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ABSTRACT

Rotor tip contouring is one of the most complex and promising methods to enhance the
performance of high-pressure turbines (HPT). In this study, a new unsupervised machine
learning approach based on dimensionality reduction is presented. Derived from methods
developed for image recognition technology, this approach explores the functional relationships
between rotor tip contouring and aero-thermodynamic performance of HPT rotors. The
procedure is applied to experimental measurements carried out on the rotating turbine rig at
von Karman Institute, which operates a rotor with multiple tip geometries divided over seven
sectors.
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NOMENCLATURE

AE Autoencoders ML Machine Learning

Al Artificial Intelligence MSE Mean Squared Error

ANN Artificial Neural Network MLP Multi-layer Perceptron

BD Big-Data PCA Principal Components Analysis
CPS Cyber-Physical Systems SSIM Structural Similarity Index
HPT High Pressure Turbine VAE Variational Autoencoder
INTRODUCTION

Industry 4.0 refers to a new industrial paradigm based on Big Data (BD) and Artificial Intelligence
(Al) for the creation of cyber-physical systems (CPS) (Akyurt et al., 2020). Through vertical,
horizontal, and end-to-end integration of industrial processes, CPS aims at establishing a dynamic
environment where smart technologies can exchange data, assess production issues, and boost
productivity while reducing economic, time, and energy costs (Raj et al., 2020).

In the past decade, data from engineering processes have grown in scale, since CPS-related
technologies are primarily based on sharing and analyzing data from an entire industrial production
process (Singh, 2021). The exploration of these unorganized data pools has demanded the
development of BD tools, to explore and reorder data collected from massive and heterogeneous
resources (Wu et al., 2013). With respect to traditional datasets, BD involve both structured and
unstructured data and require more time and complex resources for in-depth analysis (Russom et al.,
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2011). BD analytics are now strategically found in most engineering applications, including
environmental monitoring (Alic et al., 2019), smart grids for renewable energy networks (Quintero
et al., 2021), manufacturing process optimization (Majeed et al., 2021), turbulence research (Tieghi
et al., 2021), identification and quantification of loss mechanisms in turbomachinery design (Corsini
et al., 2021), condition-based maintenance and predictive maintenance based on SCADA signals
(Miele et al., 2022), health care applications (Karatas et al., 2018) and face recognition (Yang and
Song, 2022).

The turbomachinery community is also reconsidering manufacturing in light of the exponential
growth in the use of smart technologies, particularly those connected to the creation of more complex
solutions to boost core engine efficiency (Xie et al., 2021). To this end, the use of surrogate models
to speed up prediction time and lower the overall number of numerical simulations and experiments
needed to perform design optimization is the state-of-the-art in turbomachinery design at the time of
writing (Boursier et al., 2018). In fact, standard approaches may fail in capturing the complexity of
the underlying physics, as the modelling accuracy is limited by the number of features. Engineers
frequently rely on empirical approaches and review of analysis graphs to develop design strategies
because it is challenging or impracticable to explicitly describe these features in advance. Using Al
models that can consider every feature required for design optimization may constitute an answer. In
fact, in recent years, the adoption of more sophisticated sensors and the growth in computing power
have made both high-resolution numerical simulations and experimental measurements possible,
making a vast quantity of data on turbomachinery performance available. As an example, Cernat et
al. (2018) performed experiments to measure the unsteady aerothermal field of various blade tip
geometries, reporting measurements of static pressure and heat transfer on the turbine rotor shroud
that were both time-averaged and time-resolved. Biedermann et al. (2019) carried out another
extensive experimental work to understand how sinusoidal leading edges of rotors modify the
acoustic signature of industrial fans. Zhang et al. (2015) experimentally investigated the trajectory
and dynamics of the tip leakage vortex in axial flow pumps. Lavagnoli et al. (2012) describe the full
implementation of a high-frequency capacitive sensor on the shroud of a large transonic turbine stage.

As a result, today's challenge is to assess the capabilities and limits of BD approaches in
turbomachinery performance analysis, with the goals of unveiling useful information and assist the
design process. However, in the exploration of large datasets it is essential to reduce the number of
features to a selection that retains most of the original information. This process is called
dimensionality reduction and prevents dealing with a large amount of data and complicating Al
models. Principal Components Analysis (PCA) and Variational Autoencoders (VAEs), a probabilistic
form of Autoencoders, are among the most used approaches for BD dimensionality reduction. In his
research, Zagler (2017) trained a VAE to simulate the characteristics of compressor blade supersonic
airflow. Pongetti et al. (2021) proved how AEs can be used to provide compressed form insights from
the complete flow field in forecasts of quantities of interest, to improve the accuracy of Al models
employed in high load transonic compressor blade optimization cycles. Angelini et al. (2020)
developed a dimensionality-reduced parametrization of complex tip geometries based on PCA scores
for gas turbine rotors, overcoming the limitations of discrete topology approaches.

In similar multi-scale and multi-physic problems, it is difficult to find analytical models to
correlate the geometric parametrization of the blade tip and the aerodynamic and thermal
performance. Therefore, this paper proposes a Machine Learning (ML) methodology based on a
combination of Autoencoders and PCA applied to large experimental data sets to investigate the
relationships between tip geometry and unsteady aero-thermodynamic performance in HPT blading.
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The approach is validated on experimental data measured at the von Karman Institute's rotating
turbine rig, which mounts a rainbow rotor. Specifically, the rainbow rotor features 48 blades with the
same baseline profile and distributed in 7 distinct circumferential sectors based on the similarity of
their different tip geometries. In fact, each of the sectors hosts six or seven blades with similar tip
geometry among them, including: single squealer, multi-cavity squealer or contoured profile. This

testing method allows simultaneous measurements on different tip geometries.

METHODOLOGY
This manuscript reports on the use of an unsupervised ML workflow that, advocating Al methods
developed in the field of image recognition, aims at deriving functional relationships between tip
contouring geometry and aero-thermodynamic performance of HPT blades. The unsupervised ML
workflow is summarized in Figure 1. The method:
a) exploits an experimental dataset of phase-locked averaged (PLA) heat transfer and
pressure measurements of HPT rotors with different tip contouring;

b) entails over-sampling of both geometry and measurements;

c) provides unsupervised dimensionality reduction by means of PCA on the tip geometries,

and AEs on the performance;

d) trains an artificial neural network (ANN), to predict the latent representation of
performance data derived from the AE using the Principal Components of the tip
geometries as input;

e) finally decodes the latent representation and compute the corresponding performance

maps.

The accuracy of the results is evaluated against the original data using Structural-Similarity Index
Measure (SSIM) as performance index (Wang et al., 2004).
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Figure 1 — Unsupervised Machine Learning Method workflow.

Experimental dataset

Table 1 provides details of the tip designs that characterize the non-confidential sector geometries.
Available data include both information on the reduced tip geometries and aero-thermodynamic
measurements. The static pressure field above the tip is acquired with an instrumented insert equipped
with 66 pressure taps on the casing: 33 fast-response piezo-resistive pressure sensors and 33
pneumatic lines sampled by an external pressure scanner. The unsteady casing heat flux is measured
by 35 double layer thin film gauges (Cernat et al., 2018).
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Table 1 - Details of tip designs.

Tip Geometry Type Tip Gap [%] Sector Denomination Baseline
Squealer 1.38 Sector A
Multi-cavity squealer type 1.38 Sector B
Multi-cavity squealer type 1.38 Sector C

Data are mapped on a measurement plane and in the following will be treated as an image.
Reduced tip geometry, Figure 2, refers to radial measurements at significant control locations on each
of the 48 blades. Depending on the baseline profile, the control points on the tip surface can range
from 10 to 16. The aero-thermodynamic performance is investigated using phase-lock-averaged
(PLA) pressure and heat transfer measurements in each of the 7 sectors (Figure 3).
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Figure 2 - Key control points for the reduced tip geometry of the B-sector baseline profile.
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Figure 3 — Phase-locked averaged measurements of heat transfer and pressure for sector C.

Data oversampling

The automatic detection and characterization of the blade tip shape within the geometry's point-
cloud is the first step in the unsupervised machine learning process. This is accomplished with a
Python function that identifies the tip perimeter and assesses whether a grid point fits within it. The
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routine is based on the Concave Hull algorithm (Moreira et al., 2007). The algorithm automatically
assigns the points that are identified in this way either the corresponding radius (59 mm in the test
case) or a radius of 0 mm if it lies outside the tip perimeter. Furthermore, if a point is coincident with
one of the key points in Figure 2, it assigns the real radius measurement. In the second phase of the
framework, synthetic data for both performance and geometry are generated to enrich the training
dataset. Traditional ML approaches enrich training dataset with different operation on images, such
as cropping, rotating and resizing. However, this approach is not feasible for fluid dynamic fields in
a fixed reference system. Therefore, the dataset was oversampled using a gaussian distribution of both
geometry and performance. Gaussian distributions are based on the measured rms for pressure and
the tolerances of measuring instruments for tip representation and heat transfer. Tip measurements
have an uncertainty of £0.005 mm, while the heat flux measurement have a tolerance of 6%, mainly
due to uncertainties in thermal properties. As summarized in Table 2 the synthetic radius (R) is the
sum of the actual radius (radiusactual) and its randomized tolerance (r1). The same applies to the
synthetic heat transfer (HT), which is the sum of the real heat transfer (htacwa) and its randomized
tolerance (hty), while the synthetic pressure (P) is the sum of the static pressure (pstatic) and the
randomized rmsp (p1). The generated synthetic database entails 5952 combinations of geometry and
performance: 124 combinations for each original blade. Figure 4 provides a comparison between
synthetic heat transfer and pressure data with the original data.

Table 2 - Synthetic data generation criterion.

Radius Heat Transfer Pressure
Random Data Generation r; =Nx 0.005, Ne(-1,1) ht; =Nx 0.06, Ne(-1,1) p1r =rms,x N, NE(-1,1)
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Figure 4 - Synthetic and original performance fields comparison of 1 out of 124 pairs of combinations for the 1st
blade in sector C.
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Unsupervised Dimensionality Reduction

Principal Components Analysis

The synthetic database entails 5952 images of possible tip characterizations each with 11781
features, i.e., image pixels. The dataset is then processed with principal component analysis (PCA)
(Zhao et al., 2006). This decomposition derives a dimensionally reduced latent representation of each
geometry. This compression is achieved by projecting the data in a new coordinate system in which
the basis vectors are the directions with maximum variance. The number of bases is chosen to limit
the loss of information. Images represented as a matrix of pixels are reshaped as a 1D vector. The
total number of pixels determines the dimension of the vector space.

Six principal components are required for the training dataset to reduce the information loss below
1%, as shown by the elbow diagram in Figure 5. The corresponding loadings, also known as eigen-
images (eigen-blades) are shown in Figure 6. Now each synthetic tip geometry in the database can be
obtained as a linear combination of the original eigen-blades, weighted by their own score.
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Figure 5 - PCA elbow chart.
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Figure 6 - PCA graphical illustration.

Autoencoders

Autoencoders (AEs) are a special class of neural networks trained to learn a compressed
representation of data in an unsupervised manner, to copy its input to its output from a reduced
encoding latent representation (Baldi, 2012). AEs consist of two parts: an encoder function 2=f{x)
trained to map the input x to its latent representation /, and a decoder that produces a reconstruction
function r=g(h), that maps back the latent representation back to the original form. The compression-
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reconstruction process generates an error between reconstructed and original data. The minimization
of this error is the objective function of AE training.

In the reference dataset, mean squared error (MSE) is chosen as reconstruction error metric. The
encoding process is capable of derive a latent representation of HT and pressure with a dimensionality
of 16 features. The decoder then maps back from the latent space to the original data. Figure 7 shows
two examples of dimensionality reduction results: the upper part of the image for the heat transfer
field of 1 of the 124 representations of the 1% blade of sector C, while the lower part shows the same
procedure for 1 synthetic pressure field out 124 of the 4™ blade of sector B.
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Figure 7 - Encoding and decoding procedure through AEs.
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The compressed data can be more easily exploited for turbomachinery design and optimization
processes. For example, in this reference dataset it is possible to correlate the blade tip contouring
with the flow fields. This is done in a latent space, treating geometry PCA scores and the encoded
features from AEs as input/output features. The relationship is here build using an ANN. Table 3
details the final setup of the Multi Layer Perceptron (MLP) network model optimized through a grid
search algorithm (Bergstra et al., 2012), considering early stopping to avoid overfitting.

Table 3 - Hyperparameters of the MLP

Number hidden of layers 2
Number of Neurons 32
Number of training epochs 1000
Activation function relu
Initial learning rate 1E-3

Optimizer =~ ADAM
Cost function MSE
Batch size 250

Figure 8 shows a schematic view of a uses of the compressed data, with the creation of a functional
relationship between tip-geometry and pressure/HT fields.
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Figure 8 - Example of network for predicting expected pressure (top) and heat transfer fields (bottom).

This process can be also reversed to discover, given a desired field, the geometry that is more likely
to provide this distribution, Figure 9.
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Figure 9 - Example of network for predicting the expected reduced Rainbow rotor tip geometry.

Validation

Results obtained from the validation of the framework are shown in Figure 10. The agreement
between reconstructed and experimentally sampled data has been evaluated by means of the
Structural Similarity Index Measure (SSIM). SSIM is used to assess the similarity between two
images (Wang et al., 2004).
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Figure 10 - Example of SSIM evaluation between the original and expected fields of both heat transfer and
pressure for sector C.

A value of SSIM=1 means perfect similarity between two images, both in terms of shape and contrast.
A quasi-perfect similarity emerges when comparing the original and expected pressure fields, while
the similarity is complete for the heat transfer fields (Table 4).

Table 4 - SSIM per sector.

Sector A Sector B Sector C
SSIMp 0.95 0.96 0.95
SSIMHuT 0.99 0.99 0.99

CONCLUSIONS

In this work an unsupervised dimensionality reduction strategy was proposed. This method is
tested against experimental data from a turbine test rig at the von Karman Institute, which has 48
blades separated into 7 sectors with the same baseline rotor geometry but various tip contouring
geometries.

The aim of the framework is to unveil causal relationships between tip geometry and unsteady
aero-thermodynamic performance, exploiting methods commonly applied to image and sound
recognition. The models first up-sample geometries and performance data and then perform
unsupervised dimensionality reduction through PCA e AEs to project the original data on latent
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spaces. Latent space is eventually treated using regression algorithms for further processing in
turbomachinery design and optimization.

The resulting maps are in excellent agreement with the original data. A quasi-perfect similarity
(SSIMuT=0.99 and SSIMp=0.96), evaluated using similarity algorithms, is achieved for both pressure
and heat transfer fields.
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