost. Such way of collecting data, provide 

personalized data for any equipment that is connected and give insights to the 

equipment’s condition. Compared to a standard Bluetooth communication, 

which consumes a lot of battery power for data transmission, it is a cheaper 

way of transferring data. This application can be found in industries, home 

health care, and security devices and can easily be attached on electronic or 

mechanical equipment. 

As mentioned above, many research papers have indicated that Beacons are 

usually applied as indoor localization or position identifier, where the specific 

location that could not be reached by standard GPS. Currently, there are two 

types of protocol supported by this technology; (iBeacon for IOS and 

Edgestone by Google) [25]. In this study Beacon consists of four sensors; 

Temperature, Light, Vibrations in 3-axis and Magnetic felt sensor.  

3.2 BLuFi 

BLuFi is a communication gateway that create a connection between sensors 

and a cloud server. It listens to up to 100 BLE Beacons and receive data that 

is delivered to the cloud over a wireless connection. Pump effect and status 

data are sent to the cloud server, where the data is stored. The information is 

enabled through the Bluzone console and the signal is observed via the trend 

diagram. BLuFi can handle 100 Application programmable interface (API) 

and real-time data stream into an advanced policy, reporting on dashboard 

tool. Additionally, it supports an eco-system of smartphones, iBeacon and 

Eddystone protocol.  

3.3 Bluzone 

Bluzone is a Web-platform providing cloud computing services. Sensors are 

emitting a signal over BLE frequency and then the signal is received by a 

BLUFi reader which then relate to the cloud. It provides a secure storage, 

whereby all information from the sensors is safely kept in an encrypted 

database. It is a self-calibrated driven type of architecture that allows to 

onboard data into the platform and allows the user to describe alerts and 

analysis required.  

The platform consists of different templates with different default functions. 

These templates can be cloned and create the policy according to the 

requirements or, use default templates and add the feature or strategy that are 

of interest. The access to this platform can be made from any computer 
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connected to the network, allowing for both real-time and historical analysis 

of data from the very pump. It makes deployments very simple since no IT 

infrastructure needs to be installed.   
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4. Process and results 

This section presents methods used for configuration and installation for 

each device invented in the application for error prediction in the vacuum 

pump.  

The configuration requirements include authentication of the access to 

Bluzone. To gain the access, first, a new project was developed in a Bluzone 

web-platform by creating an account with a username and password. Then 

the Bluzone App was downloaded from Apple store for iPhone. Another 

alternative could be to use Google store for the Android user. The 

provisioning process performed into two levels; by using a Bluzone platform 

and Bluzone App. A wireless network that fulfills the demand for 

communication (WEP, WPA/WPAS server) protocol was accessed, and, a 

computer with an Internet connection was required for configuration 

processes.   

4.1 BLuFi Configuration 

A new template was created in the Bluzone console for the BluFi device 

installation. A temporary network was created by using smartphone’s private 

network that has a network name and password. Then, these details were 

written into a new template for connection. The connection created was to 

help recognize the MAC address for each device, which performed by holding 

the Bluzone App installed on the smartphone close with the BLuFi that was 

connected to a power supply. MAC addresses were sent to the IT department 

to create IP address and network name for each device. After receiving IP 

addresses and network name, this information was filled into the BLuFi 

template. The same procedure was followed when setting the rest of BluFi 

used in this project. During configuration, the rest of the device were kept 15 

meters from the configuration room, to avoid a risk of configuring the wrong 

device. Condition monitoring function was enabled by activating each 

BLuFi’s template button. 
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Fig. 2. BLUFis and Beacon selfie in the plant 

4.2 Beacon Configuration 

The configuration of these devices was achieved through the use of a 

telephone App and Bluzone console. First, a telephone App was activated by 

a login and then the configuration started by setting one device at a time. The 

smartphone held near to the Beacon, and the configuration process continued 

by following the installation manual given by the App. After waiting several 

minutes, the App recognizes the beacon’s ID signal and the configuration 

process was complete. After the configuration process devices were taken to 

the plant for installation on the intended vacuum pump. Two BLE Beacons 

were attached on each equipment in 3-axis (x, y, and z). Then, communication 

getaway devices were plugged to the power supply. A default template found 

in Bluzone was used for more manual settings. Sampling data set at 400Hz, 

accelerometer read duration set at 2 seconds and accelerometer read summary 

set at 2 seconds. Fig. 2, show how the devices are viewed in the Bluzone 

console.  
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Fig. 3. Temperature measurement indicating condition changes in a Vacuum pump 

 

 

Fig .4. Peak to Peak values that shows the motion in the Vacuum pump 

 

 

Fig. 5. Motion of the Vacuum pump indicated in RMS values 
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5 Results 

The correspondence of the practical part is presented in this section. 

5.1 The New Deployed Application  

The deployed application for online AI condition monitoring in the vacuum 

pump has shown successful results. Vibrations measured with a driven AI and 

machine learning BLE Beacon. The measurement for vibration, sensor 

collects the vibration in three dimensions (x, y, and z-axis) individually by 

measuring acceleration rate. The accelerometer’s sampling rate is 400 Hz that 

is the half of maximum sampling rate that is at 800 Hz. Sensors are 

continuously collecting raw acceleration samples and aggregate them into a 

set of selected output features. The Beacon on-the-edge computes these 

features and then broadcasted as BLE advertisements. Finally, the 

announcements are picked up by the BluFi devices within a range of 50 

meters and transferred to the cloud server. Beacon does not send all data 

sample into the cloud server; instead, it detects exceptions event and gives 

feedback. The application operates at low latency, and it meets the 

fundamental needs of identifying and eliminating downtime. 

After a two weeks period, the sensors were set to live, after that sensors started 

to monitor and identify exceptional events, and when vacuum pump 

conditions observed to be not normal an alert is sent to Bluzone. The result 

also shows if a problem is existing or is building up towards a failure. Access 

to the Bluzone console can be gained from any computer connected to the 

internet by authorized users, allowing for observations of both real-time and 

historical analysis of the vacuum pump data. Each pump sends both status 

and process variable update information to the central server where the data 

is stored. Pump online, and offline vibration monitoring condition reports 

provided continuously. Furthermore, generated an offline report that 

includes; DutyCyclesTotal, DutyCyclesDuraton, TemperatureMax/RMS, 

ViolationDuration and ViolationsTotal is sent as weekly to the proposed mail 

address. 

Different notifications observed on the Bluzone dashboard that follows the 

set policies for the pump’s conditions. Besides, under the period of this study, 

this application has indicated violation errors such as temperature-increases 

approaching the average temperature, that is 70oC. To make sure that this 

warning was correct, pump inspectors also used their vibration analysis tool 

and observed the same error. Trend diagrams for each pump found on the 
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dashboard, that indicates one-month period condition report of each 

equipment in three different graphs. Fig. 3 shows the temperature changes in 

the vacuum pump, fig. 4&5 clarify pump vibration in peak-to-peak and RMS 

independently dimension x, y, and z-axis analysis. The end user can observe 

the behavior of the pump in real time. Further presence, motion, and signal 

policy also worked very well by sending notification error when abnormal 

behavior occurred. 

The result has indicated that BLE Beacon learning period can be 

reconfigured. Whereby, its performance is affected when the learning period 

is configured. The effect occurred when the warm period started. First, 

installation performed during the cold (April 2018) period, all the Beacon 

worked accordingly compared with the condition monitoring used today. 

When the warm period started Beacon gave wrong notification error. That 

lead to reset the configuration by setting the learning periods again. After two 

weeks learning, then the updates of the pump conditions was normal.  

5.2 Identification of Vacuum Pump Model 

Prediction module focus on the current input and output data of the dynamic 

system, the use of this model is to predict the future behavior of the system. 

A method combining empirical data with system identification can be formed 

by using prior data to predict the future outcome of the system. Here, two 

classical ARX and AR prediction models theoretic studied observed results 

are analyzed in section. 

5.2.1 ARX Model Analyze 

Considering an ARX model for prediction, due to feature extraction 

complication at the time of monitoring, system input signals were 

undetermined. That is due to that, the plant uses PI software to store real time 

data from different equipment. Twenty-One Nash vacuum pump variables 

from one of the production machines with one-month measurements were 

analyzed. The aim was to evaluate the relationship between vacuum pump 

variables with violation errors when occurred. This was done by comparing 

the manual inspection measurements, Beacon measurements and the data 

from the PI software. The results indicated no direct relationship between the 

vacuum pump operation parameter and the violation errors. Operation 

variables are constant most of the time, and small changes occur regularly but 

do not affect the Vacuum pump’s functionality. Besides, a production 

machine is driven at a constant level or with small changes. The analysis has 
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concluded, that data stored in the PI system do not contribute to the vacuum 

pump’s fault. Therefore, ARX model it was not possible to build this model 

with linear input data.  

5.2.2 AR Model Analyze  

Analysis of AR model from a linear function implemented on simulated data 

in from �̂�(𝑡) =  𝑎𝑖𝑦(𝑡 − 1) + ⋯ . +𝑎𝑛𝑎
𝑦(𝑡 − 𝑛𝑎). Data used for building this 

model downloaded from Bluzone server for one-month period and signal 

sampling time was set at 9 seconds. The data collected from each pump in 

form of vibration in three axis (x, y, and z). X axis data from one pump was 

used. Still, Y and Z can be handled in the same way. Therefore, X-axis data 

was enough to begin with. Validation and comparison of these models 

performed by applying criteria for some step ahead prediction. Validation 

process was performed as discussed in section 2.2.2 a), where data from same 

system are divided into groups, training data and validation data were used.  

 

Fig. 6. AR model with 2 steps prediction  
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Fig. 7. AR model with 5 steps prediction  

 

Fig. 8. AR model with 10 steps prediction  

The result of this model (AR) from observed data in the vacuum pump was 

based on output measurement to predict the behavior of the system, as a 

function of previous time series signal and then validate the status of the 

model. Fitting and comparison of the model was performed by tuning its 

parameter such that models output is close to measured output. Fig 6-8 shows 

the prediction results observed; a blue curve indicates measured response and 

a grey curve shows measured output. By comparing the plots above, 

measured data and model output curves together, it means the reliability of 

the model numerical measure fit percentage between 74.62% to 76.6%, of 

three different steps ahead. Validation value has indicated the reliability of 

the model fit obtained by system identification to be low. The validation of 

the model after ten steps ahead gives only 74.62% fit of the output response. 

The result indicates that an AR model is not suitable for predicting vacuum 

pump condition efficient, considering model fit specification. 
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6 Discussion 

This section contains the results of the work of both practical and theory parts 

performed in more details, to indicate the adequate method of condition 

monitoring and error prediction in the vacuum pump. 

A comparison between two different applications used for condition 

monitoring in a Vacuum pump performance was made. An existing 

maintenance system does not give useful information to future analysis. The 

reason for this is that the data from manual inspections is not useful since the 

measurement are made occasionally. This in comparison with the newly 

deployed application, which present real-time data, where a pump online and 

offline vibration monitoring condition reports are provided continuously. 

Furthermore, the offline report is sent daily or weekly to the proposed mail 

address.  

Bluzone console has a function of schematics to illustrate current or historical 

conditions and trend charts which can be used to study the process changes 

over time. Operation data from the sensors can be exported from the cloud 

server database direct to a desktop, where a pump operator and the engineers 

can analyze it and thus make better decision. Further, these weekly reports 

sent by Bluvision to the pump inspector can be used in different ways. Some 

of the variables included in the report are; DutyCyclesTotal, this information 

provide data regarding how many times a Vacuum pump have started/stopped 

in a week. The DutyCyclesDuraton, gives information about the time/days it 

has been operating. Temperature Max/RMS, indicates the average of the 

temperature and vibration of the week or month. The ViolationDuration, 

variable indicates the duration time of an active alarm that occurred and the 

ViolationsTotal, shows the total alarm warnings that raised under one week. 

The analysis made from the report can be used as a guidance when making 

future maintenance plans. 

The implementation of digitalization and AI online vibration monitoring 

application (data collection method and type of monitoring) is profoundly 

influenced by the simplification to the inventions in of Industry and Internet 

of thing (IIo T) technologies [26]. The setup of data collection from the 

equipment points and routes is significant, and it is no longer a cumbersome 

job. The critics of the equipment to monitor, the rate of failure of different 

hardware, and the time to failure from the point the high vibration starts, all 

influence the selection of permanently installed Bluzone cloud server. 
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Another gain from this model is that it is an open source application, whereby 

an authorized user can do own programming or use the default template. Once 

a beacon registered to the cloud, a developer can create a beacon network and 

share it with many different developers. A project can have numerous 

members registered, who can do things with resources that are in the project. 

The Bluzone dashboard is one of these, so once a project Application API key 

enabled, access to design own templates or choose from the templates that are 

available. Beacon ID is universally unique and registered in the Bluzone 

console. Once the Beacon recorded, it cannot be expressed by a different 

project; it provides a secure platform. 

Moreover, during this study different violation errors occurred. The observed 

data was compared to the data received from current manual inspection 

measurement. Most of the times both measurements indicated the same result. 

When it comes to temperature measurement, the current vibration analyzes 

tool indicated 10oC higher temperature compared to the new application 

measurements. With time-based inspection, a pump temperature set point is 

at 80oC. Normally, warning indication reads when the temperature 

approaches 80oC, by the use of vibration analysis tool used. The new 

application sends violation error 10oC temperature less compare to inspection 

measurement. According to Vacuum pump inspectors, it is because the new 

application is more sensitive to small changes than the current vibration 

analysis tool. Currently, DuoTech Accelerometer is the condition monitoring 

vibration tool used for time-based inspect in the vacuum pump. The DuoTech 

accelerometer is single transducer tool used for vibration measurement or 

shock pulse measurement or both. The vibration analysis tool sensitivity starts 

at -12dB and the temperature measurement range is -40oC to +125oC, when 

compare to BLE Beacon, its sensitivity starts at -97dBm and the temperature 

range is -30oC to +77oC. Attachment A&B clarify hardware specification for 

both devices. 

Inspection routine applied today does not sense a fault in a vacuum pump and 

detect it before failure accurately. These faults remain undetected. This study 

has analyzed the inspection routine done from January 2017 to January 2018 

in one vacuum pump. The measurement taken was 60 times, under that period 

6 standard warning signal detected and that means 90% of the vacuum pump 

operated correctly. One threshold was detected, it is a diction that the pump 

works well in good condition, 99%. Still, the pumps had problems that were 

observed by other personnel on duty in the plant by recognizing an abnormal 

sound from the vacuum pump. In this way, the time and money wasted due 
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to unnecessary time-based inspections. Therefore, a solution to detect faults 

can be solved by deploying is to the continuously monitoring application 

developed in this study. After that, vibration analysis tool can be applied to 

diagnose any fault within the vacuum pump. 

A concern occurred with Beacon and BLuFi after installation. During the first 

month after attaching the sensors on the Vacuum pump, there was a problem 

of leakage from the pump which caused the sensors magnet to loosen. It 

caused beacons to untie from the pump which caused the monitoring process 

to a stop. A presence violation error alert was observed via Bluzone 

dashboard. A solution to this problem was to permanent attaching the sensors 

using glue. Another problem raised was that not all relevant staff in the plant 

were aware of the use of BLuFi. There were times were BLuFi disconnected 

from the power supplier by plant staff and this cause the connection error. 

However, a notification error was received about the situation and then it was 

handled. A solution to this problem would be that, the device need to have its 

power supplier remain untouched.  

Another significant factor was, BLE Beacon sensors self-calibration capacity 

should be considered. First, Beacons were configured during the cold period, 

and prediction accuracy was correct when compared with manual inspection. 

However, when the warm period started the plant temperature raised and 

production machine temperature was reset manually. Beacons were not able 

to calibrate temperature automatically, the solution to this problem was to set 

a new learning period for the beacon to learn the change in temperature. 

Thereafter, the application updates were normal.  

Online monitoring plays an essential part for the Vacuum pump’s uptime. 

However, it is also imperative for the pump’s operator to be aware if they 

have installed the correct size of the pump that fulfills the operation needs. 

Thus, other diagnostic cases should pay more attention to high horsepower 

case, a pump should not operate more than at its actual operation level. The 

information about the pump operation level should therefore be compared to 

a pump data sheet. Many problems can arise in a pump which needs to be 

aware of, example, vacuum problem, variations in sealwater temperature, 

leaks in the system, an unusual vibration that can depend on misalignment, 

wrong installation of a different dimension and of course bearing problems. 

The combination of online monitoring with proper pump diagnostics can lead 

to avoidance of failures in the pump [10]. 
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AR model results did not meet expectations. The reason for that could be the 

system studied was nonlinear, which is the nature of the industrial process. 

For all that, ANN, SVM and SVR could be a possible solution to solve this 

problem, since it is a common approach when solving nonlinear system 

problems and also these methods are also used in building model for 

prediction purpose. As for the ARX test, the problem faced was the absence 

of the input signal, as mentioned before in Section 5.21. 
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7 Conclusion  

In this section, the results of the work in both practical and theory parts are 

resonated, but above all comparisons, of the technology used today at the 

plant and a new invented application is underlined. Further, a suggestion for 

the adequate methods for error prediction model in the vacuum pump 

proposed. 

This study has deployed a digitalized an online monitoring solution in a Nash 

vacuum pump in a production paper machines aiming to introduce predictive 

maintenance through machine learning techniques. More specifically, the 

exploitation of a model, based upon using machine learning algorithm 

techniques that offer a variety of advantages. The condition and status of the 

machine were predicted as a result of the collected data from the sensor. 

Besides, the technology of assembling data in a pump is simplified, and 

historical data can be retrieved quickly. The deployed application learns the 

equipment behavior automatically. Online monitoring approach allows the 

continuous update of data related to the vacuum pump’s condition and the 

executed repeatedly occurs, in a minimal interval. Therefore, it is easy to 

observe the state of each equipment. Further, historical data required for 

equipment diagnostic analyze, can be downloaded from the Bluzone console 

in an easy way since all data stored in the encrypted data base in the cloud 

server. 

 When comparing the newly deployed application with the current condition 

monitoring system in a vacuum pump, it is clear that the online condition 

monitoring prediction approach is better for high failure rates and unexpected 

time to failure. On the other hand, time-based maintenance is somehow more 

useful for the equipment that does not have a high impact on the production 

process and where failure is not as costly. Additionally, this application will 

benefit Billerudkornäs in reducing uptime, increase reliability, and minimize 

maintenance costs. 

For the future study, a better way of input data storage into the vacuum pump 

must be developed. With correct input data, the methods such as ANN, SVM, 

SVR, and ARX can be tested to build a better error prediction model. 
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9 Attachments  

 

 Hardware Specification  

A) Beacon sensor data sheet 
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B) DuoTech Accelerometer tool data sheet. 

 

 

 

 
 
 
 


