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Results

TST blades are set to be a relatively large portion of the initial turbine cost and are vital to economic
power extraction from the tides. Operation within the marine environment will mean that turbine
blades are subjected to extreme loading, varying loads and biofouling; as well as being at risk of
cavitation. The loss of functionality of a turbine blade will result in reduced energy extraction potential,
long down times and if undetected can lead to damage of other critical turbine sub-assemblies. The
problem of blade reliability and the effects of failure are further exacerbated by the local sea conditions
and the implications they have for performing turbine maintenance. Condition monitoring of the
turbine blades can help with damage prevention and improve turbine performance after fault
occurrence by informing the turbine control procedures. In order to intelligently inform the control
process accurate and timely fault detection is required. A number of papers recently published herald
the use of drive shaft torque monitoring and generator electrical signal monitoring to detect drive train
faults [1]. The work seeks to extend this approach to monitor turbine blade condition.

Figure 3 shows the four scenarios developed for the 9o offset blade, the scenarios relate to
increasing levels of turbulence in the flow. The first case has no turbulent loading the other three cases
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to build spectrogram plots [2], this was done to view the expected
changes to the amplitudes observed at the first three harmonics of the rotational frequency of the turbine.
The plots developed are shown in figure 4 corresponding to TI values of 0.05 and 0.15. To further
investigate the possibility of blade fault detection via the developed torsional time series Empirical Mode
Decomposition (EMD) was undertaken [2], the Intrinsic Mode Functions (IMFs) and corresponding
frequency spectrum for the offset 9o case is shown in figure 5 for a TI value of 0.05.
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Figure 1 – Methodology Outline.
Figure 3 – Drive Shaft Torque Time Series with fault development and a) TI = 0, b) TI= 0.5, c) TI = 0.1 and
d) TI = 0.15

Methodology
Figure 1 gives an overview of the methodology followed throughout the work. Computational
Fluid Dynamics models are used to calculate the drive shaft torque contribution per blade under
differing rotor conditions. A parametric model was then developed as a practical way to feed the
resultant drive shaft torque into the motor as a function of the rotor position. The motor drive is
updated every 2 μs, prior to the drive update the desired blade condition, fluid velocity and rotor
position are used to calculate the appropriate torque input from the derived model parameters and
the rotor torque coefficient curve. The parametric model involves 6 parameters per blade and can be
used to calculate the rotor torque as a function of the rotor position. The model was generated by
studying the frequency content of the CFD, per blade, torque output (figure 2). The model is given by
the following equation and assumes constant fluid velocity over the rotor swept area.
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Figure 4 – Spectrogram of the drive shaft torque for a) TI = 0.05 and b) TI = 1.5
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For the study presented here, torsional time series were constructed with simulated fault
development for 3 differing rotor conditions. Namely the test cases were an optimum setting with all
three blade pitch angles set to 6o transitioning to three fault cases where a single blade had been
pitched away from the optimum setting. The blade offsets were 6.5o , 9o , 12o. Table 1 shows the
parameter sets developed for the given rotor conditions, the table also shows the RMSE between the
model fit and the CFD data used to develop the model. For each of the fault development cases four
time series were then generated with differing levels of noise added to the signals to artificially
simulate measurement error and turbulent loading.
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Figure 5 – Intrinstic mode functions for the drive shaft torque time series and the corresponding
frequency spectrums.
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Figure 2 – Amplitude and phase spectrum for blade by blade contribution to drive shaft torque for
differing fault cases.

Table 1 – Parametric Values for Offset Blade Faults.
Optimum
Blade
1
2
3
k
0.3096 0.3131 0.3101
a
8081.2 8442.2 8240.3
b
-0.539 -0.551 -0.545
m
-0.3696 -0.619 -0.529
n
8.2552 9.7245 9.272
c
133.46 131.08 131.66
RMSE 0.0388 0.0358 0.0407
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Offset 6.5
Offset 9
1
2
3
1
2
3
0.3267 0.3179 0.3159 0.3444 0.3143 0.2978
7741 8327 7843.9 9191.3 10354 9686
-0.552 -0.566 -0.552 -0.63 -0.616
-0.6
0.3861 0.0026 -0.1829 0.5875 0.6194 0.3209
1.6031 3.8187 5.2636 -2.0536 -2.3514 -0.4322
163.83 160.17 157.59 180.33 179.84 178.49
0.0799 0.0710 0.0811 0.0897 0.0701 0.0926

Offset 12
1
2
3
0.3373 0.3092 0.2854
5386.5 8183.5 7819.6
-0.519 -0.568 -0.56
0.1277 -0.119 -0.3977
4.5944 4.7638 6.7328
161.24 157.24 155.22
0.0942 0.0859 0.0974
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Conclusions
• The parametric blade fault simulation model works adequately in simulating blade faults for plug
flow conditions with small RMSE values observed for the given fault conditions. The approach will
be extended to profile flow conditions.
• Spectrogram plots were generally unsuccessful in detecting the blade fault, however, a small
reduction in the amplitude of higher harmonics was generally observed irrespective of the
turbulence intensity.
• EMD worked well in detecting the blade faults under all conditions, specifically, a change in
statistical parameters in IMF8 and IMF9 were reliably detected under all turbulence intensity
settings. Furthermore these changes were often apparent during early stages of fault development.
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