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Abstract

The measurement of stress/strain on blade plays an essential role in the fatigue assessment of the
hydroelectric turbine runner. However, a typical measurement campaign does not cover all the
possible operating conditions due to the field measurement requirements and limitations, which leads
to fatigue evaluation missing for unmeasured conditions. In this paper, kriging interpolation method is
used to estimate the missing fatigue information based on the available measured operating conditions
of the turbine. The rainflow counting matrix, which contains the fatigue cycles of strain signal, is
considered as the input of the interpolation process. For validation, the fatigue cycles are randomly
generated, using bivariate Gaussian distributions, from the interpolated matrix for comparison with
the experimental values under similar operating conditions. The developed approach will help plan
experimental campaign and might contribute to decreasing the measurement requirements for runner
fatigue assessment.

Keywords: Hydroelectric turbine; Kriging interpolation; Runner fatigue assessment; Rainflow
counting

Nomenclature
B Bin value of ARM histogram [probability] ARM Asymmetric Rainflow Matrix
f From value of a strain cycle [pstrain] BEP Best Efficiency Point
t To value of a strain cycle [ustrain] BGD Bivariate Gaussian Distribution
0 Operating condition [%OV] CFD Computational Fluid Dynamic
p Bin position (p(f,v)) DC Decreasing Cycle
n, Number of experimental operating conditions DPL Deep Part-Load o
U Set of bin position p; and its neighbours ES E?iperlmental Semlvar}ogram
Akt Regression weight FEA Finite Element Analysis
o? Error variance FPC Four-Points Counting
y Semivariogram value HCF High Cycle Fatigue
S . . IC Increasing Cycle
14 Experimental Semivariogram
h Histogram Space Increment MAE Mean Absolute Error
u RMSE  Root Mean Square Error

Operating Conditions Increment
v(hu)  Get of paired points
N(huw)  Cardinal of v(h, w)

LC) Lagrange function

SNL Speed No-Load

STK Spatio-Temporal Kriging

%0V Guide Vane Opening Level
K Anisotropy correction

s Lagrange multiplier N .
Vsmetric  Sum-metric semivariogram model Yo Semivariogram model for variable
. . . . o
Yoint Joint semivariogram Yo o )
Semivariogram model for variable
p

1. Introduction

Fatigue is one of the damage mechanisms occurring during the operation of a hydroelectric turbine.
Today, runner blades are experiencing increasing dynamic strains due to larger operating range of
turbines caused by electrical network usage changes [1]. These changes mean that the turbine must
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operate under conditions that deviate significantly from the Best Efficiency Point (BEP), which leads
to a higher risk of fatigue crack. Monette et al. (2016) highlighted the reduced fatigue life of turbine
runner and the high repair costs generated by this enlarged operating range [1]. A general overview of
conditions and dynamic phenomena that significantly influence runner fatigue is presented by Liu et
al. (2016), Seidel et al. (2014) and Gagnon et al. (2014) [2-4]. Steady state operating conditions
containing a high stochastic component such as Speed No-Load (SNL) or Deep Part-Load (DPL) or
Part load containing vortex rope phenomenon, and transient conditions such as turbine start-up can
have major impact on runner fatigue assessment if not properly accounted for.

Fatigue is assessed based on several factors (runner material, stress level, initial crack), and
requires a representative strain/stress history. Many approaches are available for improving runner
fatigue life estimation. To limit fatigue failure, Gagnon et al. (2013) proposed a runner reliability
model using the High Cycle Fatigue (HCF) onset as the limit [5]. Fatigue damage is linked to the
propagation of cracks on the runner, and thus, an investigation of the metallurgical or mechanical
behaviour of the material is also needed [6-9]. However, fatigue assessment cannot be carried out if
the dynamic load information is missing. Computational Fluid Dynamic (CFD) combined with Finite
Element Analysis (FEA) can be used to estimate the static and dynamic behaviour of the structure
under such as SNL or DPL [10-12]. Nevertheless, numerical prediction is still challenging when
turbulence models are not able to properly describe the behaviour of the turbine [13]. Moreover, the
validation of numerical simulation depends on the availability of the experimental information.
However, to recover this missing experimental information, other approaches, such as the
interpolation and extrapolation of experimental data, can be used [14-16]. The use of indirect method
can also help minimize the measurement requirement, Diagne et al. (2016) utilised the ARMAX
(Autoregressive Moving Average with eXogenous input) model to predict the runner dynamic stress
using shaft torsion information, which is more readily available [17]. For a detailed review of the
fatigue life estimation methodologies used for Francis turbines, please refer to Presas et al. (2019)
[13]. Our state-of-art summary shows that in situ field strains/stress during or after commissioning
provide important and essential information for the study of the hydroelectric turbine runner fatigue.

Finding a solution that can provide missing experimental information and improve knowledge on
the dynamic behaviour remains a challenge. Obtaining experimental strains over all the possible states
of the hydroelectric turbine operation would be overly costly and time-consuming; hence,
experimental measurements are usually limited to a limited set of operating conditions, which leads to
difficulties during runner fatigue assessment. The goal of this paper is to propose a methodology to
minimize the requirements for experimental strain measurements. There are three difficulties
associated with the measurement of strain for fatigue evaluation:

* Limited number of measured locations on runner blades
* Limited measurement length
* Limited number of measured operating conditions

The first was studied by Salah where the kriging method was used for the interpolation between
different locations of the runner blade [14]. For the second, several approaches can be used for
temporal extrapolation to obtain long-term fatigue assessments. Poirier et al. (2016) [15] extrapolated
information on the cyclostationary decompositions of the short-term records of strain signals to
evaluate runner fatigue cycles over a longer period of usage. Other researchers extrapolated the
rainflow matrices directly over longer periods [19-22]. However, such strain interpolation between
blade locations or a temporal extrapolation can be performed if and only if an estimate of the signal is
available (generally in the form of measurements) at a given turbine operating condition. Therefore,
the lack of measurements over the complete operating range should be studied as shown in Figure 1.

In a previous work the authors developed an interpolation process for a subcomponent of the strain
signal between different turbine operating conditions [16]. Only the periodic component of the signal
was interpolated while the complete strain signal was overlooked as it is more complex and contains
other hidden structures. The direct interpolation of complete strain signal (measurement form) is a
complicated problem because of these hidden structures. However, in cases where only fatigue
information is needed for further evaluation, the strain signal could be transformed into a cycle
counting form (level crossing, peak counting, rainflow matrices, etc.) to simplify the interpolation.
Among cycle counting methods, the rainflow algorithm is commonly used for fatigue assessment of
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hydroelectric turbines [1, 10-11, 15-16]. Therefore, our goal is to interpolate the rainflow counting
matrices (instead of the signal itself), which contain information on the fatigue cycles, over the
complete range of operating conditions. Notice that there are two important variables that define the
operating conditions of turbine: opening vane level and head level. However, in this study, the aim is
to focus on the differences of stress level between different opening vane levels for the same head (the
data in the case study also comes from the measurements strain at relatively constant head). The head
level might be used in the future research if observed data become available for multiple head levels.

Measurement |

Limited number of Limited number of Short-term
measured locations on measured operating measurements
tunner blades conditions

Spatial interpolation I s 1
T | Tnterpolation belween | Temporal
4 vk P g
R I Txperimental operating operating conditions Txperimental operating | extrapolation
| condition condition 1
I 1 (
A i !
| I Lk W V- I,QT f\
W —— W —— W — W
: 7 il 5 : L ; )
Unavailable I Several measured Unavailable Cmeasured | Lextrapolation
measured locations I locations operating condition (several minutes) | (several days, months,years)
I I
I I

e e e -

Strain information for
fatigue assessment

Figure 1. Measurement limits and interpolation/extrapolation solutions for the fatigue assessment of hydroelectric turbine
runner

The kriging method was chosen for this study to interpolate rainflow counting matrices (histogram
form), Then, the fatigue cycle reconstruction was generated via stochastic simulations using bivariate
Gaussian distributions. This reconstruction step helps recover the long-term information of fatigue,
more cycles are generated, more fatigue information is evaluated. The obtained results were compared
with the experimental fatigue cycles to evaluate the correctness of the proposed interpolation
methodology. In addition, the signal was reconstructed from the simulated cycles by using the inverse
method proposed in [19-20] to compare with the measured signal.

The paper is organized as follows: First, the methodology is presented with detailed explanations
of the principal methods (rainflow-counting, kriging interpolation, reconstruction simulation). Then, a
hydroelectric turbine runner case study is presented followed by interpolation results and a discussion.

2. Proposed Methodology

2.1 Asymmetric Rainflow Counting Matrices

The rainflow algorithm allows the analysis of signal amplitudes (or range) by assigning extreme (max,
min) values of closed loading cycles. To evaluate fatigue, only the range/amplitude information of
each cycle is often needed. In this study, the strain signal is transformed into an Asymmetric
Rainflow Matrix (ARM), which separates the cycles into two types: increasing and decreasing cycles
(or standing and hanging cycles in some references) [24]. These two types of cycles are defined based
on the order of occurrence of maximum and minimum values in the signal. To construct the ARM, a
rainflow-counting procedure called the Four-Point Counting (FPC) algorithm is used [25].
Considering four consecutive points (three consecutive cycles) in the loading signal, if the cycle range
created by the second and the third points is smaller than the range of the two other points, this cycle
is reduced and is added to the ARM. An ARM is constructed by two variables: from value (noted as f)
corresponding to the amplitude of the first point of the cycle (the first point of the cycle arrives on the
axis of time) and to value (noted as f) corresponding to the amplitude of the final point of the cycle
(Figure 2). In our study, the created ARM is represented under histogram density form where each
bin contains the number of cycles or the probability of occurrence of cycles. The ARM is a
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composition of max-min cycles (above the matrix diagonal) and min-max cycles (below the matrix
diagonal). Furthermore, the choice of the asymmetric rainflow matrix allows a distinction to be made
between increasing and decreasing cycles during the signal reconstruction. To properly apply the
FPC, the turning points, which represent the peak and the valley of the signal, are extracted before the
ARM is constructed. This extraction deletes variations that are neither peaks nor valleys (these small

variations in the rainflow approach are considered to have minor impact on the fatigue assessment).
ARM histogram
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Figure 2. Four Point Counting algorithm applied for strain signal.

2.2 Kriging Interpolation Method

Before presenting the interpolation method, the context must be clarified. The interpolation input
is a set of ARM histograms, which are spread across the different turbine operating conditions. The
histogram bins are fixed for all the histograms. The goal is to estimate new ARM histograms at any
given operating conditions (see Figure 3).

The relation between the bins of each ARM matrix is an important bit of information that cannot
be ignored in the interpolation phase. Hence, the kriging interpolation method is a suitable method to
preserve the spatial covariance within the ARM histogram. However, there is also a covariance to
preserve between each operating condition. Thus, a multivariate kriging method, inspired by Spatio-
Temporal Kriging (STK), where the temporal and spatial coordinates are treated separately, is
applied, and developed for this study. Readers can consult the general definition of the kriging
principle in [27-30].

Turbine condition | Turbine condition 2 Turbine conditon n,,

f (et e
¥ il

Y Interpolate

Turbine condition x (1 < x < n,)
[T

]

-

7

Figure 3. Interpolation objective: new ARM histogram (at a given turbine operating condition) is interpolated from all
experimental ARM histograms

In our case, the position of bins in the ARM histogram and the operating condition are considered
as coordinates. The estimator used in this study can be written as:

B (100 = Y D A 00B(Pi o) 0

ked; =1

where p; is a given bin position in the ARM histogram (p depends on a ‘from value’ f; and a ‘to
value’ t; : p;(fi, ti), 0, is a given operating condition of the turbine, B*(p;, 0,) is the interpolated
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value of bin p; at the condition o,, B(py, 0;) is the known bin value at location (py, 0;), Ax;(p;, 04) is
the regression weight to optimize during the interpolation process (details below), n,, is the number of
experimental turbine conditions, J; is a set of neighbourhood positions of p; (including p;) . It must
be noted that the spatial covariance map is obtained from the whole histograms of all the experimental
turbine conditions, while Eq. 1 searches for the input in the neighbourhood ¥9; of the target bin. This
reduces the calculation time and avoids the interpolation smoothing effect.

Kriging allows the unbiased estimation of values at given locations by determining the weights
Ak Which minimize the error variance o2 (p;, 0,) between the real value B and the interpolated value
B* at the same location, 62 (p;,0,) = Var(B(p;, 0,) — B*(p;, 05)). The condition for non-bias
relating to the regression weights is Y.xey, Y2 A(pi, 04) = 1; it ensures a constant local mean value
in every location. Therefore, to impose this non bias constraint, the minimization system is updated by
adding a Lagrange parameter u:

Mo
Lo 1) = Var(B (i, 00 = B (00,0) + 26| D > 2uapi 00 — 1 @
Uez(pitox) ke‘ﬂ,‘_ =1

where L(4;, 1) is the Lagrange function. Making use of Eq.1, the minimization of Eq.2 leads to the
system that allows to obtain the A;; and p:

Zkeﬁi 2?21 A (i, 0x) y(hnl’k—pj”’ult)z—oml) —H=Y (h”m—pj”’ulox—oml)' jeY, m=1,..,n,
Zke‘% Z?gl Akl(pii Ox) =1 (3)

where

V(hllpa—p,_-llﬂulob—odl) = 0.5 X VaT[B(pal Ob) - B(pc: Od)] (4)

is the semivariogram, which depends on the increments h and u, p, and p. are two positions of the
bin in the histogram, o, and o4 are two turbine operating conditions such that: h = ||p, — p.|| and
u = |op — 04|. Based on Eq. 4, the semivariogram is defined as the half variance between two values
separated by the increments h and u. This semivariogram can be considered as a simpler
representative of the covariance map that does not require information on the mean value of B (that is
often unknown in practice [29]). To obtain the semivariogram at any possible increment (h, u), some
numerical models can be used to fit to the semivariogram using analysis estimations (e.g., Least
Squares method) [27][30]. However, to choose the best numerical model, one needs to create a
semivariogram from the experimental data. In practice, the quantity of data is not enough to provide
values exactly separated by h = ||p, — p¢|| and u = |o, — 04/, as in Eq. 4. Consequently, to create
the Experimental Semivariogram (ES), Eq. 5 is used. This equation allows an estimation of the
semivariogram value associated with a set of (4, u) values, where h and u are midpoints of imposed
spatial increment intervals:

1

2N(h,u)
(a,b,c,d)ev(h,u)

p(hu) = [B(Dar 0p) — B(pe, 04)]? (5)

where 7(h, u) is the experimental semivariogram, v(h, u) is a set of paired points separated such that
llpa — pcll € [h —dh,h + dh] and |0, — 04] € [u — du,u + du] with dh > 0, du > 0, N(h,u)is
cardinal of v(h,u). The next step is to fit the ES with a numerical model that will make a continuity
throughout the increments for the semivariogram. Classes of semivariogram models are presented in
[29-30]. For example, the sum-metric model (Figure 4), which turns out as one of the best fitting
models in our study, is expressed as:

ySmetric(h: u) = yp(h)+ Yo (u) + Vjoint(\/ hz + (K- u)z) (6)
where y,(h) is the univariate semivariogram model for the variable p, y,(u) is the univariate

semivariogram for the variable o, and yjoint(w/hz + (k. u)z) is a metric joint variogram model
including an anisotropy correction k [30]. Many basic analytical models exist for the univariate
semivariograms such as spherical model, the exponential model, the Gaussian model, power model,
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etc. [14][27]. The schema in Figure 5 summarizes the kriging interpolation approach used in our case
study.

Experimental Semivariogram model
semivariogram 10 (Sum-metric) 10
1.0 4
3 08 0.8
0.8 )

ewwed

0.0 0.0

Figure 4. Experimental semivariogram and example of semivariogram model (Sum-metric). Semivariogram values in this
figure are normalized.
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Figure 5. Schema of the Kriging process in this paper applied for the studied variables

2.3 Simulation Reconstruction

To generate strain cycles from an interpolated ARM histogram, it must be converted to a
continuous distribution. A smoothing process for the interpolated histogram is proposed by
considering that the cycles inside each bin follow a Bivariate Gaussian Distribution (BGD). The BGD

mean corresponds to the coordinates of the center point of the bin and the proposed covariance matrix
0.5xbin diagonal

is 02I,, where o = and I, is the identity matrix. The variability parameter in the

variability parameter
denominator is a coefficient proposed to ensure that the simulated cycle distribution does not create
too much variability outside its bin. A variability test is proposed to select this variability parameter.
In this study, since the interpolation input comes from the experimental strains measured by gauges,
we impose the strain gauge uncertainty as a limited level of variability, which limits the variability of



211
212
213
214
215
216
217
218
219
220
221
222
223
224
225

226
227

228
229
230
231
232
233
234
235
236
237
238
239
240

generated point outside each bin. For example, if the relative error of the strain gauge is +y%, the
imposed limited level for the variability will be y%. It must be noted that the experimental
uncertainties are not the focused problem of this study. The test of variability is then launched for
several variability parameters. For each ARM, Monte Carlo simulation is generated from the bivariate
normal distribution with the mean [0,0] and the covariance ¢?I,. If the percentage of the sample
values outside the bin dimension is approximately equals to the limited level y% (Figure 6), this
variability parameter is chosen for the ARM histogram smoothing process. The reader can also
optimize the variability parameter by using or adding other uncertainty types (e.g., error of kriging
interpolation) if needed for other study. In addition, other approaches, such as the Kernel Density
Estimation (KDE), can also be useful for smoothing the histogram [19-20]. Finally, the cycles are
randomly generated from the set of BGDs by respecting the probability of occurrence of cycles in
each bin (the sum of all the probability values in the histogram is equal to 1).This generation process
allows an observation of a set of simulations, which is useful for the industry when evaluating the
fatigue. The risk of fatigue will be predicted with a set of possibilities instead of a unique prediction.

Contour of
_» bivariate Gaussian
distribution

+ +

; #+ Points inside the bin

"t Points outside the bin

Points outside the bin

= y%

Total points

Figure 6. Percentage of the sample values outside the bin dimension is approximately equal to y%

In addition, an inverse method is used to reconstruct the strain signal from the simulated samples
[19-20]. The signal reconstruction consists of two steps: First, the largest cycles (the furthest points
from the ARM diagonal), either a Decreasing Cycle (DC) or an Increasing Cycle (IC), are used to
create an initial reconstructed signal (also called the remaining residue in Figure 2). Second, all the
other cycles are randomly inserted into the remaining residue descending order (from the furthest to
the closet point from the diagonal) by respecting the rule proposed by Socie et al. [19-20]. The smaller
IC is added to the position of the larger DC (peak and valley values of the smaller cycle fall within the
range of the larger cycle) and vice versa. Each cycle added to the remaining residue is removed in the
ARM until there are no cycles left. It is not expected that the reconstructed signal will be similar to
the experimental one because only the rainflow information is considered for the interpolation;
nevertheless, the signal should represent a time history that generates equivalent fatigue damage. The
flowchart in Figure 7 illustrates the interpolation scheme used in this study.
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Figure 7. Flowchart displays the interpolation scheme

3. Case Study

The data used in this case study were obtained from experimental measurements conducted using
strain gauges, which were installed on the runner blade of a Francis hydroelectric turbine of a power
plant in Quebec (Canada). The measured locations on the blade are close to critical locations where
the highest stress levels are found. For the purpose of this paper, the experimental uncertainties
(ambiance error, human error, error of installation, etc.) are ignored. The interpolation is performed
between different

ARM of experimental strain signals
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Figure 8. ARMs over different operating conditions for this case study and example of ARM histogram (the white bin
corresponds to the null value)

steady-operating conditions of the turbine. Transient operating conditions, such as start-ups or stops,
are not considered in this research because their specific dynamic behaviours do not correlate with
steady-operating conditions. A steady-operating condition is approximately defined as a regime of the
turbine under which the guide vane opening, power and turbine head can be considered as quasi
constant. For the interpolation, steady states are separated by different opening levels of the turbine
guide vane (noted as %OV) (Figure 8). The guide vanes control the flow rate into the runner.

Due to the high quantity of cycles in each strain signal, the ARMs are presented under the
histogram density form with a prior fixed bin number where each bin contains the probability of
occurrence of cycles (Figure 8). The choice of input/output bin number is an important parameter. A
higher number of bins significantly increases the calculation time, while a smaller one leads to
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imprecise results because of the large interval of values covered by each bin.

Fitting a model to the experimental semivariogram is an important step of the interpolation
process. We highly recommend using the cross-validation technique for this step [29]. This technique
removes some point values in the input set and then predicts these values from the remaining points
using fitted semivariogram models. This procedure is repeated several times for each semivariogram
model to observe the interpolation performance of this model. Moreover, other error estimations such
as Root Mean Square Error (RMSE) or Mean Absolute Error (MAE) are additionally used to obtain
the best semivariogram model. In our case study, based on a good cross-validation performance
(Figure 9) and on the small error estimation values (see MAE and RMSE in Table I), the chosen
semivariogram model was sum-metric model ( see Eq. 6 and Table I). For each univariate model,
Yp(h) was modeled by sum of an exponential model and a Gaussian model, y,(u) and

yjomt(,/ h? + (k. u)z) was respectively modeled by a Gaussian and an exponential model (Table 1).

3.h
!{yexponential(h) = (Sill — nu). <1 - e_range> + nu .

_Gw?
l yGaussian(u) = (Sill — nu). <1 —e Tange2> + nu

where Sill corresponds to the average variance where the experimental semivariogram stabilizes,
range presents the distance from which no more correlations exist between the data, and nu is a small
value added to the sill parameter to represent a very short-range variability in the dataset (Nugget
effect) [14][27].

Cross-validation for semivariogram model

ey Estimated values

—— Thereotical line
0.07 9 ——- Estimated line

0.06
0.05 1
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0.03 4

Estimated value

0.02 4

0.014

0.00 -

0.00 0.01 0.02 0.03 0.04 0.05 0.06
Original value

Figure 9. Cross validation performance of sum-metric model (its parameters are presented in Table 1)

The neighbourhood set ¥; (Eq. 1) is chosen using the cross-validation technique. Several sets with
different numbers of neighbourhood positions are tested and the optimized set is chosen based on the
smallest RMSE and based on the similarity between theoretical and estimated line (see APPENDIX).
Notice that the set of neighbourhoods is applied only for the histogram position “p”, but not for
operating conditions “o0”. Thus, the points in a neighbourhood set correspond to the closest points
from the target points in ARMs. In this case study, the set of 9 nearest positions is chosen for the
neighbourhood set ¥; in Eq. 1 (see APPENDIX).

Table 1 shows the optimized parameters used for this case study. To verify the quality of the
interpolated result, a validation is made using known experimental operating conditions (not included
in the set of interpolation inputs).

Parameters Semivariogram model parameters (fitted to normalized ES- see Figure 4)
Input/Output Optimized sum-metric model (RMSE = 0.0993, MAE= 0.0747)
histogram bins Eq. 6: Vsmetric(h, ) = ¥ (h)+ Vo (W) + ¥joint (,/h2 + (K.u)z)

number: | Modeltype | Sill | nu | range | «k
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298
299

300

301
302

40 X 40 bins

Input operating
conditions (%0V):
11, 20, 40, 50, 60,
70, 90, 100

Variability para. =
3.87

Number of points
in neighbourhood
set:

9

Gaussian 0.116 3e-08 2.011
Yp(h)
Exponential | 0.376 0.009 | 70.025
Yo(w) Gaussian | 0.040 | 0.042 | 30.007
Yjoint (VAZ + (:u)?) | Exponential | 0.230 | 7e-08 | 60.057

0.296

Table 1. Parameters of the proposed interpolation process adapted for the case study dataset

4. Results and Discussions
The interpolated results (corresponding to each step illustrated in Figure 7) and their comparison with
experimental ones at 55% OV are presented in the Figures 10-12. All the results are normalized to
respect the confidential information.
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The interpolated ARM shows the same number of distribution modes (dashed line in Figure 10) as
in the experimental ones; this means that this interpolation did not generate large overestimation in
positions the null bins. Nonetheless, some differences are observed at the frontier positions of each
mode in the interpolation result (Figure 10, 11). Graphically, the reconstructed signal (Figure 12) is
not similar to the experimental one like we have foreseen, however its amplitudes have the same level
as the experimental one. To verify the quality of interpolation process, we have compared the rainflow
strain spectrums (strain range as a function of cumulative number of fatigue cycles) between 500
simulations (sampled from the set of BGDs) and the experimental values at some operating conditions
(Figure 13).

For fatigue assessment, the expected goal in this study is to capture the amplitude/range level of
fatigue cycle (especially high range cycles which cause more damage). At 55 %OV and 65 %OV, the
experimental rainflow (the blue line in Figure 13) is mostly within of the set of simulations while
there seems to be some overestimations at the high ranges at 80 %OV. This difference might be
explained by that there are more operating conditions close to the 55 %OV, 65 %OV in the
interpolation input set (see Table 1).

An unusual variability is observed at 30 %OV. The interpolation result depends on the nature of
known data. The more complicated the combination of phenomena hidden in the signal, the less
confident we might be in the interpolation result. Therefore, at some partial load conditions of turbine,
this unusual variability of the interpolated result occurs when an operating condition with a
complicated dynamic behavior is presented next to the interpolation target condition. Some of those
conditions contain specific fluctuation coming from the vortex in the draft tube [3], which appears and
disappears over limited set of measured operating conditions rendering the interpolation difficult. This
problem provides new challenge for further research, in which we would like to recover such
fluctuation information.
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Figure 13. Rainflow strain spectrum between experimental values and simulations

For the runner maintenance strategy, even if the reconstructed signal is not similar to the
experimental one (Figure 12), the interpolated strain ranges might be more representative of data
variability and uncertainty than reusing experimental measurements from nearby operating conditions.
Also, the proposed interpolation can be a solution to reduce the measurement requirements for runner
fatigue assessment.

5. Conclusions

In this article, an interpolation process using kriging has been presented to estimate the strain range at
any steady state operating condition based on rainflow cycle counting for hydroelectric turbine runner
fatigue assessment. A set of bivariate Gaussian distributions were used to smooth the histogram,
allowing quicker simulations of the loading cycles. It must be noted that the proposed interpolation
process is sensitive to the parameters used (i.e., the semivariogram model, etc.), using the error
optimizing methods (such as cross-validation, Mean Absolute Error, etc.) are therefore highly
recommended. The results of the case study show that even when the reconstructed signal is not
similar to the experimental one, our proposed interpolation might be useful to estimate the dynamic
strain level using only the load cycles information of strain signal.

The advantage of the proposed method is that it creates a stochastic process accounting for
uncertainty hence contributing to fatigue risk assessment by generating loading cycles representative
of observed behaviours. Moreover, it can help to optimize the requirements for experimental
measurements.

In the result of this case study, the complicated phenomena hidden in strain signal caused the
unusual variability at some partial load conditions. For further research, preserving other information
of strain signal (not only the strain range information) during the interpolation phase will be interested
to improve the quality of missing data recovery at unmeasured operating conditions.
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Appendix: The cross-validation performances for several neighbourhood sets

The cross-validation technique was performed for several neighbourhood sets (with the same
semivariogram model). The optimized neighbourhood set for the interpolation is chosen based on the
smallest RSME and based on the similarity between theoretical (black) and estimated line (red) in the
cross-validation. In observing Figure 14, if one chooses a small set (the case of 5 points) or a big set
(the cases of 35 or 49 points), the variation and the RMSE values are larger. In this case study, the set
of 9 neighbourhood points is chosen (row 1 and column 2 in Figure 14).



455
456

457

Cross-validation for set of 5 neighbourhood points (RMSE = 0.00404)

0.08

0.07

Estimated value
e e e 2 2 @
5 & © o a o
2 8 & B & §

5
o
k)

Cross-validation for set of 15 neighbourhood points (RMSE = 0.00466)

0.08

0.07

Estimated value
e e e =2 2 @2
5 © © © © B
B 8 8 B & &

an
=)
=3

Cross-validation for set of 35 neighbourhood points (RMSE = 0.00515)

0.08

0.07

0.06

Estimated value
e e 2 @
s o o =@
2 & B &

L+
=]
=

o
=]
=3

Estimated values
—— Thereotical line
=== Estimated line -

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07

Criginal value

Estimated values
—— Thereotical line
—=- Estimated line

000 001 00z 003 004 005 006 007
Original value

Estimated values
—— Thereotical line
=== Estimated line

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07
Criginal value

Cross-validation for set of 9 neighbourhood points (RMSE = 0.00379)

0.08

0.07

Estimated value
© o o o o o
=] (=] o (=} o E=
s 8 8 8 & 7§

&
=}
S

Cross-validation for set of 25 neighbourhood points (RMSE = 0.00485)

o
=3
&

Estimated value
o
=
2

e
o
(5]

0.00

Cross-validation for set of 49 neighbourhood points (RMSE = 0.00481)

0.08

0.07

0.06

Estimated value
o =4 = e
(=] =] (=3 Q
82 8 B &

&
=
=

e
=3
=3

Estimated values
—— Thereotical line
=== Estimated line

Q.00 0.01 0.02

0.03 0.04 0.05 0.06
Original value

Estimated values
—— Thereotical line
—=- Estimated line

003 004 005 006 007
Original value

Estimated values
—— Thereotical line
=== Estimated line

0.00 0.01 0.02

0.03 0.04 0.05 0.06 0.07
Original value

Figure 14. Cross-validation performances for several neighbourhood sets

15



Measurement
limits

Short-term
measurements

Limited number of Limited number of
measured locations on measured operating
runner blades conditions

N ) S, .
Spatial interpolation 1 I
bgwccn lo;;]ptions on 1 Interpolation between 1 Temporal
i el I Experinental operating operating conditions ? operating 1 extrapolation
1 condition condition 1
I 1 1 |
1
i -.—M—»MW—W—'—».';MWW
1
—_— N — — —_ :
Unavailable I Several measured Unavailable Ceasured 1 extrapolation
measured locations | Totations sperating condition (severalminutes) | (several ctays ‘months, years)
E e e G e e B A B 1
! 1 Rescarch problem in th | 1

Strain information for
latigue assessment



Strain amplitude

Increasing
cycle

ARM histogram

{1}

/Remaining

Remaining Decreasing
Residue cycle Residue
2 3 4 5 6
Time Time



Turbine condition 1

Turbine condition 2

%

Turbine condition n,

Turbine conditionx (1 £x<n,)

i‘ 5_.|I_I|'
-

{

|



Experimental
semivariogram

Semivariogram model
(Sum-metric)




with norrbias condition: e Interpolated
i x _ ARM histogram
S S huon=1 [F0000= D A 00BBro) | ARV
ke9; 1=1 N
ked; 1=1 B*(pi, 0x)
Create a Lagrange function ‘
for the minimization process
v
1,
L0 ) = Var(Bu00 = B'0u00) +2u( DY o) —1
02(p,.0,) kev; =1

Minimize the system
by partial derivatives

n,,
Z Z At Pir 0) ¥ Y= | Wor-0,) =K =Y (th‘,pf”. u\o)rn,nl)

==
7,
Z Zlu(mox) =1

k€D, 1=1

Build Experimental
Semivariogram
and Estimate semivariogram
model

Set of A (i, 0x)

Withk €9, /=1, ...,n,



Contour of
|_» bivariate Gaussian
distribution

+ . . . .
*{'#% Points inside the bin

" Points outside the bin

Points outside the bin _

v%

Total points




At input operating
conditions

At target operating

h'*EH

condition
Interpolation r Cycles Generations
—_ e
using kriging ‘ using BGDs
ARM
matrix

At target operating
condition

I

© Setof
generated ARMs

&

Signal reconstruction
-

using inverse method

v
Compare to experimental
Rainflow Strain Spectrum

At target operating
condition

Set of
reconstructed signals

v
Compare to
measured signal



To values (noted as t)

ARM of experimental strain signals

Opefa "/0

ARM histogram (400 bins)

From values (noted as f)

To values (noted as 1)

i

" From values (noted as f)




Estimated value

Cross-validation for semivariogram model

0.08 1

0.07 A

0.06 -

0.05 1

0.04

0.03 1

0.02 1

0.01 1

0.00 1

Estimated values

—— Thereotical line
——- Estimated line

T
0.00

T T
0.01 0.02

T T
0.03 0.04
Original value

T
0.05

T
0.06




Experimental values

—-0.25

—-0.50

—-0.75

-1.00
~1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75 1.00
f

0.08

0.07

0.06

0.05

0.04.8

0.03

0.02

0.01

0.00

density

-0.25

-0.50

-0.75

-1

Kriging interpolation

.00,
—-1.00-0.75-0.50-0.25 0.00 0.25 0.50 0.75
f

0.08

0.07

0.06

OvUS

density

0.04 8

0.03

0.02

0.01

0.00



0.8

0.6

0.4

0.2

0.0

-0.2

Experimental cycles at 55%0V

-0.8 -0.6 -0.4 -0.2 0.0 02 04 06 08
Ly

Simulated cycles at 55%0V

-0.8

-0.8 -0.6 -0.4 -0.2 0.0 02 04 06
f

0.8



Experimental signal at 55%0V Reconstructed signal at 55%0V

0.4 0.4
02 02

2 2
[ s
g 00 3 00
] 8
= =

-0.2 -0.2

-0.4 -0.4

20 22 24 26 28 30 20 22 24 26 28 30
Time (seconds) Time (seconds)

0.07 0.07

0.06 0.06 1

0.05 0.05
>0.04 2004
@ @
2 2
3 ]
S 0.03 0 0.03

0.02 0.02

0.01 ’ ‘ ‘ ’ 0.01 |* |

0.00 [—! I + b 0.00 . rl -

-20 -10 0 10 20 -20 -10 0 10 20

Microstrains Microstrains



Strain range (normalized)

Strain range (normalized)

0.8

0.2

0.0

0.8

0.6

0.4

0.0

Rainflow Strain Spectrum at 55%0V

Rainflow Strain Spectrum at 65%0V

—— Experimental —— Experimental
— Simulations (500x) 08 — Simulations (500x)
=l
g
N
s
E 0.6
5
£
o
204
14
s
8
& 02
0.0
10° 10! 102 103 104 10° 10t 102 103 10%
Cumulative number of cycles Cumulative number of cycles
Rainflow Strain Spectrum at 80%0V Rainflow Strain Spectrum at 30%0V
—— Experimental 1.0 — Experimental
— Simulations (500x) — Simulations (500x)
Tos
&
©
£
506
£
o
g2
504
<
B
v 0.2
0.0
10° 10t 102 103 10* 10° 10t 102 103 104

Cumulative number of cycles

Cumulative number of cycles




Cross-validation for set of 5 neighbourhood points (RMSE

0.00404)

Cross-validation for set of 9 neighbourhood points (RMSE = 0.00379)

0.08 Estimated values. LU0 Estimated values
— Thereotial e — Thereatica lne
0,07 === Estimated line 0.07 - Estimated line
0.06 0:08
M o
3 00s g oo
g g
Boo Toos
] 2
E 0.03 g 0.03
& i
002 002
001 001
000 000
oo 0wl ok o o obs  ob7 oo ol ooz ok oea oo obs
Original value Original value
Ci lid: for set of 15 neighbourhood points (RMSE = 0.00466) Cr lid: for set of 25 points (RMSE = 0.00495)
008 ] Estimoted volues Sotmated valoes
— Thereotial i 08| — Tereaticalne
0.07 1 ==~ Estimated line - Estimated line
008
13 2 0.06
= o0s H
g g
H H
£ 004 2
] % oos
& B
£oos £
& i
002 002
001
000 000
Gk 0w oz obs  ope ok ome 0w o0 ob1 om o oos  ove 007
Original value Original value
Ci lid: for set of 35 neighbourhood points (RMSE = Ci lid: for set of 49 points (RMSE = 0.00481)
0.08 Estimated values. 0.08 Estimated values
— Thercatica ne — Thercotical Ine
007 “—- estimated fne 007 “—- estmeted fne
008 008
o o
2 o0s 2008
g g
H H
B oo B oot
£ £
Eoos £oos
5 5
4 i
002 002
001 001
000 000

003 0.04
Original value

0.05

002 003 004

Original value

005





