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Linköpings universitet

7 december, 2016

1
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Varför diagnos i fordon?

Lagkrav ställer h̊ardare och h̊ardare krav. Ursprungligen fr̊an
Kalifornien (CARB) OBD (1988)/OBD-II (1994) men nu även i
resten av USA/Europa.

Även för lastbilar (2005 basic Euro 4, 2006 Euro 4, 2008 Euro 5, 2014
Euro 6)

Tillgänglighet, reparerbarhet, mekanikerstöd

Stor andel av utsläpp fr̊an bilar sker fr̊an bilar med felaktiga
komponenter i emissionskontrollen (mer än 50% av emissionerna).

Feltolerant reglering

Vad krävs?

Alla komponenter som kan p̊averka emissioner måste diagnostiseras.

Till exempel, i bränslesystemet måste ett h̊al med 0.5 mm diameter
detekteras (fr̊an 2000 i OBD-II)
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Vad är Euro 6?

 

 
What is Euro 6? 

 
Euro 6 is the latest diesel engine 
emission legislations being driven 
by the European Commission. 

Since 1993, when the very first ‘Euro 1’ 
legislation was introduced for trucks 
and buses, the European Commission 
has regulated the amount of pollutants 
coming out of the tail-pipe of a diesel 
engine. In particular, the Commission 
identified two key constituents within 
the exhaust stream – Oxides of Nitrogen 
or ‘NOx’, and ‘Particulate Matter (PM 
- basically soot particle) – as being 
harmful, and which needed to be 
controlled and reduced. 

As a result, over the past 20 years, 
European engine makers have invested 
heavily in developing new technology 
which has seen the levels of NOx and 
PM (as well as other elements such as 
unburnt hydrocarbons) in the exhaust of 
all new diesel-engine trucks and buses 
falling dramatically, with a consequent 
improvement in air-quality. 

Such has been the response of the 
manufacturers to the challenge of 
reducing exhaust emissions that the 
air coming out of the tail-pipe of a 
Euro 6 diesel engine is cleaner than 
ever before, with permitted NOx levels 
reduced by 75% compared with the 
current Euro 5 standard. And thanks to 
changes governing the way particulates 
have to be measured, the reduction in 
PM is closer to 99%! 

 

 

 

 

 

The arrival of Euro 6 also sees the 
adoption of a new test procedure for 
certifying the new generation of low- 

Euro 6 senaste europeiska lagstiftningen för dieselemissioner

Nya testprocedurer

Striktare regler för OBD, speciellt för efterbehandlingssystemet
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Certifieringscykler och verkligheten

European federation for transport and environment (2006)

In fact, NOx emissions have not seen a significant reduction in the last 13
years. They say part of the reason is that the test cycle relates to a much
smaller area of the engine than true road driving conditions. This has
allowed manufacturers to tune engines to reduce NOx only on the test
cycle, a practice known as cycle beating.
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Varför “On-Board Diagnosis”?

Mekanikern kan läsa ut den lagrade felkoden och direkt byta ut den
felaktiga komponenten.
Detta ger effektiv och snabbare service.

Om ett fel inträffar under körning kan diagnossystemet, efter att ett
fel har detekterats, ändra styrstrategi till limp home.

Mer generellt, den felaktiga komponenten kan exkluderas ur
reglersystemet och styrssystemet kan använda en suboptimal
styrstrategi tills bilen kan bli reparerad.
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Diagnossystemet kan upplysa föraren om fel som kan skada motorn s̊a
att fordonet kan köras till verkstaden i god tid innan skadan är skedd.
Detta är ett sätt att öka tillförlitligheten.

Ett fel kan ofta ge ökade emissioner av skadliga avgaser som kan
skada miljön.

Exempel:
In 1990, the Environmental Protection Agency in USA estimated that
60% of the total tailpipe hydro-carbon emissions from light-duty
vehicles, originated from 20% of the vehicles with seriously
malfunctioning emission control systems. It is important that such
faults are detected so that the car can be repaired as quickly as
possible.

I huvudsak miljö men ocks̊a tillgänglighet och tillförlitlighet.
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Diagnos i fordon, inte bara lagkrav och on-board
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Motorn kan f̊a service beroende p̊a dess status istället för enligt ett givet
serviceschema, och man kan därmed minska kostnaderna.
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Huvudiden bakom OBD-II

En lampa i instrumentpanelen, Malfunction Indicator Light (MIL)
måste tändas om det uppst̊ar ett fel som ge emissioner som ligger
50% över gränserna.
MIL skall när den är tänd visa frasen “Check Engine” or “Service
Engine Soon”.

Standarder:
scantool, kontakter, kommunikation, och protokoll som används för
att överföra data mellan diagnossystemet och mekanikern.

Kodning:
Programvaran och data måste krypteras för att hindra att obehöriga
f̊ar tillträde till mjukvaran i styrsystemet.
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FTP75 - en certifieringscykel
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Körcykel

definieras som start av motor, stopp av motor, och all körning mellan
dessa händelser.
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Körcykler och certifiering

FTP 75

The US federal test procedure FTP 75 for emission and diagnostic
tests.

Tre faser.

Kombineras med SHED (Sealed Housing for Evaporative
Determination).

När ett fel detekteraras, måste MIL tändas och en felkod lagras i
styrenheten senast vid slutet av nästa körcykel under vilken händelsen
inträffade.

Diagnostic Trouble Code (DTC)
Freeze frame data

Freeze frame data – är all information som är tillgänglig om
nuvarande status p̊a motorn och reglersystemet.

Efter tre konsekutiva felfria körcykler, skall MIL lampan släckas.

Felkoden och freeze frame raderas efter 40 felfria körcykler. 11

Krav

Alla givare och ställdon som är kopplade till motorns styrsystem.

Givare och ställdon måste kollas mot deras gränsvärden.

Värdena måste vara konsistenta med varandra.

Dessutom måste ställdonen kontrolleras med aktiva tester.

Exempel: Massflödesgivare, tryckgivare, varvtalsgivare, och gasspjäll.

Även: Detaljerade specifikationer för katalysatorer,
luftkonditioneringssystemets kylmedium, bränslesystemet, och EGR
systemet.

Och 5 diagnoskomponenter härnäst . . .

http://www.arb.ca.gov/msprog/obdprog/obdregs.htm
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SCR efterbehandling för att reducera NOx

aktiv efterbehandling för att reducera NOx

Urea injiceras för reaktion i SCR-katalysatorn

NOx → kväve, vatten och lite CO2

14

SCR-system, tank och doppvärmare

Urea kristalliseras vid ≈ -11◦
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Diagnos of SCR-system

Komponentövervakning

Injektorer

Temperatursensorer

NOx-sensor

Manipulationsdetektering

Utspädning av Urea (⇒ mineralbeläggningar p̊a injektorer)

Återledning av Urea

Elektrisk manipulation

Metodik

Jämför mätt tankniv̊a med predikterad

Titta p̊a uppvärmningsprofiler för temperatursensorerna

Prediktera NOx och jämför med uppmätta niv̊aer
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SCR-system
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Katalysatorövervakning

Om effektiviteten hos katalysatorn g̊ar under 60%, måste
diagnossystemet indikera ett fel.

Dagens teknik förlitar sig p̊a tv̊a lambda-sensorer.

Variationerna, p̊a grund av oscillationen som är inducerad av
styrsystemet, i lambda-sensorn före katalysatorn skall inte finnas i
lambda-sensorn efter katalysatorn.

0 0.5 1 1.5 2
0

0.2

0.4

0.6

0.8

1
Catalyst − Off

Time [s]

λ
−

s
e

n
s
o

r 
[V

]

0 0.5 1 1.5 2
0

0.2

0.4

0.6

0.8

1
Catalyst − On

Time [s]

λ
−

s
e

n
s
o

r 
[V

]

 

 
λ

bc

λ
ac

18

Lambda-sensorerna

En förändring i tidskonstanten eller en offset i lambda-sensorn måste
detekteras.

Detta görs genom att studera frekvensen, jämföra sensorerna, samt
genom att lägga p̊a stegförändringar och studera stegsvaret.
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Purge-systemet

Diagnos systemet måste kunna detektera felaktiga ventiler och även
läckage i bränsletanken.
Tekniken som används här är baserad p̊a aktiva tester.

Turbo

Carbon

Canister

Purge Control Valve

Diagnosis Valve

Fuel Tank

Intake

Manifold

Engine
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Evaporative Systems Monitoring

Turbo

Carbon

Canister

Purge Control Valve

Diagnosis Valve

Fuel Tank

Intake

Manifold

Engine

The OBDII system shall detect an evaporative system
malfunction when the complete evaporative contains a leak or
leaks that cumulatively are greater than or equal to a leak caused
by a 0.040diameter orifice.

- California Air Resource Board, OBDII regulations,
section 1968.2, Title 13.

21

Trycksignalen d̊a tanken är tät

0 5 10 15 20 25
−3000

−2500

−2000

−1500

−1000

−500

0

500

1000

1500

t [s]

P
re

s
s
u

re
 d

if
fe

re
n

c
e

 [
P

a
]

Diagnosis Valve

Purge Valve

22

Trycksignalen med ett 1mm h̊al

0 5 10 15 20 25
−3000

−2500

−2000

−1500

−1000

−500

0

500

1000

1500

t [s]

P
re

s
s
u

re
 d

if
fe

re
n

c
e

 [
P

a
]

Diagnosis Valve

Purge Valve

23

Misständning (misfire)

Viktig för att den (snabbt) kan skada katalysatorn, ojämn motorg̊ang

Vid misfire måste MIL blinka

Diagnossystemet måste kunna detektera ett enskilt misfire och
bestämma cylindern

Teknik är i huvudsak signalbehandling av varvtalssignalen, även
accelerometer eller jonström kan användas

θ
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Konsekvens av (kraftig) misständning

from http://www.pawlikautomotive.com/
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Konsekvens av (kraftig) misständning

from http://www.pawlikautomotive.com/
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Misständning, mätdata

Varm motor
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Misständning, forts.
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Enkel momentskattare
Med

J
dω

dt
= T

samt
dω

dt
=

dω

dθ

dθ

dt
=

dω

dθ
ω =

1

2

d

dθ
(ω2)

s̊a är en enkel momentskattare

T ≈ J

2∆θ

(
ω2[θ + ∆θ]− ω2[θ]

)
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Detektion av misfire, 6-cylindrig motor
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Momentgenereringen starkt arbetspunktsberoende

−200 −150 −100 −50 0 50 100 150 200 250−500

0

500

−200

−150

−100

−50

0

50

100

150  

x

 

y

z

No fault

Misfire

Cold starts

Normal

Exempel p̊a larmsignal

r =
m∑

i

αi Ti ,

där Ti är skattat moment vid olika positioner i cykeln.
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Misständning, forts.

Skapa larmsignal som med stor sannolikhet detekterar alla misfire
samtidigt som den inte larmar i onödan
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Kompensering för fel i varvtalssignalen

Små vinkelfel för h̊alen ger signifikant förändring i varvtalssignalen

Lite eccentriskt monterat svänghjhul ger motsvarande förändringar

Vinkelfel s̊a små som 0.01◦ kan öka falsklarmen fr̊an 0.01% till över
6% i sv̊ara fall.

θ

4.3 Test quantity for misfire detection

The normalized estimated torque (7) still varies for dif-
ferent speeds and cylinders. Therefore, the data is cat-
egorized in di↵erent operating points where the nor-
malized estimated torque data are similar. Then, a test
quantity is designed based on the normalized estimated
torque (7) in each operating point to classify whether
the measurements are caused by a normal combustion
or a misfire. As an example, in [9] measurements are
categorized based on cylinder and in speed intervals of
500 rpm from 500 rpm to 4500 rpm which gives number
of cylinders ⇥ speed intervals = 54 operating points.

For each cylinder p and speed interval q, let tp =

(T [k], T [k + 1], T [k + 2], T [k + 3])
T

be a vector of nor-
malized estimated torque, and corresponding weights

wp,q = (w1, w2, w3, w4)
T
, where the crank angle counts

k, k + 1, k + 2, and k + 3 for each cylinder are given in
Table 2. Then, the test quantity r is given by

r = wT
p,qtp + � (8)

where � is a constant such that r < 0 when there is a
misfire and r > 0 in the fault-free case.

The weights wp,q and threshold � in each operating point
are automatically optimized based on training data us-
ing support vector machines [3]. The threshold � can be
tuned based on the requirements set for missed detec-
tion rate and false alarm rate.

5 Modeling of flywheel tooth angle errors

As previously mentioned, it is assumed that flywheel
manufacturing errors is a significant cause of vehicle-to-
vehicle variations in the flywheel angular velocity (1).
Evaluations in Section 7 will show that a significant part
of the variations can be modeled as flywheel tooth angle
errors. The flywheel manufacturing errors result in vari-
ations in the angular interval �✓. Thus, the goal is to
estimate these flywheel errors and take them into con-
sideration when computing the angular velocity (1) to
get a more accurate estimate. Since the angular resolu-
tion is 30�, there are 12 samples from each crankshaft
revolution and 12 flywheel error tooth angle error pa-
rameters to be estimated. The flywheel tooth angle er-
rors are changes in the angular intervals �✓ modeled as
additive terms  i in (1) such that

![k] =
�✓ +  i

�t[k]
. (9)

where i = 1, 2, . . . , 12 denotes the flywheel error index.
The flywheel tooth angle error is a constant parameter,
or at least slowly varying over time, and should not de-
pend on the engine operating point.

OO0

�✓

�✓+ 1

Fig. 5. Visualization of how an eccentric mounted flywheel
(O0) (solid lines) a↵ects the tooth angular intervals compared
to a centered flywheel (O) (dashed lines).

An eccentric mounting of the flywheel will also be visible
in the measurements as a periodic angular error which is
also captured by the modeled flywheel tooth angle error
 i as visualized in Fig. 5. The dashed lines represent the
angular interval of length �✓ when the flywheel is cor-
rectly centered (O) and the solid lines eccentric mounted
(O0) which results in changed angular interval modeled
as  1. From here on, when talking about flywheel errors,
both tooth angular errors and eccentric mounting errors
are considered.

To compensate for the flywheel errors when estimating
the torque, (5) is reformulated using (9) as

T [k| i,  i+1] =
J

2

⇣
�✓+ i+1

�t[k+1]

⌘2

�
⇣

�✓+ i

�t[k]

⌘2

�✓ +  i+1
. (10)

The estimated torque (10) is then a function of the fly-
wheel tooth angle errors with indices i and i + 1. Note
that i loops in the interval from 1 to 12.

During one revolution of the crankshaft, the sum of the
flywheel errors should be zero, i.e.,

12X

i=1

 i = 0. (11)

This constraint is incorporated into the model by

defining  12 = �
11P

i=1

 i. Then, only 11 flywheel an-

gle error parameters have to be estimated. Let the
vector of flywheel tooth angle errors be denoted
 = ( 1,  2, . . . ,  11)

T. The normalized estimated
torque (7), when the flywheel tooth angle errors are
taken into consideration, is given by

Tn[k| ] =
1

ma[k]

 
T [k| ] � 1

24

24X

l=1

T [l| ]

!
(12)
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Estimering av vinkelfel i varvtalssignalen

0 50 100 150 200 250 300

−0.06

−0.04

−0.02

0

0.02

0.04

0.06

Time

 ̂

Fig. 7. Estimated flywheel errors in degrees using EKF (solid
lines) compared to the o↵-line estimation (dashed lines).

used in all operating points. The gain K must thus be
selected to achieve a suitable balance between conver-
gence rate and estimation covariance. The constant gain
K is given by

K = PCTR�1 (22)

where P is the solution to the time-discrete algebraic
Riccati equation

ATPA � P � ATPCT(CPCT + R)�1CPA + Q = 0
(23)

with A = I11 and C = @
@ t[p| ]

��
 =0

.

A similar comparison with the o↵-line approach as in
Fig. 7 is shown in Fig. 8. Data from vehicle 1 is used
for generating the reference torque maps (13) and fly-
wheel error estimation is performed using data from ve-
hicle 3. The same covariance matrices used in the EKF,
Q = 10�9I11 and R = I24, are also used when comput-
ing the constant gain (22). The CG-EKF starts to con-
verge to the same solution as the o↵-line solution but the
convergence rate is slower compared to the EKF and the
estimation covariance is larger. In Fig. 9, the estimate
 ̂ from the CG-EKF is shown after it has converged to
the o↵-line solution.

Another example of converged estimated flywheel er-
rors is shown in Fig. 10 where a CG-EKF is used with
Q = 10�11I11. The estimation variances are lower com-
pared to Fig. 9 but the initial convergence rate is slower
compared to Fig. 8.

The results here indicate that the computationally
cheaper CG-EKF can estimate the flywheel errors.
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Fig. 8. Estimated flywheel errors in degrees using CG-EKF
(solid) with Q = 10�9I11 compared to errors found by o↵–
line estimation (dashed).

However, since the filter uses a constant gain K the
initial convergence rate can not be specified as for the
EKF which is controlled by the initial value of the state
estimate covariance matrix P0. One method to mimic
the fast initial convergence rate is to use a large gain
K in the beginning and then change to a smaller gain
after some time when the estimated flywheel errors are
assumed to have converged.

6.4 Misfire detection algorithm summary

The misfire detection algorithm is now evaluated with
the error adaptation included. How to calibrate the mis-
fire detection algorithm is not covered in this work but
the details of the procedure are described in [9]. The
misfire detection algorithm is divided into two parts: the
o↵-line calibration of the algorithm using training data
and the on-line misfire detection. Depending on flywheel
error estimation approach, the corresponding steps are
included in the algorithm summarized below. Note that
cold starts are not considered in this work but can easily
be included as described in the original algorithm. First,
the updated o↵-line calibration part is summarized as
follows where the new added steps are highlighted in
bold.

(1) Use training data from one vehicle, covering all
speeds and loads in the operating range, to com-
pute normalized estimated torque (7).

(2) Choose a number of speed intervals such that mis-
fire data is well separated from fault-free data in
each interval as discussed in Section 4.4 in [9].

9

360/30 = 12 olika vinkelfel
34

Effekt av vinkelfelskompensering

Table 4
Evaluation of reference algorithm [9] during normal driv-
ing without flywheel error adaptation and calibrated using
training data from both vehicles 1 and 2.

Vehicle Set Fault-free Misfire FA MD

1 4 41444 863 0.005% 0.23%

2 7 48881 1013 0.090% 0%

3 8 49218 1020 0.012% 0%

from di↵erent vehicles, not including the data in Table 4.
The reference algorithm in [9] is here calibrated using
training data from both vehicles 1 and 2. Note that it is
evaluated on the same vehicles that were used to collect
training data. With respect to the reference algorithm,
the updated misfire detection algorithm with flywheel
error adaptation is calibrated using data from one vehi-
cle and validated using data from a di↵erent vehicle at
the time to evaluate the flywheel error adaptation. The
amount of available data from the three vehicles varies
as described in Section 3. Therefore, data from vehicles
1 and 2 are used as training data when calibrating the
misfire detection algorithm. Data from vehicle 3 in Ta-
ble 4 are only used as validation data.

For each validation data set in Table 4, the false alarm
rate and missed detection rate are evaluated both for
the o↵-line and on-line flywheel error adaptation algo-
rithms. To quantify the performance improvement when
performing the flywheel error adaptation, the misfire de-
tection algorithm is also evaluated without flywheel er-
ror adaptation as a reference, i.e. it is the same misfire
detection algorithm as in [9] but calibrated using di↵er-
ent training data.

For each evaluation data set, the EKF and CG-EKF are
initialized with no flywheel errors, i.e.  ̂[0] = 0. The
process noise and measurement noise covariance matri-
ces are chosen as Q = 10�11I11 and R = I24. When us-
ing on-line flywheel error compensation approaches, the
misfire detection algorithm is iterated on the same data
set until the flywheel error estimation has converged.

First, the misfire detection algorithm is evaluated using
data from vehicle 3. The algorithm is evaluated, both
when calibrated using data from vehicle 1 and from ve-
hicle 2, which will be referred to as case one and two
respectively. The results when applying the di↵erent fly-
wheel error compensation algorithms in the two cases
are shown in Table 5 where the absolute number of false
alarms and missed detections are shown in parenthe-
sis. Note that the results without compensation (W/o
comp.) in Table 5 refer to when the flywheel adaptation
is not activated. All mis-classifications are eliminated
in the first case when compensating for flywheel errors,
and almost 80% of them in the second case, compared
to when not applying any flywheel error compensation.

The histograms of the test quantity with (dark grey) and

Table 5
Evaluation of misfire detection algorithm on data from ve-
hicle 3. Results are shown from when the misfire detection
algorithm is calibrated using data from either vehicle 1 and
vehicle 2 respectively.

Training data Vehicle 1 Vehicle 2

Method FA MD FA MD

W/o comp. 0.069% (34) 0% 0.053% (26) 0%

O↵-line 0% 0% 0.012% (6) 0%

EKF 0% 0% 0.012% (6) 0%

CG-EKF 0% 0% 0.012% (6) 0%
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Fig. 11. Histograms of the test quantity, calibrated using
data from vehicle 1, with (dark grey) and without flywheel
error compensation (light grey) when evaluated on data from
vehicle 3 (light grey).

without flywheel error adaptation (light grey) are shown
in Fig. 11 and Fig. 12 for case one and two, respectively.
The figures show when the CG-EKF is used in the fly-
wheel error adaptation to estimate the flywheel errors
and in both cases the EKF gives similar performance.
The improved misfire detection performance is visible as
the separation between both fault-free data and misfire
data, and the threshold, have increased when compen-
sating for the flywheel errors. The estimated flywheel
errors in case one are shown in Table 3 which are con-
sidered a significant di↵erence between the vehicles. The
same magnitudes of the flywheel errors are also found
when estimating the errors in case two. This shows that
the flywheel error adaptation significantly improves the
performance in both cases, as shown in Table 5.

Evaluation on data from vehicle 3 shows that the perfor-
mance of the misfire detection algorithm improves when
the flywheel errors are relatively large. However, it is
also necessary to evaluate a case where the flywheel er-
rors are small to be sure that the flywheel error adap-
tation does not degrade performance when only little or
no compensation is necessary. Therefore, the misfire de-
tection algorithm is evaluated using data from vehicle
1. The estimated flywheel errors between vehicle 1 and
2 are in the interval ±0.005�, as shown in Table 6, and
are significantly smaller compared to Table 3, indicating
that the vehicle-to-vehicle variations are small. The re-
sults from the evaluation are shown in Table 7 where the
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Table 4
Evaluation of reference algorithm [9] during normal driv-
ing without flywheel error adaptation and calibrated using
training data from both vehicles 1 and 2.

Vehicle Set Fault-free Misfire FA MD

1 4 41444 863 0.005% 0.23%

2 7 48881 1013 0.090% 0%

3 8 49218 1020 0.012% 0%

from di↵erent vehicles, not including the data in Table 4.
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training data from both vehicles 1 and 2. Note that it is
evaluated on the same vehicles that were used to collect
training data. With respect to the reference algorithm,
the updated misfire detection algorithm with flywheel
error adaptation is calibrated using data from one vehi-
cle and validated using data from a di↵erent vehicle at
the time to evaluate the flywheel error adaptation. The
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1 and 2 are used as training data when calibrating the
misfire detection algorithm. Data from vehicle 3 in Ta-
ble 4 are only used as validation data.
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detection algorithm as in [9] but calibrated using di↵er-
ent training data.
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initialized with no flywheel errors, i.e.  ̂[0] = 0. The
process noise and measurement noise covariance matri-
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data from vehicle 3. The algorithm is evaluated, both
when calibrated using data from vehicle 1 and from ve-
hicle 2, which will be referred to as case one and two
respectively. The results when applying the di↵erent fly-
wheel error compensation algorithms in the two cases
are shown in Table 5 where the absolute number of false
alarms and missed detections are shown in parenthe-
sis. Note that the results without compensation (W/o
comp.) in Table 5 refer to when the flywheel adaptation
is not activated. All mis-classifications are eliminated
in the first case when compensating for flywheel errors,
and almost 80% of them in the second case, compared
to when not applying any flywheel error compensation.

The histograms of the test quantity with (dark grey) and

Table 5
Evaluation of misfire detection algorithm on data from ve-
hicle 3. Results are shown from when the misfire detection
algorithm is calibrated using data from either vehicle 1 and
vehicle 2 respectively.

Training data Vehicle 1 Vehicle 2

Method FA MD FA MD

W/o comp. 0.069% (34) 0% 0.053% (26) 0%

O↵-line 0% 0% 0.012% (6) 0%

EKF 0% 0% 0.012% (6) 0%

CG-EKF 0% 0% 0.012% (6) 0%

−10 −8 −6 −4 −2 0 2 4 6 8 10
0

0.2

0.4

0.6

0.8

1

1.2

Misfire Fault-free

r

p
(r

)

th
re

sh
o
ld

Fig. 11. Histograms of the test quantity, calibrated using
data from vehicle 1, with (dark grey) and without flywheel
error compensation (light grey) when evaluated on data from
vehicle 3 (light grey).

without flywheel error adaptation (light grey) are shown
in Fig. 11 and Fig. 12 for case one and two, respectively.
The figures show when the CG-EKF is used in the fly-
wheel error adaptation to estimate the flywheel errors
and in both cases the EKF gives similar performance.
The improved misfire detection performance is visible as
the separation between both fault-free data and misfire
data, and the threshold, have increased when compen-
sating for the flywheel errors. The estimated flywheel
errors in case one are shown in Table 3 which are con-
sidered a significant di↵erence between the vehicles. The
same magnitudes of the flywheel errors are also found
when estimating the errors in case two. This shows that
the flywheel error adaptation significantly improves the
performance in both cases, as shown in Table 5.

Evaluation on data from vehicle 3 shows that the perfor-
mance of the misfire detection algorithm improves when
the flywheel errors are relatively large. However, it is
also necessary to evaluate a case where the flywheel er-
rors are small to be sure that the flywheel error adap-
tation does not degrade performance when only little or
no compensation is necessary. Therefore, the misfire de-
tection algorithm is evaluated using data from vehicle
1. The estimated flywheel errors between vehicle 1 and
2 are in the interval ±0.005�, as shown in Table 6, and
are significantly smaller compared to Table 3, indicating
that the vehicle-to-vehicle variations are small. The re-
sults from the evaluation are shown in Table 7 where the
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Summering

OBD-II – huvudidén

Emissioner

Körcykel

MIL

DTC

Freeze frame data
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Fordonsdiagnos bortom OBD

OBD

övervakning av emissionsrelaterade komponenter och funktioner
starkt reglerat
litet driv fr̊an tillverkar att uppn̊a annat än vad som måste uppn̊as
och helst inte ens det . . .

Annan fordonsdiagnostik och nya tjänster

säkerhet
autonomi
nya komponenter, hybridisering
nya affärsmodeller inom tunga fordon

I sälj tillgänglighet
I fleet management
I individbaserade underh̊allsplaner, Condition Based Maintenance (CBM)

service är ingen liten marknad, gör den mer effektiv
vill inte blanda OBD och annan (diagnos-)funktionalitet.
Emissionsklassas funktionerna s̊a skall de certifieras
historiska data, data mining och machine learning (statistik),
AI-metoder, . . .
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Översikt

Diagnos i bilar
Introduktion och OBDII
Selective Catalytic Reduction (SCR)
Katalysator och λ-sensorer
Purge-system
Misständning

Modellbaserad diagnos - generell metodik
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Vad är diagnos?

Diagnos är att automatiskt, och helst under normal drift,

detektera fel.

(ibland) isolera fel, dvs. peka ut vilken komponent som är trasig.

inträffar

Felkod: Trycksensor trasig

Fel

Styrdator
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Varför diagnos i andra tillämpningar?
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Ett sv̊art problem

En ansenlig del av styrsystemskoden är diagnoskod (mer än 50% är
vanligt)

Något som ofta görs efter̊at och i “mån av tid” vill man nu göra
parallellt med övrig konstruktion.

Konstruktion för diagnos (ex.vis sensorplacering, val av sensorer etc.)

Metodik krävs men saknas!
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Vad är diagnos?

Diagnosis

System

Plant

control inputs

disturbances

faults

observations

diagnosis

statement

Diagnos
Givet observationer, en diagnos är en utsaga om komponenternas tillst̊and
som kan förklara observerat beteende.

Diagnossystem
Givet observationer: Hitta alla diagnoser.

alla diagnoser = f (observationer)

Feltolerant reglering
46

Feltolerant reglering

Command
(Reference)
Governor

Feedforward
Controller

Feedback
Controller

Actuators

Reconfiguration
Mechanism

Fault Diagnosis

SensorsSystem

Faults FaultsFaults
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Omkonfigurera regulatorer efter felsituation

Reconfiguration mechanisms

manager
Pressure
controller

Throttle
servo

Intake
Manifold

EngineThrottle

pr αr

Driver
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Me

Fault monitoring

Known controls

Torque
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Traditionell diagnos och modellbaserad diagnos

h̊ardvaruredundans

tröskling av mätsignaler (limit-checking)

hastighetsbegränsning av fysikaliska storheter (rate-limit)

ofta olika begränsningar i olika arbetsomr̊aden

Traditionell diagnos är modellbaserad diagnos. Bara med väldigt enkla
modeller.

Med mer avancerade modeller s̊a kan man öka diagnosprestandan:
snabbare detektion, mer exakt felisolering, färre falsklarm etc. Allt till
priset av mer modellarbete och sv̊arare designuppgifter.

Möjligheten finns ocks̊a att minska antalet sensorer, b̊ade för reglering och
diagnos.
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Redundans, modeller och modellbaserad diagnos

Förutsättningen för all diagnos är redundans som kan tillhandah̊allas av:

Extra h̊ardvara, exempelvis flera sensorer som mäter samma storhet

Modeller!

z

1
y2

y3

x
y

r1 = y1 − y2

r2 = y1 − f (y3)

r3 = y2 − f (y3)
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Var byter mätsignalen niv̊a?
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Var byter mätsignalen svängningsfrekvens?
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Felisolering

y1 = 2u

y2 = 4u + 1

Antag y1, y2 och u är kända, d̊a kan tre residualer bildas

r1 = y1 − 2u, r2 = y2 − 4u − 1, r3 = 2y1 − y2 + 1

Alla är 0 d̊a ekvationerna är uppfyllda, dvs. processen uppför sig som
förväntat.
De tre residualerna reagerar olika p̊a fel i sensorer och aktuatorer

⇒ Isolationsmöjligheter

f1 f2 fu
r1 X X
r2 X X
r3 X X
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Exempel: Diagnos p̊a en produktionsmotor

Turbo

Intercooler

manifold leak

boost leak

pb
pm

q

Whfm

n

T

Wcyl
Wth

z

1
y2

y3

x
y

Samma tänk som för
det enkla fallet, bara
mer avancerade mo-
deller

Lite olika typer av fel, kräver olika typer av modeller och därmed olika
typer av signalbehandling.
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Exempel p̊a analytisk redundans i motorn

Turbo

Intercooler

manifold leak

boost leak

pb
pm

q

Whfm

n

T

Wcyl
Wth Wcyl = f1(n, pm)

Wth = f2(α, pm, pb)

Statiskt s̊a gäller att Whfm = Wth = Wcyl om allt fungerar.

r1 = Whfm −Wth = Whfm − f2(α, pm, pb)

r2 = Whfm −Wcyl = Whfm − f1(n, pm)

r3 = Wcyl −Wth = f1(n, pm)− f2(α, pm, pb)

Dessa är alla känsliga för olika fel ⇒ möjlighet till felisolation.
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Modellering

Samma typ av medelvärdesmodell som ni redan sett i kursen används även
här. Tex. flödet förbi trotteln modelleras av

Wth =
Kthpboost√

T
Ψ(

pman

pboost
)

där

Ψ(
pman

pboost
) =





√
2κ
κ−1

{(
pman

pboost

) 2
κ −

(
pman

pboost

)κ+1
κ

}

om
(

pman

pboost

)
≥
(

2
κ+1

) κ
κ−1

√
κ
(

2
κ+1

) κ+1
κ−1

f.ö.
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Läckage

57

Felmodellering: Läckage innan/efter trottel

Inte bara felfritt fall behöver modelleras, även felen som ska detekteras
och isoleras behöver modelleras.

WboostLeak = kb
pb√
T

Ψ(
pamb

pb
)

WHFM = Wth + WboostLeak

där kb är effektiv area hos läckan.
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Exemple: Volvo-motor
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Exemple: Volvo-motor, körcykel
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Exemple: Volvo-motor, residual vid 20% fel i
massflödessensorn
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Övervakning av industriell gasturbin fr̊an Siemens
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Övervakning av industriell gasturbin fr̊an Siemens
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Överblick av ett diagnossystem

Statistik/sannolikhetslära

Linjär algebra

Observatörsteori

Linjär och olinjär reglerteori Logik
Artificiell intelligens

Sannolikhetslära

System
Observationer Diagnos Diagnoser

Signalbehandling Logik/AI
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TSFS06: Diagnos och övervakning

Om det l̊ater intressant s̊a rekommenderas v̊ar kurs:

TSFS06, Diagnos och övervakning är en unik kurs i Sverige, inget annat
lärosäte erbjuder en kurs helt inriktad mot diagnos.

6hp.

Börjar i mars.

Teoretisk och metodikinriktad.

Använder kunskap fr̊an många olika ämnen, till exempel:
reglerteknik/signalbehandling, statistik/sannolikhetslära, och
logik/artificiell intelligens.

Kurs inom ett mycket forskningsintensivt ämne.

Kursinneh̊all nära forskningsfronten.

Många möjligheter till exjobb.

65

Diagnos i fordon, OBDII, och generell metodik

Erik Frisk

Fordonssystem
Institutionen för systemteknik

Linköpings universitet

7 december, 2016
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