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ABSTRACT

The research work presented in this thesis discusses various complex issues associated
with condition monitoring of wind energy conversion system (WECS). The aim of this
dissertation research is to develop nonintrusive condition monitoring and fault detection (CMFD)
approaches for WECS.In this thesis, four different key components of WECS have been used for
condition monitoring and fault diagnosis purpose which are the key element in the WECS: 1)
Condition monitoring of wind turbine generating system (WTGS), 2) Condition monitoring of
gearbox, 3) Condition monitoring of bearing and 4) Condition monitoring of step-up transformer
used for grid integration.

Generally, WTGS is under downtime condition for 3 to 10 days/year due to the
components failures, which can be accounted to yaw system failure, structure failure, hydraulic
and brakes failure, gearbox failure, sensors failure, drive train failure, control system failure,
electric system failure, generator failure, blades/hub/pitch failure, and other failure. The failure
due to imbalance indifferent mechanical structure also creates major faults in WTGS. The
imbalance faults in blades, shaft, furl and aerodynamic asymmetry are the common imbalance
faults in WTGS. The proposed approach uses only PMSG (permanent magnet synchronous
generator) current signatures that have already been utilized by the protection and control system
of WTGS, no additional mechanical sensors are required. However, there are challenges in using
current measurements for CMFD of WTGS. First, it is a challenge to extract WTGS fault
signatures from non-stationary current measurements, due to the variable-speed operating
conditions of WTGS. Moreover, the useful information in current measurements for CMFD of

WTGS usually has a low signal to noise ratio, which makes the CMFD difficult. For this, EMD



(empirical mode decomposition) and wavelet transform based on an appropriate signal processing
technique have been proposed. Second, it is a challenge to select the most relevant input variables
to the classifier for CMFD of WTGS. For this, the J48 algorithm and PCA algorithm based an
appropriate feature selection technique have been proposed. The third, it is a challenge to find out
the suitable technique for imbalance fault classification of WTGS. For this, a comparative study
of six different artificial intelligence (Al) techniques (i.e., MLP, SVM, PSVM, ELM, GEP and
MFQL) has been proposed to find out the suitable Al approach for CMFD of WTGS.

Gearbox is used in the WECS to enhance the rotation speed of the main shaft connected
with the generator which is used to generate the electrical power if the generator is not a PMSG.
Therefore, condition monitoring of gearbox has become more important for proper functioning of
WECS. An unexpected fault of the gearbox may cause huge economic losses, even personal
injury. So, probably failure diagnosis is an important process in the preventive maintenance of
gearbox which avoids serious damage if defects occur in one of the gears during operation
condition. Therefore, for early detection of the defects, Al-based an approach for gearbox fault
diagnosis has been proposed in this dissertation by using vibration signals. The proposed
approach overcomes the problems of feature extraction, feature selection and accuracy of fault
diagnosis in the area of CMFD of the gearbox.

There are various places in WECS where bearings are utilized such as in main shafts, yaw
drive, pitch bearings, generators, and gearboxes (if used). Bearing failure may occur due to
defects in its inner race, outer race or the rolling elements. To prevent such breakdown, an
advance condition monitoring system has been proposed in this dissertation for CMFD of WECS.
To carry out the monitoring, the feature extraction, attribute selection and fault classification

techniques are proposed for the CMFD of bearing.



Each WTGS in a WECS is equipped with a step-up transformer, which steps up turbine
generator output voltage from a few hundred volts to the collector system's medium voltage
distribution levels. These wind turbine step-up transformers are failing at an alarming rate and
developers and operators of utility-scale wind farm projects are scrambling to identify the most
likely causes for this widespread failure. Therefore, an accurate fault diagnosis is important in
transformers for ensuring quality power supply with minimum disturbances of WECS. The
dissolved gas analysis (DGA) has been widely used as a tool for transformer fault condition
interpretation but it required personal experiences than mathematical modelling. Therefore, in
this dissertation, an Al-based CMFD approach has been proposed to overcome the problem of
conventional DGA interpretation, as well as proposed approach, solves the problem of selection
of most relevant attributes, which are used as an input variable to the six different Al approaches.

The proposed approaches have extensively been tested on computer simulations and
experiments for a PMSG based WTGS, gearbox, bearings and step-up transformer used in WECS
and detailed discussions on each case study results have been presented.The results on test
systems (i.e., direct-drive WTGS, gearbox, bearing and transformer) illustrate the effectiveness of

the proposed approaches and provide insights into the nature of the problem.

Vi



LS1RS

ITEUTT 58 M A TEJT 1o TAffie ST gaet Foll FATEROT JOTTell (WECS) & &t
w*mﬂﬂ?ﬂﬁwiﬁ‘fﬁl%QWWW?Wanonintrusiveﬁaﬁw
3R IS ST IAT ST (CMFD) fah AT F¥aT & folT WECS.In 39 YT & foIw efeeahIuT &, 1)
Udel eSS 3cUTGeT TOTTeI ahT &R T fAar=iy (WTGS), 2) FRaiad i g2 &1 [T, 3)
eRIT Y TAIRTAT: TR WECS & faifiest v e e farmet 3R arerd et fora 3eea &
WECS # Y@ dcd ¢ o ToIT SEATS fohar a1am § 38R 3R 4) T9-319 {315 wehienior & fow
SEAATE fohdT CRATIFR T &2T FI fAIRTET |

3TH IR W], WTGS Teeh TAherdarail, St JuTrell I fawerdr, T3 [Atherdr, gTssifae s 3T
fawerar, et [Atherdr, S8R Y TAherdT, 315 o7 I faweldr, fAT=or qumelt Y _Atherar
T T §TAT el T aTe fohar ST @ehclT § i dotg & 3 10 AT & forv / av s3aersa e &
ded e, [SsToll utmell T Taherar, STelkeX [Awerdr, soig / g / o= fawarar, 31 3= fAwerar|
3ol 3Tt i3k E=AT Y dofg & fatherdr 8 WTGS 7 YA@ &Y et &t §1 sois A
3T G, MW, AT 3R AGITADIT FATHAT 3T 3rETelel & WTGS & 2| Tclrfad
TTREHIVT Shdlel PMSG (FATY Taeh JedehlToleh STele) &1 3UATT &Il § Tl gEcar o
ggel H & WTGS & HR&T0T 3R fAd=0T ormelT gart 39T forar o= §, foa fore srfafera
IiTeh HE T TTLIhdT & | §Teliieh, T8I cMFD & foTT aciHTe AT T 3TN it H et
& AT WTGS | TR Ygo), Ig W 31T 3TRT I aatg T, IR 2R a1 319 & WTGS el §Ea1eR
foehToraY & forw wen Telelr & WTGS ahr fear ohr TEufer | $eh 31eimaT, WTGS & CMFD o Tl aciaTe
AT H 3TANA STAHRY ITHAR TR MR 3T, ST CMFD ST ST T & o [TT Teh e Hehed
&1 38 & foT, STAST (3reTsrasied AlS 3qacs) 3R Teh 3fad fletel MATHT & 3TUR W ago=
RIFTeRT Tehaileh TEATIAA T aTT &1 GE, TS WTGS T cMFD & oI geffenRes foT Herdt
37Tk UTET3Teh ST TR T T Fel o [T Teh Yelcll § | 58 & FoIT, J48 ToanRea iR drdie
Tea e 3menRa Fis 3T [AAYdr Tae deeiies YEarad fhar ar §1 9T, I8 § Th
Al WTGS & 3TcIeleT ITeTcll JafieroT & feIT Suerd deheileh Il 9T & foT| 30 & forg,
OF AT HIAA I (Al) deheileh (TTelT, MLP, SVM, PSVM, TeH, GEP 31 MFQL) 3T Teh JelallcHh
3TETGT Al Wholel o [T FEATTAT FohaT 1T & S8 WTGS 3T cMFD & folT 3ugerd T g fSeehior |




fARRETerg STeex S [SoTell 3cueed et & foIT dT &, dl STelReX Ueh PMSG sTa1 & 9aTeT fomam
STl & o 1Y 3] E3T 7T ATFE 1 goie a1f A FTe & frT WECS 3 SeT fonar ST & |
oo, fraeres $ fEufa R wees & gafad w1 & fow i 3ifte Ageavet o
¢ | FRRaTery &l Ueh 3eTdTaIe aTercll T HROT & Hehcl ST AT JhdTe, TgT deh foh
cTTFAeTd Aic| a, 2TE TawheldT feigreT it 3T &77 & ST SATAT 8, AT &l 31U 2T &Teld &RTe
A 7 @ T A gl § Taraalierd &l [aRes 31ReT0or  Ueh HgeaqoT Hishdm § | SATAT, & &7
STed! gdT o19TeY & foIT, ¥ 3menRa fARated aradt e & foiw ues efSeaniur hual Hohdl &l
3YANT hich S AT T H GEAA T I17 B | GEATTA TfSehIoT T cMFD o &1 # glaer
fersendor, glaer =raet 3R arercht foiereT &t TrehT dhr FAEA3IT 9T h1e T IR |

STeT drIReT A&y entre, faerelst 3134, e ST, SieikeX # o &9 & Ul 3uZNeT fohar ST &
WECS H faffiesT Tamat, 31 Frreterg (afe gater fhar siran) s R &1 39 fiadrals A Qi
STEdY ST AT AT ceall T Fote W 316 TAHerdT &1 Hehcll & | $H ¥ & ol ol Ukl & felT
e I gToId fFTRTEAT JoTTelr WECS Y cMFD & forw 33 er waier & y&ariad fohar I—m g1,
fovarrel, giarem faseyor g2 of Siel &1 A7 T2 3 aTelcl Jafferior dehelieh 3T T cMFD &
fow wEarfaa s @ & et & far|

Teh WECS H Ucdeh WTGS Ueh TCU-3T TIABIER, ST holdel TAECH & HEIH dlecsl (a0l
TR & fAT $o &t dlec @ XSS SeiReX IcUlee dlecs hed & Ay FaAtoold g1 T gae
AT TSY-31T TTHHHT Teh TlehTed aTell &X 3R Sq9d WX 3% ] & 3R 3T fFar daes
UX Jdel Wd TRATSATIN & e S8 A9 [qholdT T FaTie FHTad RO ST ggare
o T UTd AR ¢ 81 3T, Teh T eIl TSI WECS T Ao ST & HTY I[0Tdccll
forstelt &1 3mqfet AR et & fAT TABIER & Fgcaqol &1 8791 I fALRAOT (DGA) ST
TG H TFHFR el gTeld SITEAT & [T Teh 3Ua0T & & H STAHAT [T AT E, Afhed g
IO ATSToIT & T¥SiT 37e737a T HTaRTehell & | ST, SH ATET Taer H, Teh W LR cMFD
TfSeahIuT IO ST SATEAT Y TAEAT &, T &Y IEdiidd isehiul & 388 & fov
T fohaT I § , He 3118 T {aTeh (0T 8, ST B8 & T Teh $o79¢ T o &9 7 3ugrer
T SITAT & & I T GHEAT T g AT T giSeaniuT)

SETTA g feeahIuT 98 AT O e IX qI&ToT foha 91T § simulati
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