Capture of Manufacturing Uncertainty in Turbine Bla des
through Probabilistic Techniques

Nikita Thakurf, Andy Keanéand Prasanth B. Nair
Computational Engineering and Design Group, School of Engineerieg&s, University of Southampton,
Southampton, SO17 1BJ, UK.

Efficient designing of the turbine blades is criticalto the performance of an aircraft engine.
An area of significant research interest is the capturefamanufacturing uncertainty in the
shapes of these turbine blades. The available data used &stimation of this manufacturing
uncertainty inevitably contains the effects of measuremererror/noise. In the present work,
we propose the application of Principal Component Analysi (PCA) for de-noising the
measurement data and quantifying the underlying manufacturinguncertainty. Once the
PCA is performed, a method for dimensionality reductionhas been proposed which utilizes
prior information available on the variance of measuremen error for different
measurement types. Numerical studies indicate that appxanately 82% of the variation in
the measurements from their design values is accountedrf by the manufacturing
uncertainty, while the remaining 18% variation is filtered out as measurement error.
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I. Introduction

URBINE blades are critical to the performance of moraft engine. Identification and quantification of the

various types of manufacturing uncertainties in the @®0é turbine blade manufacture has become a field
of research that is claiming increased attention fteading aircraft engine manufacturing companies. “With the
introduction of new market paradigms likewer By The HouandTotalCarecontracts, the engine manufacturers
have undertaken the responsibility for providing oveifdtime support to the engine, from the time the engsne
delivered to the customer until the engine goes out efceaf®. Therefore, characterization and quantification of
these manufacturing uncertainties is an important issu@e aircraft engine manufacturing industry due to the
effect of these uncertainties on the overall efficieqmgrformance and life of the engine. At present, nothm
literature is available on the kind of manufacturing utadeties that can arise in the final shape of the merbi
blades.

In the present work, we consider cooled intermediagsgourre (IP) turbine blades which thus have both external
and internal design features. In the discussions thatMfoknowledge of the sources of manufacturing uncertainties
is based on first-hand experience at the Precision @aBwility (PCF), Rolls Royce plc., Derby. Regular
discussions have also been held with manufacturing asigindengineers.

Manufacturing of IP turbine blades involves processel &is casting, grinding and polishing, all of which can
contribute to shape variation in the blade from itsgiesalue. Casting in itself is a very complicated process
involving a series of steps and procedures, e.g. designthghanufacturing the moulds, pouring in the hot molten
metal, cooling of the casts, and, extraction of bldd@s moulds. In addition, certain less controllableapagters
like temperature, pressure and humidity of the surroundiisgsaald to these uncertainties. Therefore, identificatio
of the nature and sources of manufacturing uncertairdytean the quantification of this manufacturing unceryaint
is a significant task. Various experimental methods and igebs, both destructive and non-destructive, are
available for quantification of this uncertainty.

One of the destructive techniques is slicing up the sabgdies and making internal and external measurements
on the blade slices. However, the implementation isftdchnique depends on the number of blades available fo
cutting up into slices which may be very expensive to tlyh lebst of production of each blade. Besides, the
technology and procedure used for cutting up the blades hasctrdfally selected in order to obtain slices with
smooth cut-up surfaces that could be used for precise reeasuts. Also, the dimensions measured for comparison
with the design values need to be selected and registéredreat care.

One form of a non-destructive technique is to experimgntdiiain 3-D scans of the blades and then compare
these scans with the designed blade shapes. This priocedges highly powered X-ray micro-Computed
Tomography (CT) scanners for the high density nickelydllades. Such high-powered micro-CT scanners are not
easily available and obtaining 3-D scans on the terblades with good resolution is a very expensive and time
consuming process. Another non-destructive techniqueysigatly making measurements on the surfaces of the
manufactured blades and comparing these measurementfeviflesign values. This is a complicated process due
to the complex shape of the blade. Moreover, it givesaugdea of the internal shape variations in the blade,
especially for the air-cooled and film-cooled bladesciviihave cooling passages inside them.

Another non-destructive technique, which is being used ssftdly during the manufacturing process, is
making ultrasonic measurements on the blade. This technsgseultrasonic beams to measure the wall thickness of
the blade at various cross-sections and at variousspaanbss these cross-sections to record the final slfidpe
manufactured blade. Besides ultrasonic measurementslbfthicknesses, the other non-destructive evaluation
techniques that are currently in use for this purposenapalse-video-thermograpH3}, X-ray tomography?”! and
eddy current techniqué. Ultrasonic wall thickness measurement data caityeae corrupted by errors introduced
during the measurement process. Various factors arensbfgfor introducing measurement errors in the blade
thickness measurements e.g. error in calibrationeittrasonic device, error in orientation of the bladeen the
objective is to align it perpendicular to the ultrasonicchearor due to the measured surface being out of view,
human error, etc. Therefore, it becomes desiraliié¢teo out any error/noise from the measured dagetahe final
shape of the blade that would represent the actual neordd blade.

Principal Component Analysis (PCA) is one of the st&tl techniques widely employed in de-noising
measurement data. PCA is used in various fields likereterdiogram (ECG) data compression in biomedi€ine
electrical impedance tomography (EIT? in imaging techridlie face recognitio®® !, gene expression analysis
in bioinformatics™?, oceanograph{® ** climatology™®, geophysic$'® *" geology™®, astronomy** *°! shape
prediction of femoral heads from partial informatioh reconstruction of human body shapes from range s$sans
Computer Graphic§? etc. Lately, more complicated forms of PCA have bdeveloped and demonstrated on
varying sets of data. Smidl and Quififl proposed Bayesian principal component analysis and deratd the
advantages of orthogonal variational PCA (OVPCA) ontigiaphic dynamic image sequence of kidneys. Tipping
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and Bishog” demonstrated the advantages of Probabilistic Principalp®nent Analysis (PPCA) by applying the
technigue on a set diobamovirudata (a genus that contains viruses that infect plarégjan, Roble, Russell and
Mlynczak ™™ made use of Complex Principal Component Analysis (CR®Watellite data for planetary wave and
tidal analysis in the middle atmosphere.

The objective of this paper is to demonstrate the agifgitc of PCA in separation of measurement variability
from measured turbine blade thickness data to oliaiexpected actual thicknesses of the manufactured blredes t
include the effects of manufacturing uncertainty. This pafse proposes an approach to dimensionality reduction
after PCA has been performed on the blade thickneasTat proposed approach to dimensionality reduction finds
application only when prior information on the measugst error is available. The variance of the measemém
error at each measurement position is used as thédhadef®r cut-off to decide upon the number of principal
components (PCs) to be retained.

The flow of discussion in this paper is as follows. Int®ecll we give an introduction to PCA in terms of its
mathematical formulation. In Section Ill, various teclugs that may be used for dimensionality analysis are
presented and the proposed approach to dimensionality redbeisobeen discussed in detail. Section 1V discusses
the application of PCA and the dimensionality reducteEzhhiques to the measured turbine blade data. Sécttion
discusses the concluding remarks and is followed by ackdgeteents and references.

1. Introduction to PCA

Principal Component Analysis is a non-parametric metifaktracting relevant information from complicated
dataset&¥. “It is a way of identifying patterns in data, and expieg the data in such a way as to highlight their
similarities and differences®”. Let X be anmx n matrix, wheremis the number of measurement types aigithe
number of samples. L&t be anothem x n matrix related by a linear transformatiBnif X is the original recorded
dataset and is a re-representation of that dataset, we can agplgar transformation tX such that,

PX=Y @)
Equation (1) represents a changeadissuch thaP is a matrix that transforms into Y. The goal of PCA is to find

the orthonormal matri>P whereY = PX such that the covariance matrix ¥f namely C,, ° Yy’ is

n-1
diagonalized. The rows &fare the principal componentsXf We begin by rewritingC,, in terms of our variable
of choiceP.

1 1 1
C, =——(PX)(PX)" =——PXX'P" =——P(XX")P", )
n-1 n-1 n-1
1 T
C, =——PAP", ©)
n-1
where, Ao XX, (4

In equation (4)A is asymmetrianatrix which is diagonalized by an orthogonal matrix ofigenvectors such
that:

A=VDV', (5)

whereD is a diagonal matrix and is a matrix of eigenvectors éf arranged as columns.

The matrixA hasr £ m orthonormal eigenvectors whare the rank of the matrix. The rankAfis less tham
when A is degenerateor all data occupy a sub-space of dimensiof m. Maintaining the constraint of
orthogonality, this situation can be remedied by selgcfin — r) additional orthonormal vectors to “fill up” the
matrix V. These additional vectors do not affect the finautsah because the variances associated with these
directions are zero.
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We select the matri® to be a matrix where each row; is an eigenvector oKX " . By employing this

selection, P° V' . Substituting into equation (5), we find = P'DP. Also, we know that the inverse of an
orthogonal matrix is its transpose, i.e., for our cade=pP . EvaluatingC,, from these two relations, we get:

1
n-1

C, =1 ppp :LP(PTDP)PT I%(PPT)D(PPT) =—— (PP D(PPY), (6)

n-1 n-1

CY =—D. (7)

From equation (7), it is evident that the choicePofiagonalizesC,, . For a more elaborate description of the

theoretical and computational aspects of PCA, the read&farred to the works by Smith, Jolliffe, Mandel and
others[ll’ 12, 24-27.]

lll.  Dimensionality Reduction

Once the PCA has been performed, the next issue isichdbg number of Principal Components (PCs) to be
retained in order to account for most of the variaiioK " 2% Numerous techniques for dimensionality reduction
are available in the literatuf& 2> **! Many readymade packages in MATLAB are also availaliietwperform
dimensionality reduction for a given datals&t Some of the techniques which are proposed in thatliter are, — 1)
selecting a cumulative percentage of total variation thatthe selected PCs contribute say 80% or 90% of thle tot
variation®”, 2) Kaiser's rulewhich retains only those PCs whose variances exc&&l 3) Scree Graph* *”and
theLog-Eigenvalue Diagrari”, 4) Bayesian Model selectidff etc. A detailed description of these techniques can
be found in the works from Jollif6” and Minka®®. Other dimensionality reduction techniques for which
readymade packages are available in MATLAB @oerelation dimension estimator, Nearest neighbour estimator,
Maximum likelihood estimator, Eigenvalue-based estimator, Packingaraneistimatorand Geodesic minimum
spanning tree (GMST) estimatofurther information on these techniques is availabléAm Introduction to
Dimensionality Reduction Using Matldly Maater®®. This paper discusses essential details of the twaitpaés,
namely,Cumulative Percentage of Total Variatiand The Scree Graplsince they have been used for validating
the results obtained from the application of the prepgadimensionality reduction technique to the measurement
dataset.

A. Cumulative Percentage of Total Variation
Let us assume that the number of PCs to be retainedR®A has been performed is represented. byhis
technique proposes a criterion for dimensionality redncsiach that a cumulative percentage of the total vamiatio
accounted for by the firgt PCs is calculated. The numhrs selected such that it accounts for anything between
70% to 90% of the total variation, depending upon the detdiltheo particular dataset being analysed. The
cumulative percentage of the total variation accountethyfdhe firstd PCs may be mathematically represented as
below:
d m
Cuntiva percentage 200 e\4(/ ey, (8)
k=1 k=1

where, eV, represents the'leigenvalué®”.

B. The Scree Graph
The screegraph proposes dimensionality reduction through a grapbis#rvation of thee\j vs. k plot. The

dimensionalityd is selected equal to the valuekaguch that the slopes of lines joining the plotted painés'steep’
to the left ofk and ‘shallow’ to the right ok 7.

C. Dimensionality reduction using prior information on Measurement Error
The techniques discussed above are very useful when thesepisor knowledge of the noise that needs to be
filtered out of the measurement data. However, if we lr@eemation available on the noise that is to be oeed
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from the target input matriX, it is more desirable to use this knowledge for aidirgy gblection of minimum
number of PCs that should be retained.

Due to the availability of data on the measurementr @nmnoduced for various measurement types, in the
present work, we use this information as the thresholdutoff when selecting the number of PCs to be rethine
Here, information on the measurement error is akkelin the form of repeated trials of the same experiran the
same sample by different operators, where each operator repeatsteation the same sampteimes. This is
done forq different randomly selected samples. The measurenoésd imformation is converted into a data matrix
N such that each row is populated with the measurements dakiy@ same measurement position and each column
contains the measurements from a particular tri@l.each sampléy can be represented ama p matrix wherem

represents the number of measurement typespand x t. The variance of each row bf(say n;, wherei is the
number of rows) can be represented as the sum of tiame of actual value of the measurement type gaynd
variance due to the measurement error ay

s%n)=s%@)+s2(). ©)

The actual value of the same measurement type foatepeneasurements on the same sample is constant.
Thus, s 2(ai) = 0. Substituting this in equation (9) we get,
2 2
s7(n))=s5"(g). (20)

Therefore, the variance of each row in the dataimblirepresents the variance of the measurement erroilagy,
these variances can be calculatedcfaiifferent samples. The variances calculated for edthese samples fan
different measurement types could be consolidated intaroxe] variance matrix. The mean of each row of the
variance matrix would finally result im different values, one each for different measurement types, which may
then be used as the threshold for cut-off while seletti@gnumber of PCs to be retained.

IV. Numerical Studies

Wall thickness measurements were taken through uliiasosasurement devices on a set of 1050 randomly
selected IP air-cooled turbine blades. This measuredasa was made available by the Precision Castindgitifaci
(PCF), Rolls Royce plc., Derby. The thicknesses wezasured across three cross-sections (Tip, Mid and Root of
the blade) and each section was measured at 6 diffecations (pressure side Leading Edge (LE), pressdee si
center, pressure side Trailing Edge (TE), suction si@diffg Edge, suction side center and suction side Leading
Edge). Fig. 1 shows the measurement locations acros:
typical cross-section. The locations 1-6 markedrFig. 1
were selected such that the minimum thicknesses agaoss
section were recorded. Minimum thicknesses across ¢

section of the blade become important during fatiguertail 3
tests, and lifing and stress analysis. 5

Out of this 1050 blade dataset, data for 77 blac 1 \
manufactured on the same day was identified and sepat \
to nullify the uncertainty effects introduced due to charige \

the surrounding temperature and humidity levels. These

datasets comprising 77 blades and 1050 blades respecti \
were analysed in order to observe and compare the eel: 4
drifts in thickness values from one measurement locat

another for the 18 different measurement locations. T 5 /

deviation from nominal was plotted for the two datasets \
the form of scatter plots across the 3 cross-sex{jdip, Mid
and Root) such that: 5
Deviation from nominal = Fig. 1 Measurement locations across typical
Nominal Thickness — Measured Tingds. (11) cross-section.
5
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The resultant scatter plots obtained at the Tip-sefiotihe 77 and 1050 blade datasets are showigir?2 andFig.

3 respectively. Similar plots were also constructed tier Mid and Root-sections. It was observed that for thath
datasets, the drifts in mean measurement valuesrimmnal thicknesses across the six measurement losatton
Tip-section followed a similar trend. This is appareninfra comparison dfig. 2 with Fig. 3. Similar trends were
also observed for the Mid and Root-sections. This leadhé conclusion that the variation in surrounding
temperature and humidity levels did not affect the relatamation from nominal in blade wall thickness valaes
the eighteen measurement locations. The entire 1050 blaéaecolald therefore be used directly for a further
statistical analysis of the manufacturing uncertainty measurement variability.

Deviation from nominal thickness

0 1 2 3 4 5 6 7

Measurement location
Fig. 2 Deviation from nominal vs. measurement Fig. 3 Deviation from nominal vs. measurement
location at TIP section for 77 blade dataset. location at TIP section for 1050 bladiataset.

The measurement data on the 1050 blades was represetitedarm of a matrix wherem =18 andn =1050
such that rows 1-6 represented the measurements takiea ©ip-section, rows 7-12 represented the measurements
taken on the Mid-section and rows 13-18 represented theuree@nts taken on the Root-section. A PCA was
performed on this input data matx The resultant plot of the eigenvalues versus numberodes obtained from
the application of PCA to the measurement datasétasn inFig. 4.

Applying the Scree Graph method of dimensionality redudtiatme plot inFig. 4, it is observed that fdk =5
the slopes of the lines formed by plotting the pointhieoleft ofk are steeper relative to the slopes on the rigkt of
Hence, for the present case, the valué miay be taken equal to 5. The pdirt 3 may also be considered, however
it is observed that the slope of the line joinlng 4 andk = 5 becomes steeper again, hedce 5 seems to be a
better choice in this case.
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Principal Component number Measurement Location
Fig. 4 Plot of Eigenvalues vs. Principal Component Fig. 5 Plot of mean variance vs. measurenten
number for the 1050 blade dataset. location on the blad
6
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Now, looking at theCumulative Percentage of Total Variatiomethod of dimensionality reduction and keeping
80% of the total variation as the threshold for cutibf§ observed that:

a) for k= 3, cumulative percentage = 74.56%.

b) for k = 4, cumulative percentage = 82.02%.

c) for k=05, cumulative percentage = 85.66%.

Observing the values of the cumulative energy conterg¢doh of the cases aboker 4 seems to be the closest
possible match to our threshold criterion. Hence, tlathodology results in a dimensionality= 4.

The dimensionality analysis using the already existingedsionality reduction techniques shows that most of
the variance is accounted for by the fidst 4/d = 5 modes and the remaining 1&-modes may be representing
random error/noise. This suggests that by using PCA, tipe stfahe manufactured blades may be reconstructed
using the firstd modes and the remaining 18l+modes would result in the measurement variability.

Following this analysis, the technique proposed for dimeasity reduction using prior information available
on the measurement error, as discussed in section dH,applied on the measurement dataset. Information on
measurement error was made available to us by a spedesigned experiment conducted at PCF, Rolls Royce
plc., Derby. Ultrasonic wall thickness measurementseweade for a randomly selected sample of 11 IP turbine
blades, such that each set of 18 measurements were repeathd same blade by three randomly selected
operators, with each operator repeating the 18 set afureraents four times on the same blade. Since the agerato
were randomly selected, this data included human erritreireasurements. These measurements were taken on
different days and at different times of the day thusumiolg the effects of any changes in the day to day
temperature, pressure and humidity levels of the surrngadirhe random selection of the 11 blades accounted for
any other indistinguishable random errors being introdudedttire blade shape during the manufacturing process.
With this set of 12 trials each on 11 blades, and 18 measui®reing taken on each blade, the variances in
measurements at the 18 measurement locations werdatedtfor each blade separately using equation (10). The
overall mean of the variances at each locationhferitl blades was then calculated as explained in Selitidimé
resultant plot of the mean variances vs. measuremestion is shown ifrig. 5

It can be observed iRig. 5that the values of variance are maximum at position§2and 13 which denote the
Mid suction-side center, Mid suction-side LE and Root presside LE, possibly due to the large curvature at these
positions. Also, it was observed that the measuremeiatbility at the Tip and Root-sections was lower thzat ft
the Mid-section. A possible reason for this could beidliffy in holding the Mid-section perpendicular to the
ultrasonic beam head due to non-firm clamping of the bldde-firm clamping increases the possibility of leftlan
right deviations of the blade from the markings on Nhié-section across which measurements are to b take
point worth noticing is that the magnitude of the vargnacross the 18 measurement locations is relatieely v
small as compared to the magnitude of the actual wakrtess measurements, which are approximately 10-20
times of the maximum value of standard deviation obserevedhese variances. This may indicate that the
measurement variability being introduced by the operasardatively very small and the operators are walhed.

These values of measurement error variances at the direeent locations were used as threshold for cut-off
while deciding upon the number of PCs that were to bénestdor reconstruction of the manufactured blades. The
value of number of PCk) was varied between 1-18 such that if the variance ofd@benstruction error was less
than the threshold value, tikewas reduced and if the variance of the reconstructioor @as more than the
threshold value, thiewas increased. For the present case, the recomatrector is defined as:

Reconstruction Error = Original dethickness — Reconstructed Blade Thickness. (12)

This comparison becomes easier when plotted. Theoptained from PCA which shows a continuous decrease in
variance of reconstruction error as the number of&€sdncreased is shown kig. 6. The solid line represents the
variances used for dimensionality reduction. The dashed tiepresent the variances plotted for reconstruetion

ask increases from 1 to 18. It is observed clearly thatvéir@ance in reconstruction error at each measuremen
position decays with increase ktill it finally becomes zero whek = 18. This implies that it is possible to
reconstruct the entire input data matrix without losing information when the number of PCs is selectedlequa
the number of measurement types. A closer look at themplay. 6revealed that the variance plot obtainedkfer

4 resulted in the best possible match to the threshoktiorit The variance plot obtained for 4 has been clearly
highlighted inFig. 6 with a bold dashed line. Hence, the proposed dimensipmatiuction criterion resulted in a
dimensionality,d = 4. It is observed that this value of dimensionality mmescperfectly with the results obtained
form the application o€umulative Percentage of Total Variatitethnique and is very close to the results observed
from theScree Graphiechnique. It may be concluded therefore, that the progbeezhsionality reduction criterion

7
Association for Structural and Multidisciplinary Optimizet in the UK (ASMO-UK)



is capturing approximately 82% of the variation as manuiferg uncertainty and filtering out the remaining 18%
variation as measurement variability.

Fig. 6 Variance.\measurement location plotted for PCA.

The expected values of manufactured thicknesses at the $8ner@@nt positions were then reconstructed using
d = 4. These thickness may be used for lifing, streisesmal analysis of the probable manufactured blade shapes

Fig. 7 Expected manufactured thicknesses Fig. 8 Expected measurement erras.
vs. measurement location (Tip). measureméatation (Tip).

The plot obtained for the expected manufactured thicknasske Tip-section is shown Fig. 7. Fig. 8 shows
the plot of probable values of measurement error vs. mexasnt location at Tip-section. Similar plots wersoal
obtained for the Mid and Root-sections. Observing tlife idrmeans from nominal of the expected manufactured
thicknesses irFig. 7, it was concluded that the blade thicknesses were imigeby a systematic manufacturing
uncertainty. This was also confirmed in the plots olgdifor the Mid and Root-sections. Also, it was obskthat
manufacturing location 1 was most accurate with thenmahie of manufactured thicknesses equal to the nominal,
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while there was an in increase in thicknesses| #iti@lother location number 2-@.he relative increase in thickness
seemed to be least at the Root, increased at the klidrsand was maximum at the Tip of the blade. Thisemse

in wall thickness values from Root to Tip could probablybeounted for by the process in which the molten metal
is poured into the casts from base to top, Tip fiodipdved by Mid and then the Root-section. This is donentsure
that the blade structure is monocrystalline. Thera possibility that the hydrostatic pressure exertechbyhigh
density molten Nickel alloy results in slight increasehie wall thicknesses at the sections located abdttem of

the cast while setting. Also it is highly probabletttiee ceramic core at such high temperatures of tHeemmetal
becomes semi-plastic in nature, resulting in unexpectedrrdafions in the blade core affecting the wall
thicknesses. However, an important point worth noticirthas almost all of the manufactured thickness values a
within the specified tolerance limits.

V. Conclusions

In this paper, we presented an application of PCA imaigihg measurement data on aircraft engine turbine
blades. This paper also proposes an approach to dimensioedliiction given prior knowledge of the random
error/noise. Comparison of the results obtained frbm groposed dimensionality reduction technique with the
standard dimensionality reduction techniques proves thahéopresent case, this approach works successfully in
conjunction with PCA for de-noising data. In additidme t/ariance plot obtained from the repeated measurements
while using this approach may provide some extra informato the measurement variability of various
measurement types. The values of the manufactured thsdsiebtained from the PCA analysis are representative
of the plausible manufactured blade shapes and may be udiel dalculations and stress analysis.

From a detailed statistical analysis of the measuresmaatle on a randomly selected sample of 1050 IP turbine
blades, we were able to draw the following conclusions:

The variation in surrounding temperature and humidity fewélh passage of time does not appear to affect the

relative drifting trends in blade wall thicknesses fromsigie values from one measurement location to another.

The magnitude of measurement variability is maximum atMigksection suction-side center, Mid-section

suction-side LE and Root-section pressure-side LE positmssibly due to the large curvature at these

positions.

The measurement variability is lower at the Tip andtRections as compared to the Mid-section. A relbtive

firmer hold on the blade at the Tip and Root-sections dubké presence of shroud and firtree could possibly

account for this. It is possible that there is a latg# and right misalignment of the blade at the Midtiem
when it is placed perpendicular to the ultrasonic head.

The magnitude of variance in measurements due to measurean&@bility is relatively small as compared to

the magnitude of the actual wall thickness measurema@iiis may indicate that the measurement variability

being introduced by the operators is relatively small aasfierators are well trained.

Approximately 82% of the variation in the measurement dataptured as manufacturing uncertainty and the

remaining 18% variation is filtered out as measuremaentviity.

There exists a systematic manufacturing uncertaintyemthnufactured turbine blades. The measurements at

pressure surface leading edge are most accurate, buteatithiier measurement locations spread across the

pressure and suction surfaces show a slight increaggckness values from the design values. This relative
increase in thicknesses appears to be least at theiRoeses at the Mid-section and is maximum at ipefT

the blade. This variation in thickness could possiblydm®anted for by the process in which the molten metal is

poured into the casts from base to top to ensure théldde structure is monocrystalline. There is a pogyi

that the hydrostatic pressure from the high densityendNickel alloy, combined with flexibility in the core

material at casting temperature, results in slightem®e in the wall thicknesses at the sections locatdide

bottom of the cast while setting.

Almost all the manufactured thickness values are witiérspecified tolerance limits.
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