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Abstract

Observer-basedfault detectionand modelling are considered
for thedrive-trainof a Jaguarcarwith anautomatictransmis-
sion. Testdatais usedfor the modellinganduseis madeof
nonlinearpolynomials,wherevariousstructuresarecompared
andassessed.A robust fault detectionobserver (RFDO),con-
sistingof anobserver which generatesa residual,for theclass
of nonlinearmodelsemerging from themodelling,is proposed
consistingof polynomialnonlinearitiesup to degreethreeand
a cubic termwith respectto thestateandinput. Theobserver
and the residualare decoupledfrom unknown inputs. Three
faultscenariosareconsidered,eachwith adifferentsetof mea-
surements,to testtheeffectivenessof theRFDOdesign.

1 Introduction

Automotive emissionregulationsandthe requirementfor im-
provedfuel economyhave driveninnovationin powertrainde-
sign andcontrol for morethanthreedecades.Low Emission
Vehicle(LEV) II regulations,runningfrom 2004until 2010,re-
quireon-boarddiagnosticsto bemoresophisticated,detecting
emissionproblemsrelatingto any sensoror componentof the
engine[2]. A meansof detectingproblemsearlyis to makeuse
of a fault detectionmethodbasedon a systemmodel([7, 9]).
This forms part of the theory of FDI recently introducedin
mostmoderncarsto controlanddiagnoseenginemalfunctions
([8, 4]). Of thegreatvarietyof methodsusedin the literature
wheresystemknowledgeis available,themostcommonis the
model-basedmethodfor generatingresidualsandforming de-
cisionlogic ([3]).

This paperconsidersimprovementsin theform of bettermod-
elling and a new FDI methodfor a completecar drive-train.
Section2 considersthemodellingof thedrive-trainof thecar.
Section3 developsa RFDO strategy for fault detection.Sec-
tion 4 is anapplicationof sections2 and3. Variablesusedin
this paperaredefinedin Table1.

2 Drive-train model development

Themodellingof thedrive-trainof thecaris considered.The
dynamicequationsdescribingthe manifold pressure,the en-
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 ��J � � � � �J % Wheelspeedmeas. � 1 D 	 � / � J % 
 ��J % � E � �;GK Ratioof differential � 78�; � Rolling radius � 'L�; < � Torqueratioof TC � 78�M K N Efficiency of differential � O � P �Q * Inertiaof engine �  � $ ' � �Q ( Inertiaof vehicle �  � $ ' � �R * Torqueof engine � ! $ ')�R � Loadtorque � ! $ ')�
Table1: Nomenclature.

ginespeedandthewheelspeedareexpressedusingnonlinear
polynomials. Figure(1) shows a realisticSimulink modelof
thedrive-train,which is derivedby breakingeachof themany
dynamicand passive enginecomponentsinto blocks. Those
correspondingto the torqueconverter, gearbox anddifferen-
tial do not have equivalent explicit differential equationsfor
their description.For example,the gearratio ; < � is linked to; K and S H throughtwo tables,whereoneof which is logical
in form, andthedifferentialrelationshipis not thatof a simple
explicit differentialequation.Theproblemis partlyavoidedby
assumingthat ; < � is a measuredinput (sinceits information
is known). Inputs ��3 and � : aresimilarly taken asmeasured
values. In Fig. (1), they are derived from classifiedcontrol
algorithmsandarenot availablein explicit form. Thus,theac-
tual inputsthat canbemanipulatedin Fig. (1) are � � and �&0 .
Thecarcanbedrivenautomatically(simulated)by varying � �
and � � . Themodelin Fig. (1) hasbeenverifiedto beaccurate
comparedwith datacollectedfrom roadtests.An objective for
JaguarCarsis, assumingFig. (1) representsnow a realcar, to
determineif a RFDO is effective. Sincethe Simulink model
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Table 2: Comparison of polynomial structures for (1):��� � �I���I��� � �8  � .
is not appropriatefor observer design,alternative polynomial
modellingis considered.

Consideredfirst is thestateequationfor themanifoldpressure,
obtainedby applyingconservation of massinsidethe volume
of themanifold.Thepressureis drivenby ��� and ��� , asshown
in [5] and[10] as,¡���I� �G¢£ ¤¦¥ §�¨ ��� © ��� ª�«­¬ ¨ �&� © ��� ª ®�© (1)

where§�¨ ¯ ª and° ¨ ¯ ª aresomenonlinearfunctions.Equation(1)
is discretized.A restrictedcomparisonof modellingstructure
is shown in Table2. Parametervector   � wasestimatedusing
a Least-Square(LS) algorithmappliedon half of the dataset
andtestedon thefull set,wherethefitnesswasassessedusing
threecriteria indices,where � � � is definedin Table2. Three
comparisonindicesareusedto assessthemodel: the integral-
absolute-error(IAE) divided by the numberof samples(the
smaller the better), the multiple correlationcoefficient (

� �� )
(the closerto 1 the better)andthe YoungCriteria (YIC) (the
smallerthe better). The structure � ��� � � gives betterresults,

� ��� ����� ��� ����� ��� � � � ��± �&²� �� 0.8599 0.8825 0.9019 0.9632� �G�
0.0244 0.0249 0.0204 0.0118�_� �
-6.5001 -5.3882 -6.9622 -7.7050��� � ��� � �&� � ��� ���³ � ��³ � ��� � ��� �� �� ��´ � ��´ �µ��¶ �G� � �µ� �� ���� � ��� � ��� �G��� ���¶ �G� � ����¶ �8� � � ��¶ �G� � �� ¶ � � �� � � ³ � � � ���³ �G� �� �

Table 3: Comparison of polynomial structures for (2),�&� � �I���I��� ��d  � .
accordingto the indices,for which   � =[ 1.014,0.093,-0.034,
2.163,-1.701,1.134,-1.451,-0.641,0.188,-0.289].

Theoutputtorqueof theengineis characterizedby thedriving
torque
¢�·

resultingfrom thecombustion,andtheexternalload
from thetorqueconverter,

¢&¸
[5]:¡���8�º¹» ·�¥ ¢�· ¨ ��³ © ��´ © ��� © ��� ª¼« ¢&¸ ¨ ��� © ��¶ © ��� © � � ª ® (2)

Equation(2) is discretizedandfittedwith polynomialsusinga
LS algorithm.A restrictedsetof structuresis shown in Table3.
Polynomialsstructure� ��� �&� showsthebestfit, asindicatedby
all criteria indices,for which   � =[0.968,0.017,0.036,-0.118,
0.118,-0.065,0.243];

The transmissionof the torqueand revolution speedthrough
thetorqueconverteris expressedby a complex nonlinearrela-
tion, dueto thefluid coupling[6], andrepresentedin Fig. (1).¡½�¾v�¿¹» À8¥ �dÁ ¢�Â Ã Ä Å Á Æ « ¢ À Ç ®�© (3)

with
¢ Â Ã Ä

the output torqueof the gearbox. Equation(3) in
stateform is writtten¡� � �È¹» À ¨ � � ª ¥ É ¨ � ¶ © � � © � � ª�« ¢ À Ç ¨ � � © � � © � � © � � ª ®Ê© (4)



Ë Ì Í Î�Ï�Ë Ì&Í Î�ÐÑË Ì&Í Î&Í Ë Ì&Í Î&ÒÓ ÐÔ 0.8484 0.9879 0.9915 0.9977
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Table4: Restrictedcomparisonof polynomialstructures,for
system(4).

where Ú Û Ü Ý Þ , ß Ü Ý Þ and à&Û á Ü Ý Þ arenonlinearfunctions.Equation
(4) is discretizedandfitted usingpolynomials.A comparison
of stucturesis shown in Table4. Attention is drawn to struc-
ture Ë Ì&Í Î�Ð , giving thebestpolynomialfit with respectto âäã å ,
and also structure Ë Ì Í Î&Ò actually the bestfit with respectto
both
Ó ÐÔ and ã æGç . StructureË Ì Í Î&Ò wasthereforeselectedfor

which è Í =[1.000,0.006,-0.002,0.004,-0.002,-0.021,-0.137,
0.245,1.912,-3.662].

Combiningmodelsin (1), (2) and(4) together, acompactpoly-
nomialmodelfor theSI enginewith automatictransmissionin
derived.Ö Õ�éëê Ö�Ï Õ_ì Ö Ð Ï Õ ì Ö Í Ï Õ ì Ö&Ð Õdì Ö�í Õ_ì Ö�Ø Õ_ì Ö&Ù Õdì Ü Ö Ù Õ Þ Ð î Ô ìÌ ï ð Ï é æ Ì ï8ñ çdò ó ï ñõô ò ö ï ñ�÷dÖ ïñ�Ö ï Ü ø Þ æ Ïù ú Ì ï8ñvÖ ï Ü û Þ æ Òù ú Ì ïIñõÖ ï Ü ü Þ æ íù ú Ì ïñ�Ö ï Ü ý Þ ædþù ú Ì ï ñvÖ ï Ü ÿ Þ æ Øù ú Ì ï ñõÖ ï Ü � Þ æ Ùù ú Ì ïñ�Ì ï Ü ø Þ æ Ïú ú Ì ïñ�Ö ï Ü ø Þ Ì ï Ü ø Þ æ Ïù ú ú Ì ï8ñvÖ ï Ü ü Þ Ì ï Ü � Þ æ íù ú ú Ì ïñ�Ö ï Ü ÿ Þ Ì ï Ü � Þ æ Øù ú ú Ì ï ñvÖ ï Ü � Þ Ì ï Ü � Þ æ Ùù ú ú Ì ïñ�Ì ï Ü ø Þ Ì ï Ü ø Þ æ Ïú ú ú Ì ï ñvÌ ï Ü � Þ Ì ï Ü � Þ æ Ðú ú ú Ì ï ì (5)� ï é å Ì ï ñõô�� ö ï Ý (6)

3 Nonlinear robust fault detection observer

Here,the polynomialmodeldevelopedin section2 is usedto
designa nonlinearfull orderobserver. Thework is a develop-
mentof that in [9] and[1], wheredifferentnonlinearmodels
wereused.Considerthediscrete-timenonlinearmodelÌ ï ð Ï é æ Ì ï8ñ ç ò ó ï ñõô ò ö ò ïIñ�÷dÖ ïñ ��� � 	 Ï Ö � �ï æ � �ù ú Ì ï8ñ�
�� � 	 Ï Ì � �ï æ � �ú ú Ì ï
ñ ��� � 	 Ï 
�� � 	 Ï Ö � �ï Ì � �ï æ � � � �ù ú ú Ì ï ñ 
�� � 	 Ï 
�� 
 	 Ï Ì � �ï Ì � 
ï æ � � � 
ú ú ú Ì ï ì (7)

� ï é å Ì ï ñõô�� ö � ï ì ì (8)

with stateÌ ï���� 
 , input Ö ï���� � , output � ï ����� anddis-

turbanceó ï ����� . Here, æ , ÷ , å , ô ò , ô�� , çdò , æ � �ù ú æ � �ú ú ,æ � � � �ù ú ú and æ � � � 
ú ú ú are constantmatricesof appropriatedimen-
sions.A nonlinearstateobserver is designed,of theform� ï ð Ï é�� � ï ñ Ú Ö ï ñ���� ï ñ ��� � 	 Ï Ö � �ï � � �ù ú � ï

ñ ��� � 	 Ï � � �ï � � �ú ú � ï ñ ��� � 	 Ï ��� � 	 Ï Ö � �ï � � �ï � � � � �ù ú ú � ï
ñ ��� � 	 Ï ��� 
 	 Ï � � �ï � � 
ï � � � � 
ú ú ú � ï ì (9)

where � ï ����� is a linearestimateof à Ì ï . A fault detection
signal,alsocalledresidual,linearin both � ï and � ï , is defined
as � ï é! Ï � ï ñ  Ð � ï , where � ï ����� � Ü " ó # ì ó $�% ø Þ ,  Ï ���& � � ' � ( and  Ð �)�*& � � ' � ( . The observer error is given by+ ï é � ï�, à Ì ï . Without lossof generality, it is assumedå éê ã �.- 
 Î � î .
Result:Let (10-21)hold true:à8æ , � à é � å ì (10)Ú é à ÷äì (11)àGçGò é - ì (12) Ï à ñ  Ð å é - ì (13)� � �ù ú å , à8æ � �ù ú é - / 0 # é ø ì Ý Ý Ý ì 1­ì (14)� � �ú ú å , à8æ � �ú ú é - / 0 Ï é ø ì Ý Ý Ý ì 2�ì (15)à8æ � �ú ú é - / 0 Ï é 2äñ ø ì Ý Ý Ý ì 3�ì (16)� � � � �ù ú ú å , à8æ � � � �ù ú ú é - / 0 # é ø ì Ý Ý Ý ì 1­ì 0 Ï é ø ì Ý Ý Ý ì 2�ì (17)à8æ � � � �ù ú ú é - / 0 # é ø ì Ý Ý Ý ì 1­ì 0 Ï é 2äñ ø ì Ý Ý Ý ì 3�ì(18)� � � � 
ú ú ú å , à8æ � � � 
ú ú ú é - / " 0 Ï ì 0 Ð $ é ø ì Ý Ý Ý ì 2�ì (19)à8æ � � � 
ú ú ú é - / " 0 Ï ì 0 Ð $ é 2äñ ø ì Ý Ý Ý ì 3�ì (20)4 5 � Ü � Þ 4 6 ø Ý (21)

Then + ï and � ï aredecoupledfrom ó ï andsatisfytheform+ ï ð Ï é�� + ï ñ à ô ò ö ï ñ�7 ï Ü Ö ï ì � ï ì ö ò ï Þ (22)� ï é� Ï + ï ñ  Ð ô�� ö � ï ì (23)

where 7 ï Ü Ö ï ì � ï ì - Þ é - ( 7 ï notdetailedhere).

The following numericalalgorithmis given for solvingEqua-
tions(10)-(21).For convenience,without lossof generality, the
constantmatricesin (7- 8) arepartitionedasæ éëê æ Ï æ Ð î ì (24)æ � �ù ú éëê æ � �Ï ù ú æ � �Ð ù ú î ì (25)æ � �ú ú éëê æ � �Ï ú ú æ � �Ð ú ú î ì (26)æ � � � �ù ú ú éëê æ � � � �Ï ù ú ú æ � � � �Ð ù ú ú î ì (27)æ � � � 
ú ú ú éëê æ � � � 
Ï ú ú ú æ � � � 
Ð ú ú ú î ì (28)

where 8�æ Ï , æ � �Ï ù ú , æ � �Ï ú ú , æ � � � �Ï ù ú ú , æ � � � 
Ï ú ú ú 9 ��� 
 ' � and 8�æ Ð ,æ � �Ð ù ú , æ � �Ð ú ú , æ � � � �Ð ù ú ú , æ � � � 
Ð ú ú ú 9 �:� 
 ' & 
 Î � ( .



Matrix ; is alsopartitionedinto theform;�<>= ;@?A;@B C (29)

where ;D?�E�F�G H I and ;@B:E�F�G HKJ L M I N . The equations(10),
(13),in additionto (14),(15),(17)and(19)arecorrespondingly
partitionedinto theform;�O*?QP�R*;@?Q<�S (30);�O�B�P�R*;TB�<�U (31)V ? ; ? P V B <�U (32)V ? ;TB�<�U (33);�O�W X? Y Z <�S W XY Z (34);�O�W XB Y Z <�UK[ \ ]�<)^ _ ` ` ` _ a (35);�O W b? Z Z <�S�W bZ Z (36);�O W bB Z Z <�UK[ \ ?Q<)^ _ ` ` ` _ c (37);�O�W X W b? Y Z Z <�S W X W bY Z Z (38);�O�W X W bB Y Z Z <�UK[ \ ] <)^ _ ` ` ` _ a�_ \ ? <)^ _ ` ` ` _ c (39);�O W b W d? Z Z Z <�S�W b W dZ Z Z (40);�O W b W dB Z Z Z <�UK[ e \ ? _ \ B�<)^ f _ ` ` ` _ c (41)

Equations(31), (35), (37), (39) and (41) canbe merged into
oneequation,;g= O�W XB Y Z _ O�W bB Z Z _ O�W X W bB Y Z Z _ O�W b W dB Z Z Z _ h�i CK<�;�j�<�U (42)

Matrix ; is solvedin (42)as k ;D?A;TB l�<�m>n�op B , where n p B is
obtainedfrom theSVD of j ,j�<qk n p ?rn p B l�s t p ? UKu k v p ?wv p B l o _ (43)

and m is anarbitrary x�y�z matrix with z , theorderof theleft
null spacefor j , beinggivenasz�<�{:P�z | {@}Ke j�f _ (44)

where z�~�^ is needed.The observer order, x , is chosenasx*<�z . n op B is partitionedinto two matricesn�op B < k ��?w�gB l _ (45)

where � ?�E��Q� H I and � B:E��Q� HKJ L M I N . Thenequation(29)
is equivalent to the following two equations;D?�<�m � ? and;TB�<�m � B . If thefollowing conditionsaresatisfied,;�O B � � L P�;��B ; B � <�U _ (46)m>n op B O�B � � L P � m � B � � � m � B � � <�U _ (47)

theobservermatrix R hasthefollowing generalform suchthat
(31) is satisfied,R)<�;�O�B � ;TB � � (48)<�m>n�op B O�B � m � B � �:��� � � G P�m � B � m � B � � � (49)<�O��Q���)�*� _ (50)

where � is a x:y�x arbitrarymatrix. The eigenvaluesof �
aredesignedsuchthat � is stable. � ` � � representsthepseudo

inverseof � ` � .
Thematrix S is calculatedfrom (30) and � from (11). Equa-
tions(32)and(33)havesolutions,V ? <�� ? n�oL B _ V B <>P V ? ; ? _ (51)

where n L B is from theSVD of ;TB; B < k n L ? n L B l�s t L UKu k v L ? v L B l o _ (52)

where ��? is a��y:z L , chosenarbitrary, withz L <�x*P�z | {@}Ke ;@B fg~�x*P � {:P�c � ` (53)

Thedimensionof theresidualvectoris chosen��<�z L . Givenx , � , ; , R ,
V ? and

V B , the matrices� , S , S W XY Z , S W bZ Z , S W X W bY Z Z
and S W b W dZ Z Z areobtainedfrom (30),(32),(34),(36)(38)and(40).

Detectability:In orderthat � � is affectedby faults,thefollow-
ing sufficient conditionsarederiveable,V ? R W ;�� i��<�U _��g\ _D\Q��x _ � � i � �<�U _ � � � <�U �V ? R�W ��� �<�U _��g\ _D\Q��x _@�T} � � i � <�U _ � � � �<�U �
Remark:Thesizeof j increaseswith respectto thecomplex-
ity of thesystem.Thefreedomfor obtainingrobustnessof the
RFDOdecreaseswith theincreaseof thenumberof thenonlin-
earterms.

4 Applications

For models(1) and (2), data was taken from an Jaguarcar
model”XJ8 Saloon”,normallyaspirated4 litre, V8 engine,au-
tomaticgearbox,for a generaldriving cycle andwith normal
atmosphericconditions,and temperature.The samplingrate
was50ms.Datafor (4) waspartially simulatedin Simulink as
somerealdatawaslacking(gearselection,brakingforce).

4.1 Computational algorithm

Theflow-chartin Fig. 2 representsthecomputationalalgorithm
describedin Section3. Threeclassesof output,with c���{ , are
considered:for each,{�<�� , c�<>� and h�ig<)U . Theform of� affectsthepartitionof matricesO , � , O�Y Z , O�Z Z , O�Y Z Z andO�Z Z Z , andthustheconstructedmatrix j .

Class 1: only   ? and   B measured. ¡�<¢=   ?   B U C £ . For
this case,in (42), z | {@} e j*f�<)� andtheobserver andresidual
canbedesigned.

Class 2: only  TB and  K¤ measured. ¡�<¢=  TBw K¤¥U C £ . For
this case,in (42), z | {@} e j*f�<)� andtheobserver andresidual
canbedesigned.

Class 3: only  @? and  K¤ measured. ¡�<!=   ¤¥ @?AU C £ . Here,
(42) and(44) imply anobserver cannotbedesigned.A novel
recoverysolutionis proposedfor this(seeFig. 2). It consistsof
reducingtherankof j by resetting(judiciously)certaincoeffi-
cientsin thematricesin (42). Thishopefullyensureszg¦�U and
a residualcanbedesigned.Thedownsideis that thedesigned
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Figure2: flowchartfor RFDO.

residualis affectedby an increasein modellingerror. For the
applicationhereit is seenthat§�¨!©ª¬«�« ­ « « ® ¯°«±«�«�«²««³« «±«�«�«)´�«K­ ¯ µ ¶ ®«³«·´Q«K­ « µ ¸ ¸�«�«�«)´�«K­ ¹ µ ¶ º ­ ­ ­­ ­ ­ «³«»«�«¼«»«�««³«»«�«�«K­ ¶ ½ ½ ¸�«�««�«K­ ¹ ¹ ¹ ¹�«�«¼«»«�«

¾¿
(54)

In equation(54),
§QÀ Á Â Ã Ä

is the only elementin row ¶ , and is
identifiedas Å Æ Ç µ È . Thelatteris resetand Å Æ refittedasin Table
4 as Å ÉÆ =[1.0004,0.0046,-0.0007,0, -0.0023,-0.0180,-0.1043,
0.1825,2.1824,-4.207]. Then Ê Ë Ì@ÍKÎ §�Ï:¨ ¹ andfrom (44),Ê ¨ ¹ .
For all classestheapproximationof themodelby apolynomial
leadsto somemodellingerrorandoffset. Themodellingerror
hereis consideredasnoiseandis filtered with a low-passfil-

Outputs Ð meanvalueof residuals(offset)Ñ Á , Ñ ÃÓÒÐ Á Ã -2.4991e-5Ñ Ã , Ñ ÁÔÒÐ Ã Á +2.4991e-5Ñ Á , Ñ Æ ÒÐ Á Æ -0.0135Ñ Æ , Ñ Á ÒÐ Æ Á +0.0135Ñ Ã , Ñ Æ ÒÐ Ã Æ -5.9247e-4Ñ Æ , Ñ Ã ÒÐ Æ Ã -5.9247e-4

Table5: Offsetfor residualsfor differentclassesof Ñ .
ter. An offset is inevitable, however, andwill not vanish. Its
amplitudecanbeestimatedfrom themeanvalueof non-faulty
residuals,as shown in Table 5. An offset is heresubtracted
from thecorrespondingresidual.

4.2 Results

For eachclassdescribedin section4.1, the constructionof
§

leadsto a first orderobserver. Condition(13) is satisfied,and
(53)holdsfor eachcase.

Threemultiplicative sensorsfaultswerecreatedon measure-
ment, with an amplitudeof 30%. ÕTÖÁ was addedto Ñ Á × forØ�Ù>Ú Û «�ÜD¶ Û « Ý , ÕTÖÃ to Ñ Ã × for

Ø*Ù>Ú ¹ « «�ÜT® « « Ý , and ÕTÖÆ to Ñ Æ ×
for
Ø�ÙÞÚ µ « «�Ü Û « « Ý as shown in Fig. 3. A leak, a compo-

nent fault ÕTßÁ , correspondingto a hole ( à ® á:á ) in the mani-
fold andanactuatorfault Õ ßÃ , correspondingto a lossof 50Nm
in thetorqueconverterwerealsosimulatedin aSimulinkenvi-
ronment,wheretheSimulink modelwastakenastherealcar.
Modified datawassavedto a file. ÕTßÁ and ÕKßÃ wereappliedforØ*â)Û « « , asrepresentedin Fig. 3. Themeanvaluewastaken
off, ãÐ ¨�ä Ð ´ ÒÐ ä , where

ÒÐ ¨ mean value (off-set). Then Ð Á was
filteredusinga low-passfilter with a cut-off frequency at 1Hz,
to attenuatehigh frequency effectsdueto badmodelling. The
level of thresholdswerefixedat5%of eachsensorfault. Figure
4 shows thenon-faultymeasuredscaledvaluefor themanifold
pressure,theenginespeedandthewheelspeed.

Scenario 1: class 1 and residual Ð Á Ã . Two sensorfaults ÕTÖÁ ,ÕKÖÃ andan actuatorfault, ÕTßÁ areapplied. Fig. 5 (top) shows
the residualafter computation,which respondsto bothsensor
faultsandthe leak. However, the leak is not alwaysdetected,
especiallyfor low enginespeedsandhigh manifoldpressures,
wheremodellingnoisemasksthefault.

Scenario 2: class 3 and residual Ð Á Æ . Two sensorfaults ÕTÖÁ ,ÕKÖÆ andanactuatorfault, ÕKßÁ areapplied.In Fig. 5 (middle),the
observeraimsto estimatetheenginespeedusingÑ Æ . Modelling
errorsaretoobig andtheleakcannotbedetected.Theresidual
respondsto Õ ÖÆ , but not to Õ ÖÁ . A spike appearsat

Ø ¨ ¹ « « å .
This is notcausedby afaultbut is awrong-flagging(causedby
modellingerror).

Scenario 3: class 2 and residual Ð Ã Æ . Here, ÕTÖÃ , ÕTÖÆ and ÕKßÃ are
applied. Fig. 5 (bottom)shows the responseof the residual.
A spike appearsdueto modellingerrorat time

Ø ¨ ¹ « « å (not
causedby a fault). Evidenceshows that ÕTÖÆ ( µ « «�æ Ø æ Û « « )
and ÕTßÃ (

Ø�çèÛ « « å ) are detectedfor high wheel and engine
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Figure3: Sensorfaultssignature.
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Figure4: Outputsmeasured.

speeds.Therersidualis oscillatoryin naturefor éQê�ë ì ì .
CommentsonFig. 5. The horizontal lines indicated are not
thresholdlines but are placedfor readability. For senario1
the effect of modellingerror is smallerandall faultsarede-
tecable. For senarios2 and3 the effect of modellingerror is
muchlarger, deemedmainly dueto unmodellednonlinearities
within the torqueconverter, thuscontributing to spikesin the
residuals(t=200s). The residualperformancesshown are the
samefor otherdatasets.
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Figure5: Filtered íî ï ð , íî ï ñ and íî ð ñ , respectively î ï ð ò , î ï ñ ò andî ð ñ ò . ( íî ï ð�ó�ô î ï ðgõ)öî ï ð�ô , íî ï ñ�ó�ô î ï ñ�õ)öî ï ñ)ô and íî ð ñ�ó�ôî ð ñ�õ�öî ð ñgô ).

5 Conclusions

Effective modellingis shown by usingrealdata,usingpolyno-
mial nonlinearitiesandusinga judiciousrelabellingof certain
quantitiesasknown measuredinputs. Theoryfor residualde-
sign is given for a discretizeddrive-train model, including a
novel designmodification. The applicationof the designthe-
ory to aJaguarcarshowstheimportanceof accuratemodelling.
Threefaultsenarios,eachwith adifferentoutputclass(÷�ø�ù ),
areconsideredandresidualsaregeneratedfor five faults(not
simultaneous).Originality of the work consistsin improved
modellinganda new FDI designfor systemsof the from (5).
TheRFDOherecanbeusedto isolatefaults,asin [9], usinga
bankof observers.
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