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ABSTRACT  

 

In this master’s thesis, different modelling techniques for the remaining useful lifetime 

(RUL) of oil filters are discussed, implemented and tested.  

 

The filter is not only crucial for cleaning the oil, but it also helps in maintaining oil 

pressure. A filter that is clogged can impact oil pressure as well as the overall 

performance of the engine. The clogged oil filter can cause oil pressure to drop 

unexpectedly. The best strategy is to estimate the remaining useful lifetime of such 

critical and essential components of machines. This estimation will provide the 

possibility to overcome the machine failure in advance and can save many troubles in 

the field. 

 

The main idea of this study is to identify parameters that can help to find trends and 

predict the remaining useful life of oil filters. Moreover, different predictive models 

are identified, built and tested. According to the literature review and laboratory 

experiments, there are recommendations of the predictive model(s) for oil filters.  

 

Predicting the RUL using threshold data leads to estimation models based on the 

following techniques: 

 Statistics 

 Kalman filters  

 Particle filter 

 Degeneration-based model  

 

The Kalman filter did not provide satisfactory results because of the non-linear 

behaviour of data. However, noise modelling can improve the accuracy of the results. 
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The extended Kalman filter provided better results than the Kalman filter. Accuracy is 

still very low but might improve with a better autoregressive technique for modelling 

the system state.  

  

The Particle filter results were satisfactory but the confidence period is high towards 

the failure threshold point which is due to particle degeneration. Random resampling 

is used to limit the effect of particle degeneration. However, an efficient resampling 

technique can provide better results.  

 

The Degeneration-based model results were most promising as they are in the 5% 

confidence period. On the other hand,  there is a drawback that predictions can only 

be started after half of the failure threshold is reached. Further research is required in 

this area to improve the overall predictions.  
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CHAPTER 1: INTRODUCTION  

 

Oil is a critical factor which keeps the engine running. It lubricates the engine parts 

and helps reduce friction and heat. Oil degrades over time due to usage and also 

becomes muted due to particulate matter (i.e. dust particles). A filter is used to keep 

the oil clean from particulate matter. 

 

The filter is crucial for cleaning the oil and it also helps in maintaining oil pressure. A 

clogged filter can impact oil pressure as well as the overall performance of the engine. 

The clogged oil filter can cause oil pressure to drop unexpectedly. It can cause oil 

leakage or blockage that leads to engine dry out. Engine dry out can be catastrophic, 

as there will be no oil to reduce frictional heat that can cause an overall system failure. 

Without filters, dust particles and other impurities can pass into the internal parts of 

the engine and can impact the performance. 

 

Below are some warning signs that can be used to identify clogged oil filters (Premium 

Guard Filters, 2019): 

 Performance: There will be a loss in engine performance that can affect 

acceleration 

 Sputtering: There will be crackles and trouble maintaining the speed of the 

overall system 

 Metallic Screeching: Engine dry out can cause loud grinding sounds 

 Oil Pressure Drops: There will be a quick drop in oil pressure  

 Black Exhaust: If the oil is not appropriately filtered, it can cause a burning oil 

smell which can also be noticed in dirty and black exhaust 

 

Machine reliability is heavily dependent on the performance of the filter. It is required 

to keep tabs on the performance of the filtration process. Neglecting the importance of 

the filter can cause catastrophic problems for the system as well as the environment. 
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Maintenance of the system’s elements involves an oil filtration process which should 

be done regularly to avoid these problems (Machinerylubrication.com, 2019). 

 

Oil filter degradation and clogging can occur due to various factors such as: 

 Oil’s viscosity 

 Flow of oil 

 The pressure of the oil system 

 Oil type 

 Cleanliness requirements 

 Operating environment 

 The physical filter (such as size, media, micron rating, dirt-holding capacity, 

bypass valve cracking pressure)  

 

The filtration process in the oil industry removes solid particles from fuel oils, lube 

oils, and hydraulic oils. Oil filters are parts that need replacement when the filter 

performance degrades. The main reason for decreased performance is clogging, i.e. 

the filtered particles build up a filter cake. Clogging in the filter can be observed as an 

increased pressure drop ∆𝑝 when the filtrate is pumped through the filter. Pressure 𝑝 

is measured before and after the oil filter. The pressure drop ∆𝑝 is the difference in 

pressure levels.  

 

The filter cake needs to be replaced at proper intervals to ensure the proper functioning 

of the filter. However, if the replacement interval is too short, additional resources are 

wasted. When the replacement interval is too long, the pressure drops over the filter. 

This pressure drop might cause a loss of oil pressure in the system, leading to an 

emergency shutdown of the machinery. Hence, the target is to optimise the filter 

replacement time or interval. The optimal replacement interval is additionally 

dependent on a multitude of parameters, such as filtrate particle concentration, usage 

patterns, and ambient temperatures.  
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A mass function can give the basis for the filter cake build-up: 

 

𝑀 = ∫ 𝑞𝑣
𝑡

0
𝜌𝑐𝑑𝑡,     ( 1 ) 

 

where 𝑞𝑣 is the oil flow rate and 𝜌𝑐 is the oil contamination level. Hence, the mass 𝑀 

accumulated in the filter is just the integral over time over contaminations reaching the 

filter.  The pressure drop can be expressed using a function: 

 

∆𝑝 = 𝑓(𝑀, 𝑞𝑣 , 𝜌𝑐 , 𝑇).     ( 2 ) 

 

The objective of this study is to predict when ∆𝑝 reaches a threshold value, indicating 

a filter replacement requirement. However, the only measurements we have are the 

previous samples of ∆𝑝 measurements. In real-life scenarios, both the flow rate 𝑞𝑣 and 

contamination level 𝜌𝑐 are difficult to measure. However, the temperature 𝑇 can be 

measured quite easily. 

 

1.1 Objectives 

 

The objective of this work is to provide a methodology for manufacturing smart filters 

that have an in-built functionality of predicting their remaining useful lifetime (RUL). 

One step in this process is to construct algorithms that: 

 are based on the measured ∆𝑝 over the filter 

 make predictions on the optimal filter replacement time 

 can help reduce unnecessary filter replacements as well as avoid filter 

malfunctions 

 

1.2 Ethical Consideration 

  

Confidentiality and relevant components 
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The data provided by Jagan Gorle of Parker Hannifin Manufacturing Oy for this 

research will be kept confidential and will not be shared with anyone without consent 

from concerned personnel. 

 

Only components that are relevant to the research will be assessed and implemented. 

Moreover, the evaluation will be kept simple and logical. 

 

1.3 Thesis Outline 

 

This thesis is structured into six chapters:  

 Chapter 1 has covered the outline of the thesis is an introduction part 

 Chapter 2 summarises the earlier work and connects the research to the 

literature 

 Chapter 3 describes research methods and information regarding procedures 

 Chapter 4 discusses the process of the implementation phase by research 

methods 

 Chapter 5 consists of the results obtained from experimentation along with the 

discussion regarding these results 

 Chapter 6 concludes the research and also provides information regarding 

possible future work 
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CHAPTER 2: THEORETICAL BACKGROUND 

 

This chapter covers the following points: 

 a summary of earlier work 

 emphasis on important findings 

 the connection of the research to the literature 

 

Heavy machinery can be in a remote location or can even be a cargo ship that sails 

across the sea. To maintain these machines, there is a need for scheduled maintenance 

trips or on-site stay. The cost is increased if maintenance is scheduled before due time. 

 

Despite the maintenance, there will be machine failures over time. Various factors can 

influence the machine. Applications powered by artificial intelligence are required for 

an efficient process both in terms of time and money. Artificial intelligence provides 

an opportunity for humans to operate more efficiently and leave the tedious work to 

algorithms. Predictive and preventive maintenance solutions provide this functionality 

for the oil and gas industry as well as for the manufacturing industry. These solutions 

analyse historical data and anterior values to predict which part of the machine will 

fail at what time. With the help of sensors data, it is possible to accurately predict the 

failure of a particular part of the machine so that maintenance can be scheduled 

accordingly. Proper sensors’ data and relevant data points lead to more accurate 

predictions and prevent work stoppages (Wang, 2018).  

 

Predictive maintenance in embedded systems consists of three significant steps 

(Hilton, 2013): 

1. Sensor data – machine condition is monitored by installing sensors onboard. 

Data from sensors is provided to artificial intelligence solutions 

2. Data evaluation – data from sensors is evaluated and uncertainties are removed 

3. Prediction – data captured from sensors is continuously analysed and used for 

making predictions 
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Figure 1 shows the traditional maintenance and predictive maintenance timeline. 

 

 

Figure 1. Predictive maintenance vs traditional maintenance. 

 

Predictive maintenance can: 

 reduce maintenance costs 

 reduce downtime 

 save resources 

 

2.1 Remaining Useful Life (RUL) Estimation 

 

The RUL is the remaining time in which a machine is likely to function correctly. 

Replacement of a part or an extended repair would be required for the system to work 

effectively after that time. Maintenance based on the RUL can help in avoiding system 

failure and it also impacts the overall efficiency. According to the literature, the 

remaining useful lifetime (RUL) is a critical metric for predictive and preventive 

maintenance applications (Baru, 2018).    

 

Predictive maintenance applications offer an approximation of the remaining useful 

life of a machine until it needs repair. There are multiple reasons for failure in a 

machine such as: 

 Wear and tear 

 Age-related 
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 Errant process activity 

 

Wear-based and age-related failures are not impossible to predict. Lifetime data of a 

machine can be collected and plotted to analyse the curve. Probability density 

functions can be used to understand the behaviour of a machine. Examples include the 

oil filters located before the engine or the brake pads in vehicles. Mean time between 

failures can be calculated with enough precision if sufficient data is available to 

analyse. Mean time between failures can be used to predict the remaining useful life.     

 

A possible errant process activity may cause random failure in a system. These random 

failures most probably deviate from the wear-based mechanism. Unanticipated events 

and harsh environmental conditions can cause degradation which can lead to random 

failure. 

 

Examples include voltage spike due to weather conditions, operating the machine 

outside the operational and design limits, and using parts that are not meant for a 

specific machine or system. Random failures are complicated to predict due to the lack 

of repeatable probability distribution characteristics (Brooks, 2018).   

 

The RUL estimation model tries to accommodate wear-based failures as well as a 

limited set of errant process activities that can cause random failures. An estimation of 

RUL and the confidence interval for this estimation is based on the condition 

indicators, characteristics extracted from data, healthy behaviour, different modes of 

the system, and environmental conditions (Baru, 2018).  

 

There are three significant ways to estimate the RUL based on the following types of 

data:  

 

 Lifetime Data  

 Run-to-failure data  

 Threshold data (known condition indicator) 
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2.3.1 Lifetime Data 

 

The probability distribution of the system is used to model the estimation algorithm 

for the RUL prediction. These probability distributions can be extracted from the 

lifetime data. In-depth characteristics models such as the hazard model and 

proportional model can be used in the estimation algorithm for decreasing the 

confidence period. The hazard and the proportional models are defined as survival 

models in statistics (Baru, 2018).  

 

Using lifetime data, survival functions can be plotted to estimate the probability of 

failure of an asset as a function of time. Figure 2 shows the probability of survival of 

a machine based on its lifetime data.  The plot shows that if a machine is operational 

for 60 life cycles, it has approximately 92% chances of failure. 

 

 

Figure 2. The probability of machine failure (or survival) based on lifetime data. 

 

2.3.2 Run-to-Failure Data 

 

If run-to-failure data of different components in the machine is available, the 

estimation model can be built based on similarities and behaviours. Run-to-failure data 

is grouped into degradation profiles and can be used to determine the profile being 



 

17 | P a g e  

 

followed by the new data. Similarity methods are used within an estimator based on 

run-time, mode of operation, and current condition of the machine (Baru, 2018). 

 

Figure 3 shows the similarity-based estimation of the RUL using run-to-failure 

degradation profiles of a machine. Condition indicator is a feature of data that can 

depict the state of a system (such as ∆𝑝). The plot shows that the RUL estimation for 

the machine is 50 life cycles. 

 

 

Figure 3. The machine RUL estimation based on run-to-failure data. 

 

2.3.3 Threshold Data 

 

In a real-time application where lifetime data and run-to-failure data is not available, 

another approach is used namely threshold-based approach. In this approach, 

information on failure threshold values is required. For example, the pressure 

difference across the oil filter cannot exceed 5 bars. Time series forecasting is used in 

the estimation model that can extract condition indicators from sensor data such as 

pressure difference. Condition indicator can be used to estimate the RUL based on the 

time taken by the machine to reach the threshold. There can be several condition 

indicators which can be used in combination to provide a confident estimate. 

Threshold information can also be used to monitor the current condition of a machine 
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such as a half-life. Half-life is the instantaneous time at which half of the threshold is 

reached by the defined condition indicator.   

 

Figure 4 shows an estimation model that analyses the condition indicator using 

measured data of a machine and predicts that the remaining useful lifetime is 

approximately 30 life cycles. 

 

 

Figure 4. The machine RUL estimation based on the threshold data. 

 

2.2 Point of Degradation (POD) 

 

In our case study, the real-time application is considered in which condition indicator 

is extracted from sensor data. This leads to a threshold-based approach for the RUL 

estimation. The threshold-based approach requires the identification of a point in time 

series called as the starting point of degradation (POD). This is a point from where the 

predictions are started. 

 

 Degradation of a machine starts from POD 

 An accurate POD improves the performance of an estimation algorithm 
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There are several ways to calculate POD based on sensor data. One approach is to 

divide sensor data into two samples and use test statistics to find the difference between 

the mean values.  

 

A test statistic is an indicator that is extracted from sensor data and can be used in a 

hypothesis test. The null and alternative hypotheses can be established. It can be 

determined whether to reject the null hypothesis based on test statistics. The type of 

test statistics to be used is based on the type of hypothesis test selected.  

 

Table 1. Standard tests and related test statistics 

Hypothesis test Test statistics 

Z-test Z-statistics 

t-tests t-statistics 

ANOVA F-statistics 

Chi-square tests Chi-square statistics 

 

Failure threshold is a condition indicator value which is predetermined. After reaching 

this value, there is a high probability of failure. Figure 5 shows a pictorial description 

of POD. From this point onwards, future values can be predicted using previously 

measured values.  

 



 

20 | P a g e  

 

 

Figure 5. Point of degradation. 

 

2.3 Modelling Techniques 

 

There are different posterior distribution techniques for the threshold-based approach. 

Predicting the RUL using threshold data leads to an estimation model based on the 

following techniques: 

 Statistics 

 Kalman filters  

 Particle filter  

 Degeneration-based model 

 

Below are some of the modelling techniques we will analyse to predict the RUL of oil 

filters. 

 

2.3.1 Autoregressive (AR) 

 

An autoregressive (AR) estimation is the model that forecasts values or behaviour 

based on the anterior values or behaviour. It is a representation of an arbitrary process 



 

21 | P a g e  

 

and is used to analyse time-varying processes. Past data is used to train the model,  and 

the trained model is then used to forecast future values based on the correlation 

between values. The autoregressive model depends mainly on the idea of a correlation 

between the output variable and its previous values at different time stamps.  

 

The autoregressive model is denoted as 𝐴𝑅(𝑝), where 𝑝 shows the order of the model. 

The 𝐴𝑅(𝑝), model is defined by the equation: 

𝑥𝑡 = 𝛿 +  ∑ 𝜑𝑖
𝑝
𝑖=1 𝑥𝑡−𝑖 + 휀𝑡 ,   ( 3 ) 

where: 

 𝛿 is constant 

 𝜑𝑖  are parameters of the model 

 𝑥𝑡−𝑖 are past values of series 

 휀𝑡 is white noise 

Figure 6 shows the autoregression process. 

 

 

Figure 6. Autoregression process. 

 

2.3.2 Kalman Filter  

 

The Kalman filter is precisely defined in (Welch and Bishop, 2006) as: 
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“The Kalman filter is a set of mathematical equations that provides an efficient 

computational (recursive) means to estimate the state of a process, in a way that 

minimizes the mean of the squared error. The filter is very powerful in several aspects: 

it supports estimations of past, present, and even future states, and it can do so even 

when the precise nature of the modelled system is unknown.” 

 

The Kalman Filter is most suitable for a system that is continuously changing its states. 

It is a memory efficient algorithm as limited previous states are required for analysis 

and prediction purpose. Robustness of the Kalman filter makes it useful for a real-time 

system. However, below are some assumptions that we need to keep in mind while 

implementing a Kalman filter: 

 The state model is a function of the previous state and Gaussian noise 

 The sensory model is a function of the state and Gaussian noise 

 The posterior density function is Gaussian 

 

The Kalman filter is used for the linear discrete-time dynamic system. Its state model 

is also considered as linear and expressed as: 

 

𝑋𝑘 = 𝐴𝑘−1𝑋𝑘−1 + 𝑞𝑘−1     ( 4 ) 

 

𝑌𝑘 =  𝐻𝑘𝑋𝑘 + 𝑟𝑘 ,     ( 5 ) 

 

where: 

 𝑋𝑘  is the current state 

 𝐴𝑘−1 is a model parameter 

 𝑋𝑘−1 is the previous state 

 𝑞𝑘−1 is state Gaussian noise 

 𝑌𝑘 is the current observation 

 𝐻𝑘  is a model parameter 

 𝑟𝑘 is observation error 
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Below are the steps for the Kalman filter: 

1. Prediction step - next state of the system is predicted using the previous state   

2. Correction step - current state of the system is updated using current 

observation and observation error 

 

The Kalman filter is a linear discrete-time algorithm that estimates future values based 

on the previous states. The current state value is predicted, then uncertainty is 

calculated using a weighted average between the predicted and observed values. High 

weight is assigned to the value with less uncertainty which leads the estimate closer to 

the real value. 

 

2.3.2.1 Kalman Filtering Algorithm 

 

Kalman filtering is like a loop which uses prediction followed by correction of the 

state estimation of the filter. The filter projects forward and predicts what the next state 

will be. At some point in time, feedback is obtained in the form of noisy measurement 

to correct the predicted value. Correction step involves a comparison between the 

measurement and the predicted value, and an estimation of error covariance 

(Mageswari and Ignatious, 2012) (B. Rhudy, A. Salguero and Holappa, 2017).     

 

The Kalman filter based model commences that the state at (t − 1) helps in measuring 

the actual state at time t: 

 

𝑥𝑡 =  𝐹𝑡𝑥𝑡−1 +  𝐶𝑡𝑢 𝑡 +  𝑤𝑡−1 ,   ( 6 ) 

 

where: 

 𝐹𝑡 is the model for state transition 

 𝑥𝑡−1 is the previous state 

 𝐶𝑡 is the input control 

 𝑢 𝑡 is a control vector  

 𝑤𝑡−1 is process noise 
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An observation 𝑧𝑡 from the true state 𝑥𝑡 at time t is made according to: 

 

𝑧𝑡 =  𝐻𝑡𝑥𝑡 + 𝑣𝑡 ,     ( 7 ) 

 

where: 

 𝐻𝑡 is the model for the observation state 

 𝑣𝑡 is the observation noise (Gaussian white noise) 

 

The predictor-corrector format is applied at each step like a loop.  Assume that �̂�0 is 

an initial state estimation and 𝑃0 is an initial state error covariance matrix then the state 

vector is predicted using: 

 

�̂�𝑡|𝑡−1 =  𝐹𝑡−1�̂�𝑡−1 +  𝐶𝑡−1𝑢 𝑡−1 ,   ( 8 ) 

  

where: 

 �̂�𝑡|𝑡−1 is the predicted state vector 

 �̂�𝑡−1 is the previously estimated state vector 

 𝐹, 𝐶 are matrices that define system dynamics 

State error covariance matrix is predicted using: 

 

𝑃𝑡|𝑡−1 =  𝐹𝑡−1𝑃𝑡−1𝐹𝑇
𝑡−1 +  𝑄𝑡−1 ,   ( 9 ) 

 

where: 

 𝑃𝑡|𝑡−1 is error covariance of the current prediction 

 𝑃𝑡−1 is error covariance matrix of the previous prediction 

 𝑄 is process noise covariance matrix 

 

Kalman gain matrix K is calculated by: 
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𝐾𝑡 = 𝑃𝑡|𝑡−1𝐻𝑇
𝑡(𝐻𝑡𝑃𝑡|𝑡−1𝐻𝑇

𝑡 +  𝑅𝑡)−1 ,  ( 10 ) 

 

where: 

 𝐻 is used to define the output equation 

 𝑅 is a measurement of the noise covariance 

Below equation is used to correct the prediction: 

 

�̂�𝑡 =  �̂�𝑡|𝑡−1 +  𝐾𝑡(𝑧𝑡  −  𝐻𝑡�̂�𝑡|𝑡−1) .   ( 11 ) 

 

Correspondingly, using 𝐼 as an identity matrix, the state covariance is updated: 

 

𝑃𝑡 =  (𝐼 −  𝐾𝑡𝐻𝑡)𝑃𝑡|𝑡−1 .    ( 12 ) 

 

Figure 7 shows the information flow of the Kalman filter between the ‘predict’ and 

‘update’ steps.  

 

 

Figure 7. Kalman filter information flow. 
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2.3.3 Extended Kalman Filter (EKF) 

 

The extended Kalman filter is a non-linear form of the Kalman filter. It linearises an 

estimation of the current mean and covariance of the model. As we know that all 

systems are not linear, so the EKF provides an extension to the KF to incorporate non-

linear systems. The EKF works by transforming the non-linear models into a linear 

system of equations. The generalisation for multiple variables and equations is the 

Jacobian matrix. These equations are then used similar to the standard Kalman filter 

(Mageswari and Ignatious, 2012). 

 

2.3.3.1 Formulation 

 

The state transition and observation state space model in the EKF are not linear 

functions of the state because many non-linear functions define the state transition and 

observation model. 

 

State transition: 

𝑋𝑘 = 𝑓(𝑥𝑡−1 ,  𝑢𝑡−1) + 𝑤𝑡−1 .    ( 13 ) 

Observation state: 

𝑍𝑡 = ℎ(𝑋𝑡) + 𝑣𝑡 ,     ( 14 ) 

 

where: 

 𝑤𝑡  is process Gaussian noise 𝑄𝑡 

 𝑣𝑡 is observation Gaussian noise 𝑅𝑡 

 𝑓, ℎ are functions that use previous estimates and compute a prediction 

 

Jacobian computation is required to calculate a matrix of partial derivatives as 

functions 𝑓, ℎ and cannot be used to the covariance directly. Below are equations for 

each step of the EKF according to (Mageswari and Ignatious, 2012): 

 

 Predicted state  
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�̂�𝑡|𝑡−1 =  f(�̂�𝑡−1|𝑡−1, 𝑢𝑡−1) .    ( 15 ) 

 

 Predicted estimate covariance  

 

𝑃𝑡|𝑡−1 =  𝐹𝑡−1𝑃𝑡−1|𝑡−1𝐹𝑇
𝑡−1 +  𝑄𝑡−1 .  ( 16 ) 

 

 Residual measurement  

 

�̂�𝑡 =  𝑧𝑡 − ℎ(�̂�𝑡|𝑡−1) .     ( 17 ) 

 

 Residual covariance 

 

𝑆𝑡 =  𝐻𝑡𝑃𝑡|𝑡−1𝐻𝑇
𝑡 +  𝑅𝑡 .    ( 18 ) 

 

 Kalman gain  

 

𝐾𝑡 =  𝑃𝑡|𝑡−1𝐻𝑇
𝑡𝑆−1

𝑡 .     ( 19 ) 

 

 Updated state estimation 

 

�̂�𝑡|𝑡 =  �̂�𝑡|𝑡−1 + 𝐾𝑡�̂�𝑡) .    ( 20 ) 

 

 Updated estimate covariance 

 

𝑃𝑡|𝑡 =  (𝐼 − 𝐾𝑡𝐻𝑡)𝑃𝑡|𝑡−1 .    ( 21 ) 

 

 

 The Jacobian state transition matrix 

 

𝐹𝑡−1 =  
𝜕𝑓

𝜕𝑥
|

𝑥𝑡−1|𝑡−1,𝑢𝑡−1  
 .    ( 22 ) 

 

 Jacobian observation matrix 
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𝐻𝑡 =  
𝜕ℎ

𝜕𝑥
|

𝑥𝑡|𝑡−1  
.      ( 23 ) 

 

The main complexity in the EKF is its ability to represent the system using a 

mathematical model. Another challenge is to model the noise in the system as there is 

an approximation required at each step.  

 

2.3.4 Particle Filter 

 

The Particle filter is a Bayesian filter implemented with a sample-based approach. 

These filters are also called the Sequential Monte Carlo (SMC) methods. The Particle 

filter uses a set of random samples (also called particles) where each sample represents 

a possible current state of the system. The objective of these samples is to compute the 

posterior distribution of the system states. The primary particle filter uses a sequential 

importance sampling (SIS) algorithm. However, a more effective sampling algorithm 

can be used to predict the states precisely. 

Below are mathematical representations for the particle filtering algorithm (Gesche, 

2018). 

Generation of prior samples 𝑝(𝑥𝑛|𝑧𝑛:𝑛−1)  for time step 𝑛: 

 𝑥𝑛 =  𝑓𝑛(𝑥𝑛−1, 𝑣𝑛−1) ,    ( 24 ) 

where: 

 𝑣𝑛−1 is a state noise vector 

Measurement process using noise term 𝑘𝑛 in function ℎ𝑛 is described as: 

 𝑧𝑛 =  ℎ𝑛(𝑥𝑛 , 𝑘𝑛) .     ( 25 ) 

 

Prediction Step: 
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p(𝑥𝑛|𝑧1:𝑛−1) = ∫ p(𝑥𝑛|𝑥𝑛−1)p(𝑥𝑛−1|𝑧1:𝑛−1)d𝑥𝑛−1 .( 26 ) 

Update step: 

p(𝑥𝑛|𝑧1:𝑛)  ∝  p(𝑧𝑛|𝑥𝑛)p(𝑥𝑛|𝑧1:𝑛−1) .  ( 27 ) 

 

Monte Carlo methods (MCM) can be used to compute the analytic equation for 

prediction and update steps. Sequential importance sampling is used for this purpose, 

which is the most basic algorithm for the approximation of the posterior distribution 

with weighted particles.  

 

A sample from proposal distribution is drawn using importance sampling. Moreover, 

applying importance sampling to posterior distribution provides: 

 

p(𝑥𝑛−1|𝑧1:𝑛)  ≈  ∑ 𝑤𝑛−1
𝑖 𝛿𝑥𝑛−1

𝑖

N

i=1

(𝑥 − 𝑥𝑖) , ( 28 ) 

where: 

 𝛿𝑥𝑛−1
𝑖  is a Dirac delta function 

 

For every newly available measurement, a recalculation of weights is required which 

increases the computational complexity with every time step, as samples will keep on 

growing.  To avoid complexity and increase the effectiveness of the model, resampling 

is needless at every time step because there might not be any new measurements. A 

condition can be imposed for effective resampling particles which make a meaningful 

contribution to the probability distribution using: 

 

�̂�𝑒𝑓𝑓 =
1

∑𝜔2 .      ( 29 ) 

 

Resampling can be performed if the effective particle size drops below a threshold, 

which transforms the state and weight update equations. 
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State update: 

𝑥𝑘
𝑖 ~ 𝑝(𝑥𝑘|𝑥𝑘−1

𝑖 ) .     ( 30 ) 

Weight update: 

𝑤𝑘
𝑖 ~ 𝑝(𝑧𝑘|𝑥𝑘

𝑖 ) .     ( 31 ) 

 

 

2.3.4.1 Particle Filter for Multi-Step Ahead Prediction 

 

A method is used to predict multistep and extend the capabilities of the particle filter, 

which tells about the continuation of particle trajectories into the future (Orchard and 

Vachtsevanos, 2009). 

  

�̂�𝑛+𝑝
𝑖 = E[𝑓𝑓+𝑝(𝑥𝑡+𝑝−1

𝑖 , 𝑤𝑡+𝑝)] ,   ( 32 ) 

 

where: 

 𝑓 is the state update model 

 

2.3.5 Degeneration-Based Model 

 

To construct an algorithm that predicts the time when ∆𝑝 reaches a threshold value, 

there is another solution which is a combination of different techniques. These 

techniques are combined to develop a degeneration-based model as a part of the 

research. 

 

To estimate the internal state and oil contamination level using historical data filtering 

techniques, we need to assume that the change in integrating filter mass remains 

constant (degradation model).  

 

Below are the steps to forecast posterior values using the degradation model. 

 Data smoothing 

 Point of degradation 

 Half threshold technique 
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 Degradation rate calculation 

 Forecasting 

 

2.3.5.1 Data Smoothing 

 

Data smoothing is an algorithm-based technique to remove noise from data so that any 

patterns and statistical information can be identified. Data smoothing is mostly used 

to help predict trends and to understand patterns related to time-series data. Data 

smoothing also helps to simplify data and to detect changes in data. There are several 

methods for data smoothing (Investopedia, 2019): 

 Random method 

 Random walk 

 Moving average 

 Simple exponential 

 Linear exponential 

 Seasonal exponential smoothing 

 

Savitzky–Golay filter 

 

The Savitzky–Golay filter is a digital filter that is applied to data points in order to 

increase the precision of data without losing crucial statistical information. It is a data 

smoothing technique which is carried out by fitting adjacent data points with the help 

of a low degree polynomial. The method of ‘linear least squares’ is used for smoothing 

the time-series in order to replace each value of the series with a new value. This value 

is obtained from a polynomial fit to 2𝑛 + 1 adjacent points, with 𝑛 being equal to or 

greater than the order of the polynomial (Savitzky and Golay, 1964). 

 

The Savitzky-Golay filter is easy to apply as a moving polynomial works the same as 

moving averages. Figure 8 shows the Savitzky-Golay smoothing results.  
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Figure 8. Savitzky–Golay filter example. 

 

 

2.3.5.2 Point of Degradation (POD) 

 

Point of degradation is discussed above in section 2.2. The only difference is that in 

the degradation-based model, this technique is used after data smoothing.  

 

2.3.5.3 Degradation Rate 

 

Degradation rate is the rate at which equipment or machinery is degrading over time. 

It is calculated using degradation analysis which involves the relation between data 

points to the presumed failure of the machine. Degradation analysis allows the 

forecasting of the remaining useful lifetime based on the measurement of degradation 

over time (degradation rate). 

 

In predictive models which use a threshold-based approach, it is relatively simple to 

extrapolate the degradation rate to the failure threshold and identify the remaining 

useful life. Following are models in different form based on (W. Weibull, 1939):  

 Linear:    𝑦 = 𝑎 . 𝑥 + 𝑏 
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 Exponential:   𝑦 =  𝑏 .  𝑒𝑎𝑥 

 Power:   y = 𝑏 .  𝑥𝑎 

 Logarithmic:    𝑦 = 𝑎 . ln(𝑥) +  𝑏𝑦   

 Gompertz:   𝑦 = 𝑎 .  𝑏𝑐𝑥
 

 Lloyd-Lipow:   𝑦 = 𝑎 −
𝑏

𝑥
 

where: 

 𝑦 represents the performance 

 𝑥 represents time 

 𝑎, 𝑏, 𝑐 are model parameters 

 

2.3.5.4 Half Threshold Method 

 

In predictive models that use a threshold-based approach as discussed in section 2.3.3, 

if data points are retrieved from sensors until half of the failure threshold is reached 

before forecasting posterior values, it is called half threshold method. In the half 

threshold method, data points are collected until half of the failure threshold is reached 

so that there are enough data points available to apply different statistical techniques. 

 

2.4 Challenges  

 

There are several methods available to predict the remaining useful lifetime (RUL) of 

the equipment. However, this research mainly focuses on the oil filter’s lifetime 

prediction that poses different challenges. The main challenge is to identify or develop 

the most efficient model to predict the remaining useful lifetime of oil filters.    
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CHAPTER 3: RESEARCH METHODS 

 

This chapter describes the methodology, research design, and information regarding 

research procedures. 

 

The primary goal of this study is to dig deep into the topic and to develop an 

understanding of the issue. An appropriate research method is required to achieve this 

goal. In this master’s thesis, we are going to develop and test estimation models on oil 

filter’s data to predict the remaining useful life. Moreover, there will be a suggestion 

of the most suitable model according to the tests conducted during experimentation. 

The implementation of the algorithm is in Python language using structured 

programming.  

 

The design process consists of different phases which are defined by various design 

frameworks. In this research, we have used design and science research (DSR) 

approach to define steps according to our study milestones (Doyle, Sammon and 

Neville, 2016). 

 

Following are the steps of DSR for this research:  

1. Awareness of the problem  

2. Suggestion 

3. Development  

4. Evaluation 

5. Conclusion 

 

3.1 Awareness of Problem 
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The very first step in the research is awareness of the problem. The literature review 

helped in understanding the problem and provided the direction for the work. Results 

of the literature review can formulate the problem and become a motivation for the 

research work. Related books and articles were reviewed to identify essential elements 

from the literature which can lead to the development of theoretical and conceptual 

predictive models. Various literature has been studied to get theoretical background 

knowledge such as remaining useful lifetime, data smoothing techniques, estimation 

techniques, and information regarding similar experiments. 

 

3.2 Suggestion  

 

This phase is used after the problem of research’s field is identified. Suggestions are 

the approaches, including methods which help to solve the stated problem. Suggestions 

lead this research to the following steps that form an appropriate method: 

 

1. Development of the Predictive Model  

This research proposed a predictive model that can be used to identify the remaining 

useful lifetime of oil filters. 

 

2. Algorithm selection 

Many algorithms to analyse data are chosen based on the literature review, which leads 

to the algorithms based on the following techniques: 

 Kalman filter 

 Extended Kalman filter 

 Particle filter 

 Degradation rate 

 

3. Implementation and evaluation 

In the experimentation process of research, Python is used as the programming 

language and PyCharm as a programming environment. Development speed using 

python is breakneck, and in this master’s thesis implementation of various prediction 
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models is required. However, for embedded systems, C/C++ can be better in runtime 

environments.  

 

3.3 Development  

 

This phase focuses on the development and implementation of the methods which were 

described previously in the suggestion phase. In this master’s thesis, a program is 

developed which uses already available implementations of different modelling 

techniques as well as a degradation-based model which was developed from scratch, 

to predict the remaining useful lifetime of oil filters. 

 

3.4 Evaluation  

 

Evaluation is considered as an activity in software engineering to determine the quality 

of the proposed modelling technique. After predicting the remaining useful lifetime 

using different techniques, the output should be evaluated in trying to find the most 

effective method for predicting the RUL of oil filters. The attention of the evaluation 

phase is judging results according to the performance of the technique used for 

predictions.  

 

3.5 Conclusion   

 

The concluding phase is the last step in creating a design science research (DSR). The 

results are based on different modelling techniques used in developing the predictive 

algorithm. The primary involvement of the conclusion is to achieve results, which are 

defined clearly in the objective of the proposal.  

 

This research concludes after the evaluation phase from the domain experts and 

knowledgeable mentors. The analysis of results, taken from evaluation shed light on 
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the modelling technique effectiveness in the remaining useful life prediction of oil 

filters. 
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CHAPTER 4: IMPLEMENTATION 

 

In this chapter, the whole process of the implementation phase of this research will be 

discussed.  

 

Implementation steps for model based on the Kalman, Extended Kalman and Particle 

filters are shown in Figure 9. 

 

Figure 9. Predictive model flowchart (a). 
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There are a few changes required in steps for degradation-based technique and Figure 

10 displays additional steps marked as green colour boxes.  

 

 

Figure 10. Predictive model flowchart (b). 
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4.1 Data Collection 

 

In this research, the lab test data-sets for oil filters are used. Data-sets contain 

information about the pressure difference ∆𝑝 relation with time and temperature. 

Moreover, data is provided by Parker Hannifin and Aalto University, which was 

generated during lab tests.     

 

4.2 Data Smoothing 

 

The Savitzky–Golay filter is used for data smoothing which is discussed in section 

2.3.5.1. Earlier implementation of the Savitzky–Golay filter is used in the development 

(scipy.org, 2019). 

 

4.3 Point of Degradation (POD) Detection 

 

Point of degradation is discussed in section 2.2. In this research, we have used the 

following steps for detecting POD. 

 

Assuming that ∆𝑝𝑖,𝑚 is pressure data collected from the time 𝑡1 to  𝑡𝑛 where: 

 𝑖 indicates data acquisition time (𝑖 = 1,2,3 … … . 𝑛) 

 𝑚 represents the total number of data-points acquisitions 

 

Pressure data from 𝑡1 to  𝑡𝑛−1 and 𝑡𝑛 can be specified as ∆𝑝(1~𝑛−1),𝑚 and  ∆𝑝𝑛,𝑚 

respectively. To calculate POD, we need to find a significant difference between these 

two samples.  

 

Null Hypothesis: 

𝐻0 ∶  𝜇1 =  𝜇2 .     ( 33 ) 
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Test statistics:  

𝑡 =
�̅�1−�̅�2

𝑆𝑝√
1

𝑛1
+

1

𝑛2

,      ( 34 ) 

 

𝑆𝑝 =  √
(𝑛1−1)𝑠1

2+ (𝑛2−1)𝑠2
2

𝑛1+ 𝑛2−2
 ,      ( 35 ) 

where: 

 �̅�1and �̅�2 are average of samples 

 𝑛1 and 𝑛2 are sizes of samples 

 𝑠1 and 𝑠2 are the standard deviations of samples 

 

The null hypothesis will be rejected if  𝑡 ≤ −3.4, where -3.4 value is from t-table. 

Rejection of the null hypothesis implies that there is a significant difference between 

the two samples and POD is reached.  

 

4.4 Autoregressive (AR) Model 

 

To use the Kalman, Extended Kalman and Particle filter techniques for oil filter trend 

and the RUL prediction, the state model and observation model need to be established 

first. Assuming 𝑥𝑡 is the pressure difference signal, the AR model of the pressure signal 

is: 

𝑥𝑡 = −𝑃 ∑ 𝑎𝑖(𝑡)𝑝
𝑖=1 𝑥𝑡−1 + 휀𝑡  ,   ( 36 ) 

where: 

 𝑎𝑖 indicates time-varying coefficient 

 𝑝 denotes model order 

 휀𝑡 is a residual error of the model 

And 𝑎𝑖  is a linear combination of a set of basic function: 
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𝑎𝑗(𝑡) =  − ∑ 𝑎𝑖𝑗𝑔𝑗(𝑡)
𝑚

𝑗=0
 .    ( 37 ) 

This study chooses a Discrete Cosine Transform (DCT) basis function which 

calculates 𝑔𝑗(𝑡) using the in-built function of SciPy (scipy.org, 2019): 

 

𝑔𝑗(𝑡) = 𝑎(𝑡)𝑐𝑜𝑠(𝑗𝜋(2𝑘 + 1)/2𝑁) .   ( 38 ) 

 

The Akaike Information Criterion (AIC) is used to derive model order 𝑝. In this 

research, we are using the statsmodel module of python to find order 𝑝 

(Statsmodels.org, 2017).  

 

Observation model is determined as: 

 

𝑍𝑡 =  𝑥𝑡 + 𝑤𝑡  ,     ( 39 ) 

where: 

 xt  is the state vector 

 zt is the observation vector 

 wt is the observation noise 

 

4.5 Filters 

 

As discussed earlier, we have used the Kalman, Extended Kalman and Particle filter 

as modelling techniques along with the following implementations. 

 Kalman Filter (DAA233, 2018) 

 Extended Kalman Filter (Schneider and Waqar, 2018) 

 Particle Filter (Gesche, 2018) 
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4.5 Degradation Rate Calculation 

 

Degradation rate is calculated by the observation of data points from POD to the half 

threshold. It is calculated as: 

 

𝑟𝑎𝑡𝑒 =
𝑥𝑡 

𝑥𝑡−1 
 ,      ( 40 ) 

 where: 

 𝑥𝑡 is the current value 

 𝑥𝑡−1 is the previous value 

 

4.6 Remaining Useful Life (RUL) Calculation 

 

The RUL of the machine is calculated as: 

 

𝑅𝑈𝐿𝑝 = 𝑡𝑒 −  𝑡𝑝 ,     ( 41 ) 

 

where: 

 𝑡𝑝  is present prediction time 

 𝑡𝑒 indicates the end of a lifetime  
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CHAPTER 5: RESULTS AND DISCUSSION 

 

This chapter presents the results obtained from the experimentation and a discussion 

of these results. 

 

5.1 Kalman Filter 

 

Figure 11 shows the results of the prediction using the Kalman filter. 

 

 

Figure 11. Forecast using Kalman filter. 

 

Figure 11 shows the ∆𝑝 curve against 𝑡𝑖𝑚𝑒 at temperature 30℃ and contamination 

10 𝑚𝑔𝑝𝑙. Prediction is started at POD as marked in the figure and it is around 1.8 𝑏𝑎𝑟. 

It can also be noticed that predictions’ accuracy is very low as we go towards the 

failure threshold (5 𝑏𝑎𝑟).  This low accuracy of results is due to the non-linear 

behaviour of data, as we know that the Kalman filter is mostly concerned with linear 

systems.  
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The accuracy of the results obtained using the Kalman filter can be improved by 

dynamic modelling of the noise. As we know, noise is objectionable and it is supposed 

to reduce the data quality. However, it can sometimes improve the understanding of 

data obtained from non-linear systems. If noise is modelled efficiently, it can be used 

as an advantage.  

 

5.2 Extended Kalman Filter 

 

Figure 12 shows the results of the prediction using the extended Kalman filter. 

 

 

Figure 12. Forecast using extended Kalman filter. 

 

Figure 12 shows the ∆𝑝 curve against 𝑡𝑖𝑚𝑒 at temperature 30℃ and contamination 

10 𝑚𝑔𝑝𝑙. Prediction is started at POD as marked in the figure and it is around 1.8 𝑏𝑎𝑟. 

It can also be noticed that predictions’ accuracy has increased from the Kalman filter. 

However, the accuracy is still low as we go towards the failure threshold (5 𝑏𝑎𝑟).  This 

low accuracy of results is due to the loss of information that occurs during linearization 

of data according to the technique used in the extended Kalman filter for modelling 

the system.  
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The accuracy of the results obtained using the extended Kalman filter can be improved 

by more accurate autoregressive modelling. Moreover, the integrated moving average 

can be used in combination with the autoregressive modelling technique to extract 

more information from data and to improve the modelling of the system’s behaviour.  

 

5.3 Particle Filter 

 

Figure 13 shows the results of the prediction using the Particle filter. 

 

 

Figure 13. Forecast using a Particle filter. 

 

Figure 13 shows the ∆𝑝 curve against 𝑡𝑖𝑚𝑒 at temperature 30℃ and contamination 

10 𝑚𝑔𝑝𝑙. Prediction is started at POD as marked in the figure and it is around 1.8 𝑏𝑎𝑟. 

It can also be noticed that the modelling of the system’s behaviour is improved. 

However, the confidence interval is higher as we go towards the failure threshold 

(5 𝑏𝑎𝑟).  This confidence period is due to the particle degeneration. The sequential 

importance sampling used in the Particle filter is prone to particle degeneration as 

iterating over the update equation leaves only particles with significant weights.  

Random resampling is used to solve particle degeneration in which a new set of 𝑁 

particles is drawn and replaced with the old set. Resampling is only performed when 

the effective particle size drops below a threshold.  
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The accuracy of the results obtained using a Particle filter can be improved by a more 

efficient resampling technique. Random sampling does not consider data features and 

also requires a large sample size. A resampling technique that considers data features 

and can solve particle degeneration problems more efficiently may improve the results.  

 

5.4 Degeneration-Based Model 

 

Figure 14 shows the results of the prediction using the degeneration-based model. 

 

 

Figure 14. Forecast using degeneration-based model. 

 

Figure 14 shows the ∆𝑝 curve against 𝑡𝑖𝑚𝑒 at temperature 30℃ and contamination 

10 𝑚𝑔𝑝𝑙. Prediction is started at half threshold (2.5 𝑏𝑎𝑟) as marked in the figure and 

it is reached at 25.40 𝑡𝑖𝑚𝑒 𝑢𝑛𝑖𝑡𝑠. It can also be noticed that modelling of the system’s 

behaviour is most promising so far and the confidence period for predictions is less 

than 5%. The system is modelled around degeneration rate calculation, ‘Min’ and  

‘Max’ show the predictions using the minimum and maximum degeneration rate 

respectively. More results using this method are presented in the Appendices section 

at the end of the thesis.  
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One drawback of the degeneration-based model is that predictions can only be started 

after half of the failure threshold  (2.5 𝑏𝑎𝑟) is reached. Stages of system lifecycle can 

be determined using condition monitoring, which can be used to predict the system’s 

behaviour at the start. However, this will require further testing to obtain the desired 

results.  

  

5.5 Short Comparison 

 

The analysis and discussion above depict that there is a place of improvement in all 

the algorithms used. However, below are some comparison points between systems 

based on results: 

 The Kalman filter did not provide satisfactory results because of the non-linear 

behaviour of data 

 The Extended Kalman filter provided better results than the Kalman filter, but 

accuracy is still very low 

 The Particle filter results were satisfactory; however, the confidence period is 

high towards the failure threshold point 

 The Degeneration-based model results were most promising out of these, but 

there is still room for improvement 

 

5.5 Limitations 

 

Below some limitations of this research: 

 This research is based on the oil filter’s data only. Other types of filters (such 

as air filters) may behave differently from oil filters 

 The data obtained for testing is lab only data and not industrial data. Data is 

obtained from laboratory experiments inside a confined environment and not 

from the oil filters working in the industry 
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CHAPTER 6: CONCLUSION 

 

This chapter concludes the research by summarising the work done and providing 

information regarding future works. 

 

6.1 Summary 

 

The objective of this master’s thesis was to provide a methodology for building smart 

filters that have an in-built functionality of predicting their remaining useful lifetime 

using  ∆𝑝 values over time. Methodologies are mentioned in chapter 2, and the 

implementation steps are presented in chapter 4.   

 

Different modelling techniques to predict the remaining useful lifetime (RUL) were 

obtained from the literature review. These techniques were implemented using the 

steps mentioned in chapter 4. The implementation phase is in coordination with the 

research methods proposed in chapter 3. Based on the results obtained and analysed, 

we can say that the degeneration-based model is more promising for the estimation of 

the remaining useful lifetime (RUL) of oil filters. 

 

This work can be seen as a step towards smart filters in the oil and gas industry. 

Proposed modelling techniques can be tailored to other industrial fields as well. The 

Degeneration-based modelling technique showed satisfactory results. However, there 

is room for improvement. Also, there is a need for further exploration of other 

modelling techniques mentioned and tested in this research.  

 

6.2 Future Works 

 

1. Testing estimation algorithms on industrial data 
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2. Prototype building using “Revolution Pi” based on the degeneration-based 

model 

 

 

Figure 15. Information flow for prototype based on the degeneration-based model  

 

3. Profile matching algorithm for predictions at the start of the lifecycle 
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APPENDICES 

Appendix 1: Contamination 𝟏𝟎 𝒎𝒈𝒑𝒍, temperature 𝟔𝟎℃  

 

Figure 16. Forecast using degeneration-based model (a). 

Appendix 2: Contamination 𝟎𝟓 𝒎𝒈𝒑𝒍, temperature 𝟒𝟎℃ 

 

Figure 17. Forecast using degeneration-based model (b). 
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Appendix 3: Contamination 𝟎𝟐 𝒎𝒈𝒑𝒍, temperature 𝟓𝟎℃ 

 

Figure 18. Forecast using degeneration-based model (c). 

 

Appendix 4: Contamination 𝟎𝟐 𝒎𝒈𝒑𝒍, temperature 𝟔𝟎℃ 

 

Figure 19. Forecast using degeneration-based model (d). 


