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Abstract: The paper presents design, testing and application of model-based digital filtering (Kalman filters 

are in scope of this paper). Design and verification by simulation were carried out with the use of Scilab, freely 

available, open source engineering platform for numerical computation. The filter parameters were tuned on the 

bench equipped with a small EX17 Robin-Subaru combustion engine, and the dynamometer made by Automex. 

Grid of sensors wired to the stand control unit delivers data necessary for estimation of all the tangible engine 

parameters during tests.  Processing of the acquired data, data storage and visualisation is  possible on the PC 

were suitable software is present. The paper also discusses efficacy and possible range of application for 

different filter designs, their comparison to classic methods (not model-based), as well as the possible problems 

and limits in their practical use. 

Key words: Kalman filter, mathematical modelling, engine control, ECU, diagnostic, power train parameter 

measurement, research bench, open source.  

 

Zastosowanie filtrów cyfrowych w badaniach laboratoryjnych silników spalinowych 
 
Streszczenie: W pracy opisano projektowanie, badania i zastosowania filtracji cyfrowej przeprowadzonej w 

oparciu o metody z wykorzystaniem modeli matematycznych analizowanych sygnałów (w tym przypadku  filtrów 

Kalmana). Projekt i badania symulacyjne filtrów zrealizowane zostały z zastosowaniem pakietu 

oprogramowania do obliczeń inżynierskich Scilab (publicznie dostępny pakiet, na zasadach open source). 

Strojenie parametry filtrów przeprowadzono na stanowisku z małym silnikiem spalinowym Robin-Subaru EX17, 

oraz stanowisku hamownianym firmy Automex. Oprzyrządowanie pomiarowe stanowiska umożliwia pomiar 

wszystkich istotnych parametrów pracy silnika, sygnały są rejestrowane przez układ sensorów. Przetwarzanie 

zarejestrowanych sygnałów, ich wizualizacja i archiwizacja wyników badań są możliwe na komputerze PC 

wyposażonym w odpowiednie oprogramowanie. W pracy przedstawiono porównanie efektywności i możliwego 

zakresu stosowalności filtrów o różnych strukturach, korzyści wynikające z ich stosowania w porównaniu do 

algorytmów „klasycznych” oraz potencjalne problemy z ich implementacją i stosowaniem. 

Słowa kluczowe: filtracja Kalmana, modelowanie, sterowanie silnika, ECU, diagnostyka, pomiary 

parametrów, stanowisko dydaktyczno-badawcze, open source. 

 

1. Introduction 

 
Modern cars are equipped in electronic Engine 

Control Units which needs measurements taken by 

various types of sensors to properly control engine 

work. Most of the sensors convert measured 

physical  properties into voltage values giving 

analog output signals. Of course, analog to digital 

converters has to be used before ECU can use 

measured values in control algorithm. 

Unfortunately,  different  factors (for example hard 

working environment)  negatively influence signal 

making it noised. Due to economical reasons, 

sensors, A/D converters and other electronic 

devices cannot be too expensive which also affects 

adversely their accuracy. At the same time, long 

lifetime and robustness  has to be ensured by 

sensors, making possible  proper (in terms of 

economy, ecology and efficiency) engine work for 

long periods of time without repair. To satisfy all 

requirements,  model- based digital filters are 

implemented in modern ECUs. Worth to mention is 

also their diagnostics capabilities. In case of 

abnormal processes in the engine or sensor fault 

they can prevent from serious  situations or engine 

damage.     

In this project, EX17 Robin-Subaru engine 

research station  was used as a platform to test  

different algorithms.  Grid of sensors delivers all 

necessary data  to  universal ECU which is 
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connected to  PC computer with installed open 

source Scilab software.  

 

2. Research station elements 
  
Research station used as a platform to test filter 

algorithms mainly consist of : 

 

- Robin-Subaru EX17 internal combustion     

  carburettor  engine 

- microprocessor  ECU controller   

- sensors and transducers with  all wires and  

   connectors  

- fuel pump  

- current generator which is used as a brake   

   for the engine 

- current collector  (electric heater) 

 

Engine

Generator

Force Sensor

Spring Drive Belt

Electric Heater

 
 
Fig. 1. Research station components     

 

Robin-Subaru engine  is one-cylinder, four 

stroke and has over head camshaft (OHC), 

169ccmdisplacement, 5.7 HP maximum horse 

power and 11.3 Nm maximum torque. Drive of the 

engine is transmitted to current generator through a 

drive belt. 150 KVA reactive power generator is a 

load of the engine and is used to measure torque. 

The measurement is carried out indirectly by 

measuring braking moment of generator housing, 

which is mounted self aligning. Using force sensor 

consisting of a strain gauge,  force acting on the 

arm of generator housing is measured. Construction 

of the research station including attached force 

sensor is depicted on Fig. 1. Power produced by 

generator is dissipated by 9 kW electric heater. The 

research stand controller adjust the load of the 

generator thus regulating the resulting torque.  

     
  Fig. 2. Generator and force sensor mounted in  the    

  research station 

 

3. Kalman Filter 
  
The Kalman filter is one of the most popular 

tools  for estimation and filtering data. Various 

forms of it have been developed and used in 

countless applications. In this work, only discrete-

time domain filters are taken into account. 

 Aim of the Kalman filter is to estimate state X 

of discrete-time model which can be presented  by 

the formula: 

 

        X(k+1) = A*X(k) + B*U(k) + w(k) 

                  Z(k) = H*X(k) + b(k) 

where:  X(k) - state of the system in k-sample  

 U(k) - input in k-sample 

Z(k)  - measurement of the system in k-    

                     sample  

 w(k) - zero mean Gaussian noise of the    

                    process  

 b(k)  - zero mean Gaussian noise of the  

                    measurement  

 

The Kalman filter estimates true values of the 

state vector  by predicting its value, estimating the 

uncertainty of the prediction, and finally computing 

a weighted average of the prediction and 

measurement. Discrete-linear Kalman Filter classic 

form equations  are depicted in Fig. 3. It is limited 

to linear assumptions and doesn't change 

parameters during filtering. Of course, there are 

filters like Extended Kalman filter or Unscented 

Kalman filter modeling non linear processes. EKF 

linearizes process around current mean and 

covariance. Estimate is computed using partial 

derivatives of the process and observation 

functions.  This method has a wide range of 

application but in some cases, when high non-

linearity occurs, UKF can give better solution. Its 

approach is to  use carefully selected deterministic 

sampling points  around mean. After their 

propagation through examined non-linear system 

the posterior covariance and mean can be 

accurately calculated.    
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 Fig. 3. Kalman Filter equations  

 

4. Digital filters 

  
In this work, besides Kalman Filter, non model-

based digital filters were implemented what makes 

possible to compare different solutions. There are 

two main groups of typical digital filters:    

• Finite Impulse Response  filters 

• Infinite Impulse Response  filters 

Both of them can be easily designed in Scilab.  

Common FIR  filters are characterized by lack of 

any kind of feedback, that is way their response to 

input impulse is  finite. Of course, filter with the 

feedback also could be FIR type but it is less 

popular solution. Easiness of implementing  FIR 

filter which has linear-phase characteristic is one of 

their main advantages which is often  benefited. 

Furthermore, lack of feedback helps to implement 

filter using finite-precision arithmetic in 

microprocessor controllers, because usually they 

can use fewer bits to store data. In opposite, this 

could cause some  problems in case of IIR filters as 

they  always need to use a feedback. Another 

practical FIR filters advantage is  possibility of 

making calculation by looping a single instruction. 

Unfortunately, they often need a lot of memory 

space to achieve desirable characteristic. Output of 

the N-order FIR filter can be described by formula: 

 

y(n) = h0*x(n) + h1*x(n-1) + h2*x(n-2) 

               +... + hN*x(n-N) 

 

      where:   h1,2..N - filter coefficient  

       x(n) - n-sample of input signal  

       y(n) - n-sample of output signal 

 

 

 

 

Z-transform function of the filter: 

 
 

Theoretically, IIR filter in opposite to FIR filer 

has infinite impulse response, but it is common in 

practical applications that it reach zero after same 

time. It also needs less memory space what is one 

of its main advantages. Output of the IIR filter can 

be described by formula: 

 

    y(n)=h0*x(n) + h1*x(n-1) + h2*x(n-2) 

             +... + hN*x(n-N) - f0*y(n) - f1*y(n-1) + 

  -f2*y(n-2) +...- fN*y(n-M) 

 

where:   h1,2..N  - filter feedforward coefficient  

         f1,2..N  - filter feedback coefficient  

         x(n) - n-sample of input signal  

         y(n) - n-sample of output signal 

 

Important is to carefully design  “time zero” 

case because filter outputs have not   been defined 

yet. Most popular IIR filters are: 

• Chebyshev filter (type 1 and type 2) 

• Elliptic filter 

• Butterworth filter 

 

5. Simulations  

 
One of measured parameters in the working 

engine is input manifold air temperature. Its value 

could influence amount of fuel injected to 

cylinders. Especially, when engine is cold and 

temperature outside is low, injectors should deliver 

more fuel to enrich air-fuel mixture for easier start.  

To measure IAT, thermistor is set in a voltage 

divider circuit (Fig. 4.) 

Fig. 4. Temperature sensor circuit. 

 

To test different types of sensors raw data, taken 

from temperature sensor circuit, was used. Scilab 

software give an opportunities to easily implement 

digital filters using embedded functions. Results of 

Prediction 
 

1. State estimation (a priori) 

X’(k|k-1) = A*Xe(k-1) + B*U(k) 

 

2. Error covariance estimation (a priori) 

P’(k|k-1) = A*Pe(k-1)*A
T
 + Q 

 

Update 

 
1.Computation of Kalman gain 

K(k) = P’(k|k-1)*H
T
*(H* P’(k|k-1)* H

T 
+ R)

-1 

 

2.State  estimation (a posteriori) 

Xe(k) = X’(k|k-1) + K(k)*(Z(k) - H* X’(k|k-1)) 

 

3.Error covariance estimation ( (a posteriori) 

     Pe(k) = (I - K(k)*H) *P’(k|k-1)*(I - K(k)*H)
T
+ 

                  + K(k)*R*K(k)
T 
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simulations  are presented on figures below. 

Filtered signals are always presented with input 

data (blue line). In the first plot results from the FIR 

filter are depicted. Changing parameters of the filter 

did not give expected results. Signal is smoother 

but there is still too much noise. Better results were 

achieved with Butterworth filter (Fig. 6.). Output 

signal has much less noise in this case.  

It takes same time before filter starts to give 

expected values. First part of output signal present 

how filter is trying to response to the input values. 

In case of elliptic filter (Fig. 7.), period when output 

signal values are severely varying from the input is 

the longest. 

In the Fig. 8., both Chebyshev type 1 and 

Chebyshev type 2 filter results were depicted.  

Their outputs signal similarly to Elliptic filter's are 

not as smooth Butterworth one's.  

 

 

                                Fig. 5. FIR filter output 

                           Fig. 6. Butterworth filter output 

 

                                 Fig. 7. Elliptic filter output 
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                                   Fig. 8. Chebyshev1 (green line) and Chebyshev2 (red line) filter output 

 

 

The best result were achieved using simple 

Kalman filter (Figure 8.). What is more, tuning the 

filter seems to be the easiest in this case. Filter is 

tuned by changing values of process noise  

covariance and measurement noise covariance. It is 

decided which value is more trusted: measurement 

or prediction. There is no need to focus on 

frequency of the noise. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                              Fig. 9. Kalman filter output 

 

6. Conclusion 

 
 Constructed research bench and PC computer 

with numerical computational package software   

gives an opportunities to test various filtering 

algorithms.   Especially, attention is focused on 

Kalman Filter as a powerful tool with much greater 

means than classic digital filter.   

 

Nomenclature

ECU    Engine      Control        Unit 

OHC    Over     Head        Camshaft 

EKF    Extended   Kalman      Filter 

UKF   Unscented   Kalman    Filter 

FIR    Finite    Impulse   Response 

IIR    Infinite  Impulse   Response 

IAT    Intake     Air     Temperature 

 

 

Bibliography

[1]   Greg Welch, Gary Bishop: An Introduction   
  to the Kalman Filter 

[2]    Kalman, R.E.: A new  approach  to   linear    
       and   prediction problems. 
[3]    www.dspguru.com 



 

 

 

       6 

 

 

Rafał Grzeszczyk, PhD, MSc, MBA - 

Automex sp. z o.o., Gdańsk. 
 
Dr inż. Rafał Grzeszczyk 

Automex sp. z o.o., Gdańsk. 

 
 

 Prof. Jerzy Merkisz, DSc, MEng. - 

Professor in the Faculty of Working 

Machines and Transportation at 

Poznań University of Technology. 

 
Prof. dr hab. inż. Jerzy Merkisz - 

profesor na Wydziale Maszyn 

Roboczych i Transportu Politechniki 

Poznańskiej. 

 

Drop Tomasz, MEng. - Automex sp. 

z o.o., Gdańsk 

 

Mgr inż. Tomasz Drop - Automex sp. 

z o.o., Gdańsk 

 

 Tomasz Kamiński, PhD, Msc, MBA - 

Head of Transport Management and 

Telematics Centre, Motor Transport 

Institute, Warsaw. 

 

Dr inż. Tomasz Kamiński - 

Kierownik Zakładu - Centrum 

Zarządzania i Telematyki Transportu 

Instytutu Transportu Samochodowego 

w Warszawie. 
 

Michał Niezgoda, Msc BSc - 

research assistant in the Transport 

Management and Telematics 

Centre, team leader of the 

Telematics Laboratory, Motor 

Transport Institute, Warsaw. 

Mgr inż. Michał Niezgoda - 

Kierownik Pracowni Telematyki 

w Centrum Zarządzania  

i Telematyki Transportu, asystent 

w Instytucie Transportu 

Samochodowego w Warszawie. 

 

 Marcin Rychter, PhD, MSc, – 

Head of On Board Informatics 

System Workroom, Motor 

Transport Institute, Warsaw . 

 

Dr inż. Marcin Rychter - 

Kierownik Pracowni Pokładowych 

Systemów Informatycznych Zakład 

Procesów Diagnostyczno-

Obsługowych Instytut Transportu 

Samochodowego w Warszawie  
 

Mr. Piotr Boguś, DSc., PhD, Eng. – 

Head of Department of Physics and 

Biophysics of Medical University of 

Gdańsk, Docent at Rail Vehicle 

Institute TABOR in Poznań  

Dr hab. inż. Piotr Boguś – 

Kierownik Katedry i Zakładu Fizyki 

i Biofizyki Gdańskiego Uniwersytetu 

Medcyznego, Docent w Instytucie 

Pojazdów Szynowych TABOR w 

Poznaniu  

 

 

   

 

 

 
 

 

 

 

 

 

 

 

 



 

 

 

       7 

 

 

 


