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Abstract 

This project discusses the use of System Identification for Smart Maintenance. 

System Identification is the process of finding a mathematical model of a 

system using empirical data. The mathematical model can then be used to 

detect and predict the maintenance needs, which is considered as Smart 

Maintenance. Smart maintenance strategies have gained pretty much importance 

recently, since it contributes to economically sustainable production. This 

project uses the LAVA-framework, proposed in [1] for non-linear system 

identification, which has the capability of explaining the dynamics of the 

system very well, and at the same time follows the principle of parsimony. A 

nominal model is first identified using data from a system that operates under 

normal operating conditions, then the identified nominal model is used to 

detect when the system starts to deviate from normal behavior, and these 

deviations indicate the deteriorations in the system. Furthermore, a new 

Multiple Model Method which is developed in [2] using the similar idea from 

LAVA, is applied on the large data set of a system that operates on separate 

batches and units, which identifies individual model for each batch and unit, 

which is then used to detect the deficient units or batches and changes in the 

system behavior. Finally, the proposed methods are applied to two different 

real world industrial cases; a Heat exchanger and a Wood Moulder Machine. 

In the first, the purpose is to detect the dirt in a Heat Exchanger, and in the 

second, the goal is to detect when the tool in a Wood Moulder Machine needs 

to be changed. 
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Appendixes 

In appendixes, all those materials related to the project is given which is not presented in 

the main report. 

 

Appendix A 

In appendix A, matlab code for setting the data unitwise is given, where each unit contains 

at least 400 samples. First taking the output y(k) from data structure, but since the output 

contains many units and batches, therefore a threshold 2.2 mAmp is set to separate units 

by zeros. Then all the zeros are removed and only the non zero units are grouped together 

in cell array. There were many units which contains very less sample, so all those units 

were removed which contains less than 400 samples, and only keep those units which 

contain at least 400 samples, which is then used for identification purpose. 

 

Appendix B 

In appendix B, matlab code for setting the data batchwise is given, where each batch 

contains at least 20,000 samples or 50 units. First taking the output y(k) from data 

structure, but since the output contains many batches, therefore a threshold 1 mAmp is 

set to separate batches by zeros. Then all the zeros are removed and only the non zero 

batches are grouped together in cell array. Then all those batches were removed which 

contains less than 20,000 samples, and only keep those batches which contain at least 

20,000 samples, which is then used for identification purpose. 

 

Appendix C 

In appendix C, the procedure for rest of  tool names identification is  given, since in the 

main report, only one tool name is identified. 
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1 Introduction 

1.1 Background 

 

Maintenance can be defined as an assemblage of technologies and 

practices that consist of technical skills, engineering techniques, practical 

methodologies, and scientific theories to preserve the operation of 

machines and systems. Maintenance costs are a significant portion of 

every company's expense budget. An intelligent maintenance system 

brings together technology, data analyses, prognosis, and resource aiming 

for the machines and systems to achieve highest possible performance 

levels, along with optimizing the maintenance cost in real time.  

 

Smart maintenance strategies are becoming increasingly important in the 

industry, and can contribute to both more environmentally and 

economically sustainable production. Since the industrial revolution, the 

world of industry has moved from traditional time based maintenance to 

more advanced smart maintenance technique. Traditional time based 

maintenance is purely based on scheduled time, where maintenance of 

machines or tools is done after a specific scheduled time. However the 

drawback of purely time based maintenance is that time to failure of 

identical tools or machines varies even under the same conditions [3]. It 

leads to more maintenance than actually needed, and can at the same 

time mean that failing is detected too late. Due to the unreliability of 

purely time based maintenance, it is better that the life  time of a machine 

or tool to be monitored online, that would help us to identify the 

degradation and failure of machine in real time [4]. 

 

Now, with the recent development in the industry, it is possible to 

deploy Cyber-Physical Systems in a systematic way [5]. In CPS, an 

important part is played by cyber-twins, which are responsible for using 

collected data in order to monitor the status of each component or 

machine. In this project, latent variable framework (LAVA) is used [1], 

which uses data adaptive regularization to handle flexible model 

structures, it also follows the principle of parsimony, that means it favors 

simple models, and add more complexity if required. Furthermore this 

method can be implemented in a recursive way, which means that the 

model of a system can be efficiently updated every time a new data 
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sample arrives. 

 

Furthermore, this project uses the idea of Multiple Models [2] on large 

data set to identify a nominal model for each unit and batch that is 

processed in some machine. Then using that unique model, it is shown 

how the behavior of the machine changes between batches or units. 

 

1.2 Aim of the Project 

 

In this project methods for smart maintenance are studied. In particular 

the aim of this project is to use the collected large data-set from a Wood 

Moulder Machine at Svenska Fönster AB and a Heat Exchanger at SSAB, 

in order to see if it is possible to detect and predict maintenance needs. 

 

1.3 Specific Goals  

 

The specific goals of this project are given below: 

 

 Apply the method [2] on larger set of collected data of Wood Moulder 

Machine at Svenska Fönster AB in order to detect and predict 

maintenance. 

 Apply the pure LAVA method [1] on a Heat Exchanger at SSAB to detect 

fouling in a Heat Exchanger, in order to improve the cooling efficiency of 

Heat Exchanger. 

 This project is focused on the United Nations Agenda 2030, which counts 17 

Sustainable Development Goals, to transform global economies towards a 

sustainable development, and where goal number 9 specifically emphasizes 

to promote sustainable industrialization. 

 

1.4 Tools used in this project 
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 Iba Analyzer software  

 Matlab Software 

 

1.5 Structure of the report 

 

The layout of this report is as follows: 

– In the first half of Section 2, this project presents the background and 

different kind of research carried out related to smart maintenance till date, 

then in the second half the method flexible model structure [1] is presented, 

as well as a new method which is developed in [2] using a similar idea from 

LAVA, to detect changes between batches and units. 

– In Section 3, the two methods are applied to two real world industrial cases 

that is Wood Moulder Machine at Svenska Fönster AB and a heat 

exchanger at SSAB. 

– In Section 4, the results and the chosen methods are discussed, as well 

as the strength and weaknesses of these methods. 

– Finally in Section 5, the results are concluded, as well as the future 

work that is needed. 
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2 Theory 

In the first half of this chapter, the research related to smart maintenance will be 

discussed; that is from break down maintenance to conditional and preventive 

maintenance. In the 2nd half, an overview to System Identification is given and the 

Multiple Model Method proposed in [2] and the pure LAVA-framework proposed in 

[1] are presented which are used in this project for the purpose of smart 

maintenance. 

 

2.1 Smart Maintenance Literature Review 

 

With the fourth stage of industrialization, the so-called Industry 4.0, 

there is a dramatic increase in industrial productivity. Industry 4.0 is all 

about leveraging new technologies such as big data applications, IoT, and 

digitalization, that makes it possible to gather and analyze the data across 

machines, enabling much more faster, flexible and efficient processes to 

ensure that all the tools which are required for production operates  at 

100% efficiency all times to get higher production at low cost [6]. This 

development provides immense opportunities for the realization of 

sustainable manufacturing. It makes machines smarter, factories more 

efficient than before, processes less wasteful, production lines becomes 

more flexible and productivity becomes higher[7]. 

 

In today’s highly competitive world, smart maintenance is not about 

going from fail to fix, but rather it's about prevent and predict, so that 

high quality products must be delivered timely and cost effectively, that 

is why the importance of smart maintenance cannot be ignored in this 

developed era.  A failure of any component or machine will cause loss in 

productivity  and can lead to many other environmental and safety 

problems,  that is why the importance   of smart maintenance cannot be 

ignored. Smart maintenance helps to increase productivity, reduce  

maintenance costs, extend equipment life, ensure compliance, enhance 

safety, reduce energy consumption and reduce CO2 emission. Due to 

potential advantages research on machine fault diagnosis and prognostic 

has been developing dramatically [8]. 
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Taking into consideration the possible problems of production and 

manufacturing, smart maintenance has gained more attention from 

researchers and practitioners, but unfortunately it received much less 

attention in the past, and that can be the reason leading to low 

maintenance efficiency at present [8]. As per study, depending on the type 

of industry, maintenance cost can be 15-40% of the production costs. For 

example, 600,000 million dollars were spent on maintenance in 1989 in 

a selected group of industries [9],[10]. As a percentage of total value-

added costs, maintenance costs could be 3-15% for manufacturing and 

processing industries, 20-25% for mining and 15-25% for metal 

industries [11]. 

 

Now, with the automation and augment of mechanization, maintenance 

cost has been increased substantially since many modern plants have 

installed automatic computer controlled equipment. Hence, historically 

various management functions consider maintenance as a necessary evil. 

The trend in industries has now been changed from necessary evil to a 

profit contributor to achieve global and world class competitiveness [12]. 

Consequently, thousands of scientific papers are being published on 

maintenance area in past few years. In all these publications, maintenance  

strategies moved from breakdown maintenance to preventive 

maintenance, then to condition based maintenance and recently to more 

advanced predictive maintenance. 

 

In breakdown maintenance no actions are taken until the machine or tool 

breaks. After that the tools are repaired or changed by new ones. 

However it causes great loss to the industry since the production can be 

stopped for unscheduled time and there is high cost to restore the failed 

equipment. Due to this, maintenance moved from breakdown 

maintenance to preventive maintenance in 1950. In Preventive 

Maintenance, suitable periodic intervals have been set to inspect 

machines in order to prevent catastrophic failures and emergency 

shutdowns. But the drawback was that scheduled based maintenance 

sometimes leads to more maintenance than needed [3]. Then the 

maintenance has moved one step further towards Condition Based Main- 

tenance, that include diagnostic and prognostic module to monitor 

machines health based on some conditions that helps to know whether 

the machine is in need of maintenance or not, and when the maintenance 

need to be executed [8]. And with the revolution of industry 4.0, the 
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trend of maintenance has been changed to Predictive Maintenance, 

where fault or degradation of a machine can be predicted in real time 

[13]. 

 

There is a huge and diverse literature on machine fault diagnosis and 

prognosis due to a variety of components, parts and systems. Here we 

will take an overview on the advanced research in this specific field. 

 

2.1.1 Machine Fault Diagnosis 

 

Many methods have been proposed in the past few years in order to solve 

machine’s fault diagnosis problems. Commonly employed solution are (1) 

Model-based approach, (2) Knowledge-based approach and (3) Pattern 

Recognition-based approach[14]. 

 

2.1.1.1 Model Based Approach 

 

In model based approaches, mathematical models have been developed to 

check the consistency between behavior of the process and our 

measurements. These models could be physical model or explicit 

mathematical model, and these models can be obtained using system 

identification [15]. A large number of models have been examined for 

fault diagnosis including Linear System Models [16], Component Models 

[17], Process Models [18], Graph Models [19], [20], and Behavioral 

Models [21], [22]. These model based approaches have been successfully 

applied for fault diagnosis of many systems such as rotors [23], [24], gear 

boxes [25], [26], and cutting tools [27]. 

 

2.1.1.2 Knowledge Based Approach 

 

Also known as Expert Systems. In this approach potential fault has been 

recognized from the online monitored data based on some expert 

knowledge and previous experiences. The knowledge includes 

performance criteria, location of input and output process variables, 
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operational constraints, fault symptoms and pattern of abnormal process 

conditions [8]. But the drawback of this approach is that during 

implementation it is very expensive and time consuming, but they are 

dedicated to equipment or tool fault diagnosis and are reported in many 

literatures [28], [29]. 

 

2.1.1.3 Pattern Recognition Based Approach 

 

Pattern recognition based approach can be applied both manually and 

automatically. Traditionally this approach is done manually by using 

graph tools such as phase spectrum graph, power spectrum graph and 

wavelet phase graph etc. However manual pattern recognition required 

highly skilled personnel. That is why automatic pattern recognition is 

more desirable. In automatic pattern recognition, signals are classified 

based on the features extracted from the signals [8]. Pattern Recognition 

Approach also include artificial intelligence techniques, that have been 

applied to machine fault diagnosis [30], and are often superior in 

performance as compared to traditional manual recognition approaches. 

 

2.1.2 Machine Fault Prognosis 

 

The research on machine fault prognosis is small as compared to machine 

fault diagnosis. Most commonly used prognosis is to use the current and 

past information of machine condition to predict the time left before a 

failure can occur, and that is usually called Remaining Useful Life. 

Commonly employed solution for Machine Fault Prognosis fall into three 

categories: Statistical Approach, Model Based Approach and Data Driven 

Based Approach [8]. 

 

2.1.2.1 Statistical Approach 

 

It is the most simplest form of machine fault prognosis technique, that 

collects statistical information from large number of components, 

indicating the survival time of components before failure could occur, and 

using these statistics, Remaining Useful Life of individual component is 
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predicted [31]. The disadvantage of this approach is that it just provides 

the overall estimate for the entire population of same and identical units  

[8]. 

 

2.1.2.2 Model Based Approach 

 

In Model Based Prognostic Approach, an accurate mathematical model is 

constructed from physical system taking into the considerations all the 

laws, frictions related to that system. Different model based prognostic 

approaches were proposed in [32], [33], [34]. The disadvantage of this 

method is that one should know about all the physical laws associated 

with the system [35], and this kind of modeling also includes some 

restrictive assumptions. However such theoretical analysis has to be 

redone for each component and machine, and sometimes it is nearly 

impossible for a complex system [36]. Hence, such theoretical analysis 

would not be ideal for smart maintenance purpose. A solution to this 

problem could be to utilize the methods from system identification in 

order to construct a model from collected data. This leads us to the data 

driven based approach. 

 

2.1.2.3 Data Driven Based Approach 

 

Data Driven Based Approach is also known as Machine Learning 

Approach. It builds a suitable prognostic model using a large amount of 

historical failure data to analyze the behavior of the system [8]. A 

common way to employ machine learning techniques is to use artificial 

neural networks (ANN) to analyze the behavior of the system [37], [38], 

[39]. In ANN, the nonlinear model is directly learned from the measured 

data. The main advantage of data driven approach is that it avoids 

restrictive assumptions made in physical modeling that are not accepted 

in practical applications. However, the limitation of a very flexible model 

structure such as different ANN methods may lead to overfitting [38].  
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2.2 System Identification  

 

The purpose of system identification is to determine mathematical 

models from empirical data. In most methods a model of the system is 

needed, e.g. a transfer function H(s), differential equation, or state space 

form, to control and analyze the systems.  But behind that H(s) there  is a 

real-world system [15]. For instance, Figure 01 shows a Gabbiani Wood 

Moulder machine which is a real world system for cutting woods, and we 

will identify a suitable model for this machine using System 

Identification. 

 

 

 
Fig. 01 System(Gabbiani Wood Moulder) for which a model can be identified [40] 

 
How do you find the mathematical model of a real world system? This 

can be analyzed for the Gabbiani Wood Moulder Machine shown in 

Figure 01, or another system altogether such as airplane, and heat 

exchanger etc. 

 

2.2.1 Modeling Principles 

 

There are two different ways to find a model of the system under consideration. 

These two different modeling techniques are presented in this section.  
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2.2.1.1 White Box Modeling 

 

First, we must create a model of the first principles from Newton's laws, 

Maxwell’s equations etc. For very complicated systems this type of model 

becomes very time consuming and in some instances, nearly impossible [36].  

 

2.2.1.2 Black  Box Modeling 

 

Black-box modeling is closely related to machine learning. In Black-box 

Modeling, inputs and outputs are measured from the system, and find a 

mathematical model that explains the empirical data well [41], see Figure 

02. 

 
Fig. 02 shows a system with input u(k) and output y(k) 

 
 

We took the black-box approach for system identification in this project. 

By measuring y(k) and u(k), our hope is to identify/learn a model that is 

useful for smart maintenance of a Heat Exchanger at SSAB and Wood 

Moulder Machine at Svenska Fönster AB. In order for the model to be 

successful, it must also be able to account for disturbances. Data is 

collected at discrete points in time, therefore discrete-time models is 

typically used in system identification. 

 

2.2.2 System Identification Method in General 

 

A typical approach to system identification can be summarized following 

the flow chart shown in Figure 03 as: 
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Design an experiment, test it on the system, and collect data. Then 

deecide what types of models we are considering (e.g. linear models of 

certain order, neural networks etc). Among the consider models, choose 

the one that is best at explaning the data. Validate the model. This is an 

iterative process and may need to be adjusted as the system progresses. 

We might for example consider a different collection of models, and/or 

collect additional data if the validation is not satisfactory. 

 

 

Fig. 03 shows a flow chart illustrating System Identification Process 

 

 

 

2.2.3 Model used in this Project 

 

Choosing the structure of the model is very important. In this project 
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flexible model structure proposed in [2] is used. To avoid the problem of 

overfitting, an intuitive way is to use the principle of parsimony, that 

means that typically the simplest solution is the best. Like if a linear 

model describes the measured data well enough for our purpose, then it 

is often better to use linear model than nonlinear model. But the problem 

with a simple model is that it may not capture the whole dynamics of the 

system [42], but typically the simplest solution is the best, if that is well 

enough for our purpose. On the other hand flexible models capture the 

whole dynamics of the system, but it leads to the problem of overfitting 

[43]. 

 
The above discussion concludes that the idea of flexible model structure 

is totally opposite to the principle of parsimony. This is why, many 

regularization technique, like LASSO [44], have gained much popularity. 

Using regularization technique the models complexity and the models 

ability to explain the data is balanced simultaneously. Another problem 

with flexible model structure is that a large number of hyperparameters 

must be set by the user, and these parameters can affect the outcome a 

lot. For example, in ANN methods the learning rate, number of neurons, 

and number of iterations etc, must be chosen wisely to avoid overfitting 

[38]. Now, when we apply a regularization technique like LASSO, it 

introduces its own regularization parameters, and there is no clear way to 

select these parameters, since they have no direct relation to the physical 

system. Hence, the user has to try several different tuning parameters, 

which can be time consuming, and thus reduces the applicability of these 

methods [2]. 

 

In this project, the latent variable framework (LAVA) [1] is used, which 

uses data adaptive regularization to handle flexible model structures, due 

to which the regularization parameters are learned automatically from 

the data instead of being tuned by a user as in e.g. LASSO. In the LAVA-

framework, learning of a diverse set of machines and components are 

facilitated. It also follows the principle of parsimony, that means it favors 

linear models, and adding nonlinear terms if required. Furthermore this 

method can be implemented in a recursive way, which means that the 

model of a system can be efficiently updated every time a new data 

sample is arrived. Hence, in a Cyber Physical System, for each new data 

sample the internal model can be updated by the cyber twin of the 

system. 
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Furthermore,  this project uses the method of multiple models from [2] 

on a large data set to identify a nominal model for each unit and batch 

that is processed in some machine. Then using that unique model, it is 

shown how the behavior of the machine changes between batches or 

units. It gives deviation of each batch and unit from a nominal model, 

which can be used to detect degradation of a machine, and deficient 

batches or units [2]. 

 

2.2.3.1 The LAVA-framework 

 

To develop a model for the system under consideration using black box 

approach, the LAVA-framework suggested in [1] has been considered, since 

model structures in this framework is very flexible and account for both 

nonlinearities and correlation in the noise sources, and in order to handle 

the flexibility, data-adaptive regularization is used in a way that promotes 

parsimonious models. This framework has already been applied to several 

real-world systems, see e.g. [45], [1]. 

 

In order to describe the model, let Dt contain the first t samples of the 

inputs and outputs, Dt = {y(1), u(1),..., y(t), u(t)}. The idea here is to start 

with a simple linear model, which can be written as [46] 

 

                                      y(t) = ΘΦ(t) + Є(t),                                (1)    

                                                                                                                         

where y(t) is the output at sample t, Θ is the nominal model to be 

identified, Φ(t) is the regression vector containing past inputs and 

outputs, and Є(t) is the prediction error. 

 

A nominal one step predictor for this model can be written as  

 

                             ŷ(t) = ΘΦ(t).                                             (2) 
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In standard linear ARX models identification, the prediction error Є(t) = 

y(t) - ŷ(t) is assumed to be white noise process with Gaussian distribution 

[47]. The maximum likelihood estimate of the nominal model Θ is 

reduced to linear least square solution. White noise assumption is only a 

good approximation around some fixed operating point, but this type of 

system identification fails to take possible nonlinearities into 

consideration. That is why to consider more flexible structure that takes 

into the consideration the possible nonlinearities and correlated noise 

sources, a different model for the prediction error proposed in [1] is 

used 

 

                                        Є(t)|Dt-1, Z ∼ N (Zγ(t), Σ),                                    (3) 

 

where Z ∈ Rny×nγ is a latent variable, with Gaussian Distribution having mean 

Zγ(t) and unknown covariance Σ. γ(t) is a known nonlinear function of Dt-1. 

By choosing γ(t) as some general basis expansion, Zγ(t) can express a wide 

range of functions. However, to make the basis expansion long enough, 

γ(t) must have high dimensions, which may lead to problems with e.g. 

overfitting. This problem is handled by  data-adaptive regularization using 

a prior belief distribution by keeping the mean of Z = 0  

 

                                                 vec(Z) ∼ N (0, Λ),                                         (4)                                                                                                                                                

 

where vec(.) is the vectorization operation, and Λ is an unknown 

covariance matrix. The rationale for the prior zero mean is that, with Z 

= 0 the error model in (3) reduces to the white noise assumption 

typically used for linear models. However, when data is collected, the 

posterior belief distribution of Z is obtained using Bayes’ rule 

 

                                                   𝑝(𝑍|𝐷) =  
𝑝(𝐷|𝑍)𝑝(𝑍)

𝑝(𝐷)
.                                        (5) 

 

Finally, with this data-driven prediction error model, where nonlinearities 

and correlated noise sources are also considered, it is possible to refine 

the predictor in (2) 
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                               ŷ(t) = E[y(t)|Dt-1] = Θϕ(t) + Ẑγ(t),                          (6)                   

 

where Ẑ  = E[Z|Dt-1], and the prediction error is Є(t) = Ẑγ(t), Now, in order 

to use this predictor, we must first identify the parameters Θ and the 

covariance matrices Σ and Λ. In [1] it is shown how this can be done in a 

recursive manner by utilizing the majorization minimization approach 

[48], in order to find local maximum of the likelihood p(y|Θ, Σ, Λ). It was 

also seen that the resulting convex optimization problem leads to estimates 

Ẑ  that are sparse, meaning that most elements in Ẑ  are typically estimated 

to equal zero. This property leads to simple explanation of the data, in 

accordance with the principle of parsimony. 

 

2.2.3.2 Multiple Model Method 

 

In manufacturing, it is interesting to see if a machine, component or tool 

changes its behavior between units or batches. This change in behavior 

would help to indicate the degradation of the system, or some problem 

with the unit or batch which is currently processed. For a Wood Moulder 

Machine similar idea is used as suggested in Multiple Models [2], but on the 

large set of data to estimate of nominal model of a system, either using 

units data or batches data. Then by studying the deviation of each batch 

and unit from nominal model, system deterioration, bad batches and bad 

units can be detected. 

Model of the system is first identified using Linear Least Square method as 

(1) [46] 

 

                                                   yi(t) = Θϕi(t) + Єi(t),                               (7) 
 
 

where yi(t) is the output at sample t from unit or batch i, Θ is the nominal 

model to be identified, ϕi(t) is the regression vector containing past 

inputs and outputs, but here in the case of data collected from Wood 

Moulder Machine, it contains only outputs, and Єi(t) is the prediction 

error. 
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The nominal model Θ of the system  is  identified  using  Linear  Least  Square  

method  under  normal operating conditions [46], where the deviation Ẑi is 

considered to be zero.  However,  the dynamics changes when a bad unit or 

batch is processed or when the  system performance deteriorate. So to handle 

the changes in dynamics between the batches or units, an error model  as (3) 

from [2] is used 

 

                                                    Єi(t)|Dt-1, Z ∼ N (Ziϕi(t), Σ).                                    (8) 

  

Now, the optimal predictor for this error model can be written as 

proposed in [2] 

 

                                                     ŷi(t) = (Θ + Ẑi)ϕi(t),                               (9) 

 

 

where Ẑi  shows the deviation of each Batch or Unit i compared to the 

nominal model.  The goal here is to determine how much the dynamics of 

the system during Unit or Batch i  differ  from the dynamics of the system 

during normal operating conditions. If they differ significantly, the Unit or 

Batch, and the system need to be examined, and therefore maintenance may 

be needed.  Hence, we would want Ẑi to be closed to zero as long as the 

system behaves in a proper way.  When  this  deviation Ẑ i  exceeds  some  

threshold,  anomalous batch  or  unit  would  be  concluded. The threshold 

is set manually based on application specific tolerances. 
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2.3 Real World Industrial Applications 

 

In this section the two applications considered in this project are presented. 

Considerations for the use of smart maintenance is also discussed. 

 

2.3.1 Wood Moulder Machine at Svenska Fönster AB 

 

Svenska Fönster is using different tools for cutting woods to make frame of 

windows, they change the cutting tool according to a customer demand. 

The tool names are identified from the collected data of 2 months, their 

names are follows: 

 FAST BALANS 

 110009322 

 110009331 

  FAST RAK 

 110009315  

 110009218 

Therefore, during the day either they work with the same tool or they 

change to different tool. Here in this section it is presented that how the 

data is collected and then processed offline before applying identification 

method. The whole system identification process for Wood Moulder 

Machine is illustrated in Figure 04. 
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Fig. 04 shows a flow chart illustrating the System Identification Process of a Wood Moulder 
Machine 

 

 

2.3.1.1 Data Collection and Pre-processing 

 

Data can be collected either directly from the control system system or 

from the sensor itself. In this project specifically, the data collection is a 

combination of new measurement and existing signals from control 

system. The new measurement signals are motor currents, and these were 

collected with a sensor IbaDAQ-S at the sampling rate of 10 ms. The only 

signal used in this model is the motor current y(k). 

 

Next, identify the tool names using Iba Analyzer Software from the data 

that has already been collected over the past two months. After 

identifying the tool names, individually export each tool data from the 

entire two months of all six tools. This is done using Comtrade ASCII 

Format in Iba Analyzer Software, since this format is readable for Matlab. 
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Then, use the Public shared read Comtrade function for actually reading 

the data. This gives all the data information of current phases, start and 

end time etc. Next, a threshold 1.5 mili ampere is set for cleaning the 

data. This is done in order to isolate the data from the system only when 

there is wood present. Therefore all those data is removed when there is 

no wood present or when the machine is turned off by setting this 

threshold. 

 

Then, individual tool data over the past two months is combined into one 

mat file, so we get the whole two months data for all corresponding 

tools, which is the final cleaned current data y(k). Since the data consisits 

of units and batches, therefore the data is first set both units wise and 

batches wise, and then both units and batches wise data is used for system 

identification. This concludes the pre-processing that is used for this 

project. 

 

 

2.3.1.2 System Identification and Deviation 

 

For a Wood Moulder Machine, since the data can be divided into units 

and batches, it is natural to use multiple model method discussed in 

Section 2.2.3.2. The goal is to identify the nominal model Θ on Units or 

Batches data, where it is considered that the system behaves in a proper 

way, this means that the deviation is assumed to be zero, that is Ẑi  = 0 

for this data portion.  Using Linear Least Square, System Identification is 

performed, and when a nominal model of Θ is found, Ẑi  can be computed 

for both units and batches using the approach proposed in [1]. The 

approach of multiple model method is tested on a Wood Moulder 

Machine in Section 3.1. 
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2.3.2 Heat Exchanger at SSAB 

 

A heat exchanger that needs to be cleaned after some intervals due to 

fouling with some regularity. The heat exchanger should be able to 

provide the process with cooling water. Here, water from a nearby river 

is used as cooling media. Due to fouling, the cooling efficiency is reduced 

and the pressure drop is increased. Of these two, the reduced cooling 

efficiency is the most dominant effect that needs to be taken into 

considerations [49], [50], [51]. Here, the inputs u(t) to the predictor 

model is the temperature in the process and river water before the heat 

exchanger and the flow of process and river water. The output y(t) is the 

outgoing temperature on the process side. The whole system 

identification process for Wood Moulder Machine is illustrated in Figure 

05. 

 

Fig. 05 shows a flow chart illustrating the System Identification Process of a Heat Exchanger 
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2.3.2.1 Data Collection and Pre-processing 

 

For the Heat Exchanger, the data is sampled once every minute for 184 

working hours. All measurements are taken from an existing control 

system. The data I got for Heat Exchanger was in Excel Sheet, containing 

many columns for different data. The goal was to export the data to 

matlab and use if for identification purpose, to detect the dirt in a Heat 

Exchanger, in order to improve the cooling efficiency of Heat Exchanger 

by timely cleaning.  

 

2.3.2.2 System Identification and Deviation 

 

In order to find a model for the heat exchanger, the pure LAVA-

framework presented in Section 2.2.3.1 is applied for smart maintenance 

to a Heat Exchanger at SSAB. The linear regression vector is chosen as 

 

                                            ϕ(t) = [y(t − 1) u(t − 2) 1]T,                                  (10) 

 

where the purpose of the 1 in the last row is to model bias in the system. 

The nonlinear function γ(t) is a function of ϕ(t), and the Laplace basis 

expansion was used due to its good approximation properties.  The 

expansion was chosen so that Ẑ contained 1024 elements.  However, the 

method is insensitive to the number of elements in Ẑ , so increasing the size 

of Ẑ would not make much of a difference in the result. The first 24 hours 

of data, i.e. 1440 samples, were used for identifying the model.  After the 

identification, only 5 of the elements in Ẑ   was estimated to be non-zero, 

showing that the identification method finds a parsimonious model for 

the heat exchanger. 

 

Since the method LAVA-framework is a recursive, therefore the system 

parameters can be automatically updated when a new sample is arrived. 

Hence from the changes in parameters, one can easily detect when the 

system starts to deviate from nominal behavior (normal operating 

conditions). But since the parameters change does not give any physical 

insights of the system, therefore it will not be a good idea to rely on 
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parameter changes for any system deterioration.  

 

A more clever way is to find a model for a system under normal operating 

conditions using the LAVA-framework discussed in Section 2.2.3.1. Once 

the model is identified, it is then used to simulate the output of the system. 

Then compare the simulated output and actual output from the system, if 

the simulated output deviates from actual output of the system, then the 

system will no longer be operating under normal conditions, and thus 

maintenance may be required. This approach has been tested on a Heat 

Exchanger in Section 3.2. 
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3 Process and Results 

In this chapter, the proposed methods in [2] and [1] are applied on two real world 

industrial cases. Multiple Model Method discussed in Section 2.2.3.2 is applied on 

the large data set of Wood Moulder Machine at Svenska Fönster AB, and the 

pure LAVA-framework discussed in Section 2.2.3.1 is applied to a Heat 

Exchanger at SSAB. In both cases the goal is to detect and predict the 

maintenance needs. However, before applying the proposed methods for 

the purpose of maintenance, the data is first pre-processed offline 

according to Section 2.3.1.1 and 2.3.2.1.  

 

3.1 Wood Moulder Machine at Svenska Fönster AB 

 

In this section we discuss that, how the newly collected data of Svenska 

Fönster is sorted,  so that it becomes readable for Matlab, and then 

cleaning the data, that means only useful data is used from the system 

when the machine is turned on, and rest of the data is removed.  

 

Here in this project, for the processing part Iba Analyzer and Matlab is 

used to analyze the signal and sort the current (Amp) with respect to the 

tool name. Additionally, Linear Least Square is used to identify a nominal 

model Θ for some batches or units of data, and this model Θ is then used 

to compute the deviation Ẑi  of other batches or units from nominal model 

using the approach as discussed in Section 2.3.1.2, to try to predict when 

the machine needs maintenance. 

 

Here the collected data from Wood Moulder Machine is in raw format. 

Our demand is to get current (mAmp) information for each tool, since 

the raw data does not directly indicate which current (mAmp) 

information is representing which tool, which can be clearly seen from 

Figure 06. 
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                                                         Fig. 06  shows the raw data, where it can't be identified that which batch or unit of current is 
corresponding to which tool 

 

Therefore, tool names are identified first. See Section 2.3.1.1. 

 

3.1.1 Tool Names Identification 

 

From the initial information of data file, it can be seen that 12 different 

tools are used by Svenska Fönster each day, namely Verktygnr1, 

Verktygnr2, Verktygnr3, and upto Verktygnr12, see Figure 04. Tool 

names are identified using a software called Iba Analyzer, which is used to 

analyze different signals. The procedure is easy, just drop the tools like 

Verktygnr1 and so on, to the graph window of Iba Analyzer, and write 

down the decimal value of each tool number, and then convert it to a 

corresponding character according to the ASCII table, in order to get the 

entire tool name. Since we have 12 tools from initial data, that means tool 

name will contain 12 characters. Figure 07 shows the decimal value of 

data collected on April 30, 2018. 

 

 

                                Fig. 07 shows that each color represents the decimal value of each tool i.e Verktygnr1, Verktygnr2, 
Verktygnr3, and upto Verktygnr12 
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The decimal value represents an ASCII code of a character, which can be 

found using ASCII Table. Since 12 tools i.e Verktygnr1, Verktygnr2, 

Verktygnr3, and upto Verktygnr12 are used every day, as they are shown 

in Fig. 03 by their decimal value. Using ASCII Table, the decimal value is 

replaced by character, and hence tool names are found. Each tool name 

consists of 12 characters. Table. 01 shows how the tool names are 

identified from the initial data information. 

 

 

Table. 01 shows the tool name FAST RAK, which is identified using the initial data information 

 

 
Table. 01 shows only the data information of one day, where the tool 

name FAST RAK is identified, and since the available data is from 50 

days, therefore to identify all the tool names used in these 50 days, it is 

must to look upon all the days to get all the tool names for the available 

data. Same method as in Table. 01 is applied on all the available data, and 

it is found that six different tools are used by Svenska Fönster in these 50 

days given data.  Their names are as follows: 

 FAST BALANS 

 110009322 
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 110009331 

  FAST RAK 

 110009315  

 110009218 

 

Same procedure is applied to find the rest of tool names, See Appendix 

C. After identifying the tool names, it can be seen from data, that which 

units or batches of current belong to which tool as shown in Figure 08. 

 

 

                                                       Fig. 08 shows the current (mAmp) and its corresponding tool, different tools are represented with 
different color bars. 

 

From Figure 08, it can be seen that there are five different tools used on 

March 26, 2018. Now after identification of tool names, it is easy to 

extract current information corresponding to its tool by looking upon the 

whole 50 days data. 

 

3.1.2 Extracting current data with respect to its corresponding tool 

 

There are different ways to extract current data with respect to its 

corresponding tool. One way is by using Iba Analyzer and select the 

particular tool data and extract it to Comtrade format, this is done 

manually by cropping the respected tool data in graph window of Iba 
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Analyzer, and in the end combine all the similar tool data of 50 days into 

one array using Matlab. In the end we will get the corresponding current 

data array y(t) of 50 days for all six tools. Below Figure 09 shows 50 days 

current data of FAST RAK, and similar type of data is obtained for all six 

tools. 

 

Fig. 09 shows current data of tool FAST RAK, the data contains many units and batches 

 

Same method is applied on the rest of the data to get the corresponding data 

for each tool, and they can be seen in Figure 10 - Figure 14.   

 

 

Fig. 10  shows current data of tool FAST BALANS,  

the data contains many units and batches 

 

 

 

 

Fig. 11 shows current data of tool 110009331, the 

data contains many units and batches 
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Fig. 12 shows current data of tool 110009315, the 

data contains many units and batches 

 

 

 

 
Fig. 13 shows current data of tool 110009218, 

the data contains many units and batches 

 

                                                                  

 

 

Fig. 14 shows current data of tool 110009322, the data contains many units and 
batches 

 

It is observed from the extracted data, that it contains many units and 

batches. Therefore in this project the data is set both unitwise and 

batchwise in order to apply the Multiple Model Method in [2] on this 

large set of data. 
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3.1.2.1 Unitwise Data 

 

Here data is set unitwise. The process is easy to get unit wise data, using a 

threshold 2.2 mAmp, the  data is set unitwise,  but there were zeros 

between consecutive two  units,  therefore,  only the  non zero entries are 

grouped into a cell array,  where each cell contains a non zero unit.  Lastly,  

all those units are removed which have less than 400 samples, which means 

only those units are been kept in cell array where there are at least 400 

samples, see Appendix A, the data is plotted in Figure 15. 

 

 
Fig. 15 shows unit-wise data of tool FAST RAK, where each unit contains at least 400 

samples 

 

Similar kind of figures are obtained from all other tools with the same 

procedure, and they are plotted in Figure 16 - Figure 20. 
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Fig. 16 shows unit-wise data of tool FAST BALANS, 

where each unit contains at least 400 samples 

Fig. 17 shows unit-wise data of tool 

110009331, where each unit contains at least 

400 samples 

 

 

 

 

 

Fig. 18 shows unit-wise data of tool 110009315, 

where each unit contains at least 400 samples 

 

 Fig. 19 shows unit-wise data of tool 110009218, 

where each unit contains at least 400 samples 
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Fig. 20 shows unit-wise data of tool 110009322, where each unit contains at least 400 samples 
 

In all the unitwise figures, each unit contains at least 400 samples. All 

other units were removed that contain less than 400 samples.  

 

3.1.2.2 Batchwise Data 

 

Here data is set batchwise. The process is easy to get batch wise data, 

using a threshold 1 mAmp, the data is set batchwise, but there were 

zeros between consecutive two batches, therefore, only the non zero 

entries are grouped into a cell array, where each cell contains a non zero 

batch. Lastly, all those batches are removed which have less than 50 units 

or 20, 000 samples, which means only those batches are been kept in cell 

array where there are at least 20,000 samples, see Appendix B, the data is 

plotted in Figure 21. 

 

 

                                                                 Fig. 21 shows batchwise data of tool FAST RAK, where each batch contains atleast 20,000 
samples or 50 units 



 

 

32 

 

Similar kind of figures are obtained from all other tools following the 

same method to get batchwise data, and they can be seen in Figure 22 - 

Figure 26. 

 

 

Fig. 22 shows batchwise data of tool FAST 

BALANS, where each batch contains atleast 

20,000 samples or 50 units 

Fig. 23 shows batchwise data of tool 110009331, 

where each batch contains atleast 20,000 samples 

or 50 units 

 

 

 

 

Fig. 24 shows batchwise data of tool 110009315, 

where each batch contains atleast 20,000 samples or 

50 units 

Fig. 25 shows batchwise data of tool 

110009218, where each batch contains atleast 

20,000 samples or 50 units 
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Fig. 26 shows batchwise data of tool 110009322, where each batch contains atleast 20,000 samples or 
50 units 

 
In all the batchwise figures, each batch contains at least 20,000 samples 

or 50 units. All other batches were removed that contain less than 

20,000 samples. It can be clearly seen in the figures that the batches are 

separated by the white empty gapes or spaces, while each batch contains 

at least 50 units. 

 

3.1.3 System Identification 

 

Here we use the approach discussed in Section 2.3.1.2, and consider the 

signal model in (1) with using two lags regression vector 

 

                                                 ϕ(t) = [y(t − 1) y(t − 2) 1]T.                                                  

 

 

3.1.3.1 Unitwise Identification and Deviation      

                        

In order to estimate the nominal model Θ, the data collected from the 

first 100 units are used, where each unit consists of at least 400 samples. 

After this error model for the rest of the units is identified using the 

approach from [1], then equation (2) is used to get the deviation of each 

unit from nominal model Θ. The statistic Di (Deviation) provides a 

measure of how much the dynamics deviates from normal operating 

conditions. This is plotted for each unit in Figure 27 for the tool FAST 

RAK. For the sake of clarity, taking the moving average over 100 units of 
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Di (Deviation) in Figure 28, to illustrate the results in more convenient 

way. 

 

 

Fig. 27 shows unitwise deviation from nominal 

model Θ of tool FAST RAK 

 

 

Fig. 28 shows a moving average of Di 
(Deviation) of tool FAST RAK 

 

 

Same method is applied on the rest of the data that contains many many 

units for each and every tool to get the deviation per each unit from 

nominal model Θ. They are plotted in Figure 29 - Figure 38. 

 

 

 

Fig. 29 shows unitwise deviation from nominal 

model Θ of tool FAST BALANS 

 

Fig. 30 shows a moving average of Di 

(Deviation) of tool FAST BALANS 
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Fig. 31 shows unitwise deviation from 

nominal model Θ of tool 110009331 

 

Fig. 32 shows a moving average of Di 

(Deviation) of tool 110009331 

 

 

 

 

Fig. 33  shows unitwise deviation from nominal 

model Θ of tool 110009315 

 

 

Fig. 34 shows a moving average of Di 

(Deviation) of tool 110009315 
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Fig. 35 shows unitwise deviation from nominal 

model Θ of tool 110009218 

 

 
 

Fig. 36 shows a moving average of Di 
(Deviation) of tool 110009218 

 

 

 

 

 

 

Fig. 37 shows unitwise deviation from 

nominal model Θ of tool 110009322 

 

 

Fig. 38 shows a moving average of Di 

(Deviation) of tool 110009322 

 

Unitwise deviation can be seen from Figure 27 - Figure 38, where the 

deviation for each unit is plotted. It can be seen when get zoomed, that for 

about 100 units the dynamics is well described by the nominal parameters Θ. 

After this Di (Deviation) starts to deviate from zero. This does not 

necessarily mean that the tool must be changed directly, since the tool does 

not need to be in perfect condition in order to work well enough. However, 

if the distance starts to be consistently large, this indicates that the tool 

should be inspected. 
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3.1.3.2 Batchwise Identification and Deviation 

 

In order to estimate the nominal model Θ in batchwise scenario, the data 

collected from the first 2 batches are used, where each batch consists of 

at least 50 units or 20,000 samples. After this error model for the rest of 

the batches is identified using the approach from [1], then equation (2) is 

used to get the deviation of each batch from nominal model Θ. The 

statistic Di (Deviation) provides a measure of how much the dynamics 

deviates from normal operating conditions. This is plotted for each batch 

in Figure 39. 

 

 

Fig. 39 shows batch-wise deviation from nominal model Θ of tool 110009331 

 

It can be seen from Figure 39, that for about 03 batches the dynamics is 

well described by the nominal parameters Θ. After this Di (Deviation) 

starts to deviate from zero, and since we are getting random peaks for 

every processed batch, therefore it is hard to interpret if the results are 

bad or good since when do not know when the tool is actually changed.  

 

Same procedure is applied on all the tools data to get batches wise 

deviation for all corresponding tools data. They can be seen in Figure 40 - 

Figure 44. 
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Fig. 40 shows batch-wise deviation from 

nominal model Θ of tool FAST RAK 

 

Fig. 41 shows batch-wise deviation from 

nominal model Θ of tool FAST BALANS 

 

 

 

 

Fig. 42 shows batch-wise deviation from nominal 

model Θ of tool 110009315 

 

Fig. 43 shows batch-wise deviation from nominal 

model Θ of tool 110009218 
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Fig. 44 shows batch-wise deviation from nominal model Θ of tool 110009322 

 

 
If we see in Figure 40 - Figure 44, there are different many peaks when 

the deviation is high. 

 

3.2 Heat Exchanger at SSAB 

 

A pure LAVA-framework presented in Section 2.2.3.1 is applied on a Heat 

Exchanger at SSAB. To illustrate the model which has been identified for the system 

under consideration in Section 2.2.3.1, the output of the system has been simulated 

using the inputs. The observed output y(t) and the simulated output ŷ(t) has been 

plotted for the data from 21 April, 2017 to 02 May, 2017 in Figure 45, where it can 

be seen that the model perform well during the initial hours when the heat 

exchanger is cleaned, but when the time passes, the fouling or the dirt in the heat 

exchanger increases, and the model systematically underestimates the output 

temperature. 
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Fig. 45 shows the measured output temperature (blue) and simulated output 

temperature (green).  

 

 

Fig. 46 shows the moving average of the simulation error y(t) - ŷ(t) 

 

For more clear way, the moving average of simulation error y(t) - ŷ(t) 

has been taken and then plotted in Figure 46, which shows that how 

much the cooling in a heat exchanger can be improved by cleaning. 

It is pretty clear that the cooling efficiency of heat exchanger 

decreases as the time passes due to the increase of fouling in heat 

exchanger. 
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Same method is applied to the rest of available data and there results 

are plotted in Figure 47 - Figure 64. 

 

 

Fig. 47 shows the measured output temperature (blue) and simulated output 

temperature (brown) for the data 09 November, 2017 to 12 November 

2017.  

 

 

Fig. 48 shows the moving average of the simulation error y(t) - ŷ(t) 

 

 



 

 

42 

 

Fig. 49 shows the measured output temperature (blue) and simulated output 

temperature (pink) for the data 19 October, 2017 to 29 October, 2017.  

 

 

 

 

Fig. 50 shows the moving average of the simulation error y(t) - ŷ(t) 
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Fig. 51 shows the measured output temperature (blue) and simulated output 

temperature (black) for the data 22 Sept, 2017 to 25 Sept, 2017.  

 

 

 

 
Fig. 52 shows the moving average of the simulation error y(t) - ŷ(t) 
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Fig. 53 shows the measured output temperature (blue) and simulated output 

temperature (yellow) for the data 19 Sept, 2017 to 22 Sept, 2017.  

 

 

 

 
Fig. 54 shows the moving average of the simulation error y(t) - ŷ(t) 
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Fig. 55 shows the measured output temperature (blue) and simulated output 

temperature (red) for the data 09 Sept, 2017 to 14 Sept, 2017.  

 

 

 
Fig. 56 shows the moving average of the simulation error y(t) - ŷ(t) 
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Fig. 57 shows the measured output temperature (blue) and simulated output 

temperature (purple) for the data 29 August, 2017 to 01 Sept, 2017.  

 

 

 
Fig. 58 shows the moving average of the simulation error y(t) - ŷ(t) 
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Fig. 59 shows the measured output temperature (blue) and simulated output 

temperature (cyan) for the data 15 August, 2017 to 17 August, 2017.  

 

 

 
Fig. 60 shows the moving average of the simulation error y(t) - ŷ(t) 
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Fig. 61 shows the measured output temperature (blue) and simulated output 
temperature (orange) for the data 10 August, 2017 to 17 August, 2017.  

 
 

 

 
Fig. 62 shows the moving average of the simulation error y(t) - ŷ(t) 
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Fig. 63 shows the measured output temperature (blue) and simulated output 
temperature (silver gray) for the data 06 August, 2017 to 09 August, 2017.  

 
 

 
Fig. 64 shows the moving average of the simulation error y(t) - ŷ(t)  
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4 Discussion 

In this chapter, the obtained results in Section 3 are discussed in details, where two 

different modeling methods from [1] and [2] are applied on two real world industrial 

cases, also a valuable discussion is carried out on the importance of processing part 

in system identification. Furthermore, the results of a Wood Moulder Machine from 

a weekly data in [2] and the results from a large data set in this project are 

compared. 

 

In the pre-processing part of the project the data is collected from a 

Wood Moulder Machine. The data collection is a combination of new 

measurement signals that is motor current, collected with an IbaDAQ-S 

and data from existing control system. The collected data is in raw 

format, and the demand of this project is to get current (mAmp) 

information for each tool, since the raw data does not directly indicate 

which current (mAmp) information is representing which tool, which 

can be clearly seen from Figure 06. Therefore to extract the data 

corresponding to the tool, the tool names are identified using the initial 

data information in Iba Analyzer using the ASCII Table, see Table. 01.  

Now, the extracted useful data can be used for analysis. 

 

As in the earlier research, the Multiple Model Method which is 

developed in [2] using the similar idea from LAVA [1] was applied on a 

weekly based units wise data, and by considering the deviation of a 

system from nominal model, it was concluded that when many batches of 

data is processed through the machine, so with time the tool gets duller 

and duller and it has been shown by taking the moving average of 

deviation in [2], it does not mean that the tools should be changed, but 

when it exceeds some limit, the tool must be inspected, and a specific 

threshold can be set depends on the application specific tolerance.  

 



 

 

51 

Here in this project the same idea has been used on a larger set of data, 

but the results are quite different from [2]. The method is applied both 

on unitwise data and batchwise data. First, nominal model has been 

identified using Least Square Identification for 100 units under normal 

operating conditions, by considering the deviation to be zero. Then the 

deviation from nominal model has been obtained using the method [2]. 

Units wise deviation shows how much the system deviate from nominal 

model for each unit, and the statistic Di (Deviation) provides a measure 

of how much the dynamics deviates from normal operating conditions, 

see Section 3.1.3.1. The result shows that for most of the tools, the 

deviations tend to increase most of the time, but at some points we get 

reduction of deviations. This could indicate that the tool has been 

maintained. Unfortunately, the data used in this project does not contain 

the times when the different tools have been maintained, so we cannot 

draw any conclusions for predicting specific threshold for smart 

maintenance from these results alone. 

 

Therefore, the data is set batchwise as well, where each batch contains at 

least 50 units. The same method [2] is applied on batchwise data, see 

Section 3.1.3.2. It can be seen from batches wise deviation that for about 

2 or 3 batches the dynamics is well described by the nominal parameters 

Θ. After this Di (Deviation) starts to deviate from zero. Since the 

number of batches processed by each tool is relatively small, and the 

timing of tool maintenance is not known, it is pretty hard to draw any 

conclusions from the results presented in Section 3.1.3.2. However, if 

the decrease in deviation that occurs after some batches corresponds 

times when maintenance has been carried out. These results would be  

very useful in order to determine at what levels maintenance is carried 

out today. This could then be used to determine a specific threshold for 

when maintenance should be carried out. 
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The pure LAVA-framework presented in Section 2.2.3.1 has been tested 

on a Heat Exchanger at SSAB in Section 3.2. The results are quite 

promising. The proposed model [1] perform quite well when the Heat 

Exchanger is cleaned, the actual output is same to the simulated output, 

but when the time passes the dirt in the heat exchanger increases, which 

results in decreasing cooling efficiency of the Heat Exchanger, thus the 

simulated output starts deviating from actual output which can be seen 

from the figures in Section 3.2. By setting a specific threshold for 

deviation depends on the application tolerance, maintenance can be 

carried out smartly following the deviations. However to include 

seasonal variations on the temperature, data from a longer period should 

be considered. 
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5 Conclusions 

The research is concluded in this chapter, the contributions are summarized and the 

future work has been suggested. 

  

In this project, two different modeling techniques have been applied to two real 

world case studies; that is a Heat Exchanger at SSAB and a Wood Moulder Machine 

at Svenska Fönster AB, for the purpose of smart maintenance. The goal is to detect 

the deviations of both the systems from their nominal behavior, so that maintenance 

should be carried out on proper time, in order to increase the production at low 

maintenance cost. 

 

5.1 Research Contributions 

The main contributions of this project research work can be summarized as follows: 

A non linear system identification LAVA frame work proposed in [1] has been 

applied on the large data set of a Heat Exchanger at SSAB, and the goal is to detect 

the fouling in Heat Exchanger, in order to improve the cooling efficiency of Heat 

Exchanger. 

A new Multiple Model Method derived from LAVA frame work proposed in [2] has 

been applied on the large data set of a Wood Moulder Machine at Svenska Fönster 

AB, and the goal is to detect the bluntness of a tool, in order to detect anomalous 

batches and machine degradation. 

 

5.2 Future Research 

This section suggests the need of future research: 

For a Heat Exchanger, the results are quite promising, and can be used for smart 

maintenance by choosing a specific threshold for deviations. However, more data 

should be needed in future, in order to include seasonal variations, and more study 

is required to determine the exact levels where maintenance is required. The exact 

level is based on application specific tolerance. 
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For a Wood Moulder Machine, the results are not promising, but this is how the 

research goes sometimes. Therefore, more study and different identification 

techniques would be needed to get the desired results. However, we still get 

deviations per units and batches, which indicates the degradation of the tool, and 

these deviations could be used to determine a specific threshold that when the 

maintenance needs to be carried out, if and if we knew the actual time Svenska 

Fönster maintained their tools.  
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Appendix A 

 

Setting data Units Wise 

50 days data of a Tool, consists of many many units. 

 

close all 

clear all 

clc 

Data = load('SvF_FAST_RAK_March23_May17.mat');  

 

 

Taking OUTPUT from data structure 

 

y = Data.Y_seq; % data of 50 days taken from data structure 

plot(y), xlabel('Index value'), ylabel('Current'); 

title('50 days Current Data'); % Output as current from motor 

legend('first phase of current'); % using the first phase of 3 phase data 

% inspect 

  

  

Using threshold to set the data unit wise, gapes(zeros) b/w units 

 

A = y; 

A = A'; 

A(A<=2.2)=0; % less than and equal 2.2 values become zero so units are 

separated by 0s 

plot(A), xlabel('Index value'), ylabel('Current'); 

title('Unitwise Data'); 

legend('1st Phase of Unitwise Data'); 

  

  

Finding start and end indixes of Non Zero Entries 

 

t = A ~= 0; 

StartIndixes = findstr([0 t], [0 1])-1;  %gives indices of beginning of groups 

EndIndixes = findstr([t 0], [1 0]);    %gives indices of end of groups 

 

  

Grouping all non zero values into cell array(units) 'out' 

 

ii = zeros(size(A)); 

jj = A > 0; 



 

 

A2 

ii(strfind([0,jj(:)'],[0 1])) = 1; 

idx = cumsum(ii).*jj; 

out = accumarray( idx(jj)',A(jj)',[],@(x){x'}); 

 

  

Only taking those units from cell array 'out', where we have at least 

400 samples, count them, and make empty cell array 'A' for those units 

 

clear A 

y = []; 

j = 0; 

for i = 1:length(out)        

y = cell2mat(out(i,:))'; % Taking each row vector(unit) from cell 

  

if length(y)>=400 % true when each unit contains at least 400 samples 

    j = j+1; % conut number of such units 

    A=cell(j,1); % make empty cell array A of such units 

end 

end 

 

  

Filling the empty cell array 'A' with non zero units (having atleast 400 

samples) 

 

clear j 

y = []; 

j = 0; 

for i = 1:length(out)  

y = cell2mat(out(i,:))'; % Taking each row vector(unit) from cell array & 

% converting it to column vector 

  

if length(y)>=400 % true when each unit contains at least 400 samples 

    j = j+1;  % conut number of such units 

    A{j,1} = y; % store such each unit in cell array A 

end 

end 

 

    

Taking all units from cell array 'A' one by one, and store them in a 

single column Y (output), to find nominal model from it 

  

% It gives unit wise data, those data where each unit contains atleast 400 

% samples. 

 



 

 

A3 

y = []; 

b = 0; % initially set b = 0; 

for i = 1:length(A)     

    

y = cell2mat(A(i,:)); % Taking each column vector(unit) from cell array  

a = length(y); % gives length of each unit containing samples 

  

for  k=1:length(y) % run for all samples in y unit(vector) 

  

   Y(k+b,1) = y(k,1); 

   % storing all columns of each unit(vector) y>=400 in single column  

end 

 

b = a+b; % gives total number of samples stored after each iteration 

 

end 

plot(Y), xlabel('Index value'), ylabel('Current'); 

title('Unitwise data'); % after setting a threshold of 400 for each unit 

legend('Output Samples'); 
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Appendix B 

 

Setting data Batches Wise 

50 days data of Tool, contains units and batches 

 

clear all 

close all 

clc 

Data = load('SvF_FAST_RAK_March23_May17.mat');  

  

  

Taking output data from data structure 

  

y = Data.Y_seq; % data of 50 days taken from data structure 

% [M,I] = max(y); % gives maximum value and its index of a vector 

% y(y>3.5)=0; % to remove the peak value 

plot(y), xlabel('Index value'), ylabel('Current'); 

title('50 days Current Data'); % Output as current from motor 

legend('1st Phase'); % using 1st phase of 3 phase data 

  

   

Using threshold to set the data batch wise, zeros b/w batches 

 

A = y; 

A = A'; 

A(A<1)=0; % less than 1 values become zero, so batches separated by 0s 

plot(A), xlabel('Index value'), ylabel('Current'); 

title('Batchwise Data'); 

legend('1st Phase of Batchwise Data'); 

 

  

Finding start and end indixes of Non Zero Entries of each batch 

 

t = A ~= 0; 

StartIndixes = findstr([0 t], [0 1])-1;  %gives indices of beginning of groups 

EndIndixes = findstr([t 0], [1 0]);    %gives indices of end of groups 

 

  

Grouping all non zero values(batches) into cell array 'out' 

  

ii = zeros(size(A)); 

jj = A > 0; 
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ii(strfind([0,jj(:)'],[0 1])) = 1; 

idx = cumsum(ii).*jj; 

out = accumarray( idx(jj)',A(jj)',[],@(x){x'}); 

  

  

Only taking those batches from cell array 'out', having at least 50 units 

or 20,000 samples, and make an empty cell array 'A' for all such 

batches 

 

clear A 

y = []; 

j = 0; 

for i = 1:length(out)        

y = cell2mat(out(i,:))'; % Taking each row vector(batch) from cell array & 

% converting it to column vector 

  

if length(y)>=20000 % true when each batch contains at least 20,000 

samples 

    j = j+1; % conut number of such batches 

   A=cell(j,1); % make empty cell array A of such batches 

end 

end 

  

Filling the empty cell array 'A' with such batches (having atleast 20,000 

samples) or atleast 50 units 

  

clear j 

y = []; 

j = 0; 

for i = 1:length(out)  

y = cell2mat(out(i,:))'; % Taking each row vector(unit) from cell array & 

% converting it to column vector 

  

if length(y)>=20000 % true when each batch contains at least 20,000 

samples 

    j = j+1;  % conut number of such batches 

    A{j,1} = y; % store such each batch in cell array A 

end 

end 

 

    

Taking all batches from cell array 'A' one by one, and store them in a 

single column Y (output) 
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% It gives batch wise data, those data where each batch contains atleast 

% 20,000 samples. 

  

y = []; 

b = 0; % initially set b = 0; 

for i = 1:length(A)     

    

y = cell2mat(A(i,:)); % Taking each column vector(batch) from cell array  

a = length(y); % gives length of each batch containing units 

  

for  k=1:length(y) % run for all samples in y batch(vector) 

  

   Y(k+b,1) = y(k,1); 

   % storing all columns of each batch(vector) y>=20,000 in single column 

    

end 

  

b = a+b; % gives total number of samples stored after each iteration 

  

end 

plot(Y), xlabel('Index value'), ylabel('Current'); 

title('Batchwise data'); % after setting a threshold of 20k for each batch 

legend('Output Samples'); 
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Appendix C 

 

Here the rest of the tool names are identified, and they can be seen in Table 02 - 

Table 06. 

 

Table. 02 shows how the tool name FAST Balance, which is identified using the 

initial data information 

 

 
Table. 03 shows the tool name 11009315, which is identified using the initial data 

information 



 

C2 

 

 

 
Table. 04 shows the tool name 11009322, which is identified using the initial data 

information 

 

 
Table. 05 shows the tool name 11009331, which is identified using the initial data 

information 
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Table. 06 shows the tool name 11009218, which is identified using the initial data 

information 
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