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VISION TRANSFORMER-BASED PHYSICS INFORMED CFD PREDICTION
OF AXTAL FANS WITH SELF-SUPERVISED CONTRASTIVE LEARNING
FOR ENHANCED GEOMETRIC SENSITIVITY

SUMMARY

In recent years, deep learning has emerged as a transformative approach in
aerodynamic modeling, offering efficient alternatives to Computational Fluid
Dynamics methods, particularly for design-intensive applications in turbomachinery.
This thesis proposes a physics-informed deep learning framework for predicting
aerodynamic performance parameters across multi-stage fan geometries, leveraging
the Vision Transformer (ViT) architecture for its capacity to model complex spatial
patterns and geometric variability.

The proposed architecture is composed of an encoder-decoder structure specifically
designed for turbomachinery geometries. The encoder utilizes a ViT backbone,
where input geometries are divided into non-overlapping patches and embedded
into high-dimensional feature vectors via convolutional patch embedding. Positional
encoding is added to preserve spatial structure, followed by multiple self-attention
layers that extract long-range geometric dependencies. To account for varying stage
configurations, attention masking and a learnable inlet station token are integrated into
the encoder pipeline.

The decoder begins with an attention-based upsampler that increases the spatial
resolution of the latent representation, followed by a boundary conditioning module
that modulates the geometric features using Feature-wise Linear Modulation (FiLM)
for inlet conditions and cross-attention for RPM and outlet pressure. The final stage of
the decoder, referred to as the projector, consists of multi-layer perceptrons that reduce
the feature dimensionality and map the encoded information to the target output space.
The architecture is carefully designed to ensure that both spatial and physical structures
are retained throughout the transformation.

To enhance geometric sensitivity and avoid overfitting to global input—output
mappings, the encoder is first pretrained using contrastive learning with the NT-Xent
loss. This step enables the model to distinguish subtle geometric variations, which
are critical in turbomachinery design. The decoder is then fine-tuned using supervised
learning, guided by a combination of a percentage-based loss and two physics-based
losses: a continuity loss enforcing mass conservation, and an isentropic loss ensuring
thermodynamic consistency between predicted flow variables.

The model is evaluated across a comprehensive CFD dataset covering multiple
speedlines and six distinct fan designs, including variations in metal angle and hub
radius. The results demonstrate that the model successfully captures both radial and
streamwise flow behaviors, performs reliably across off-design operating conditions,
and accurately simulates performance trends in response to design modifications.
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Notably, even with subtle geometric changes, the model reflects physically consistent
shifts in aerodynamic quantities.

This work highlights the efficacy of integrating self-supervised learning with
physics-based constraints in achieving generalizable, computationally efficient
aerodynamic models. The approach offers significant promise as a surrogate model
for accelerating turbomachinery design cycles and supporting early-stage performance
evaluations under varying geometric and operational scenarios.
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EKSENEL FANLARDA GEOMETRIK FARKLILIKLARIN YAKALANMASINA
YONELIK KONTRASTIF OGRENME DESTEKLI, FiZiK BILINCLI
VISION TRANSFORMER TABANLI CFD TAHMINI

OZET

Bu tez calismasinda, ¢ok kademeli fan geometrilerinin aerodinamik performansini
hizli ve fiziksel olarak tutarli bir sekilde tahmin etmek amaciyla fizik bilinciyle
yapilandirilmig bir derin 68renme modeli gelistirilmistir. Hesaplamali Akiskanlar
Dinamigi yontemleri, ozellikle yiiksek ¢oziiniirliiklii ve dogrulugu yiiksek c¢oziimler
saglamak acisindan giiclii olsa da, her tasarim iterasyonunda bastan ¢6ziim alinmasinin
getirdigi yiiksek hesaplama maliyeti, bu yontemlerin pratik uygulamalarda sinirl
kalmasina neden olmaktadir.  Ozellikle turbomakinelerde farkli devirlerde ve
kosullarda (stall/choke) hesaplamalarin gerekliligi yiiksek bir hesaplama maliyeti
olusturmaktadir. Bu nedenle, hem dogrulugu hem de hesaplama verimliligi hedefleyen
yapay zeka tabanli tahmin sistemlerine olan ihtiya¢ giderek artmaktadir.

Literatiirde son yillarda turbomakine alaninda derin 68renme tabanli bir¢ok ¢alisma
yapilmistir. Bu calismalar genellikle belirli bir geometrik konfigiirasyon veya sinirl bir
operasyonel rejim icin 0zel olarak gelistirilmis modeller sunmaktadir. Kimi caligmalar
dogrudan akis alani tahmini {izerine odaklanirken, kimileri ise basing kaybi1 ya da
deviasyon gibi tiiretilmis parametrelerin tahminine yonelmistir. Bununla birlikte, bu
modellerin biiyiik cogunlugu yalnizca sinirli sayida girise ve dar bir tasarim araligina
sahip olup, farkli sinir kosullarima ve tasarimsal varyasyonlara karsi genelleme
yapma kapasitesine sahip degildir. Literatiirde, 6zellikle tasarim iterasyonlarini
yonlendirecek; farkli geometrilerle, ¢oklu sinir kogullar altinda ¢alisabilen ve fiziksel
anlamda genellestirilebilir bir model eksikligi goéze carpmaktadir. Bu calisma,
s0z konusu boslugu doldurmay:1 hedeflemekte ve fiziksel tutarliligi saglayabilen,
geometrideki degisimlere karsi hassas ve smir kosullarina gore dogru sonuclar
verebilen genel amacl bir tahmin modeli gelistirmeyi amaclamaktadir.

Modelin egitimi ve degerlendirmesi i¢in kullanilan veri seti, NUMECA yazilim
ile daha 6nce TEI biinyesinde ¢oziilmiis toplam 1600 adet CFD sonucundan
olusturulmustur. ~ Veri seti, farkli RPM degerlerinde, iki ve ii¢ kademeli fan
konfigiirasyonlarinda, degisen cikis basinglart ve farkli geometrilerdeki eksenel
fan coziimlerini icermektedir. Bazi konfigiirasyonlarda IGV ve OGV bulunurken,
bazilarinda bu elemanlar yer almamaktadir. Bu cesitlilik sayesinde hem tasarim
noktast hem de tasarim noktasi digindaki kosullarda modelin genelleme yetenegi
sinanabilmistir.

CFD verileri iglenirken, her rotor ve stator kanat¢iklarinin oniinde ve arkasinda
tanimlanan akis diizlemlerinden, radyal yonde 15 adet streamtube olusturulmugtur. Bu
streamtube diizlemleri, radyal yonde esit kiitlesel debi tasiyacak sekilde olusturulmusg
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ve her bir kesitten toplam ve statik basing, sicaklik, Mach sayis1 gibi fiziksel
parametreler cikarilmistir.  Bu yapilandirma, modelin hem spanwise hem de
streamwise yonde anlamli ¢ikislar iiretmesini miimkiin kilmagtir.

Geometri verileri, endiistride yaygin olarak kullanilan geomTurbo formatinda elde
edilmistir. Bu format, her rotor veya stator kanadinin basing ve emme ylizeylerine
ait noktasal koordinatlarin1 icermektedir. Baglangigta Kartezyen koordinat sisteminde
tanimlanmig olan bu veriler, modelin turbomakinalardaki simetrik yapiy1 daha etkin
0grenebilmesi amaciyla kutupsal koordinat sistemine doniistiiriilmiistiir. Elde edilen
koordinatlar, her bir kanat yiizeyi i¢in radyal, acisal ve eksensel bilesenleri icerecek
sekilde yapilandirilmigtir.  BoOylece her bir geometri 6rnegi, suction ve pressure
yiizeyleri icin toplam 6 kanalli bir tensor olarak temsil edilmistir.

Modelin girisinde kullanilacak geometrik tensorlerin boyutu sabit tutulabilmesi igin,
maksimum ii¢ kademe ve bir IGV (yani yedi rotor/stator sirasi) icerecek sekilde
yapilandirilmistir. Veri setinde yer alan bazi 6rneklerin yalnizca iki ya da tic kademeye
sahip olmas1 nedeniyle, eksik kalan kisimlar sifirlarla doldurulmus, yani padding
islemi uygulanmistir. Ancak verilerin bu yapay kisimlarimin, modelin 68renme
stirecini olumsuz etkilememesi ve dikkat mekanizmasi i¢inde hesaba katilmamas: i¢in,
attention mask adi verilen 6zel bir maskeleme stratejisi kullanilmistir. Bu strateji
sayesinde, sadece gercek (yani fiziksel olarak mevcut) koordinatlar birbirleriyle bilgi
aligverigi yapabilirken; doldurulmus (sifirlanmig) kisimlar tamamen izole edilmistir.
Boylece model, sadece gecerli geometrik igerik iizerinden 6grenme gerceklestirir ve
sahte girislerin egitimi bozmasinin Oniine geger.

Modelin mimarisi olarak iki ana yapidan olusmaktadir: encoder ve decoder.
Encoder tarafinda, Vision Transformer (ViT) mimarisinden esinlenilmis 6zel bir yap1
kullanilmaktadir. Giris geometrisi, 6nce 3 kanat kesidini ve her kanat yiizeyi i¢in 225
noktayr kapsayacak sekilde parcalara (patch) boliinmektedir. Her bir parca, 3x225
boyutundaki bir bolgeyi temsil eder ve bu bolgeden 192 boyutlu bir 6znitelik vektorii
cikarilmaktadir. Tiim geometri, bu sekilde 35 percaya boliinmekte (5 span x 7 sira) ve
bu parcalar ardigik bir sirayla Transformer katmanlarina verilmektedir. Bu katmanlar
icerisinde hem dikkat mekanizmalari, hem normalizasyon katmanlar1 hem de atlama
baglantilar1 (skip-connection) bulunmaktadir.

Encoder’in i¢ yapisinda, her bir 3x225’lik tensorii temsil eden pargalarin vektorlerei
cok baglt dikkat (multi-head self-attention) ve beslemeli ileri aglar (feed-forward
networks) iceren katmanlar boyunca islenmektedir. Bu yapilar, her bir geometrik
parcanin diger tiim parcalarla olan iligkisini modelleyerek, uzun menzilli ve ¢apraz
etkilesimleri yakalayabilmektedir. Attention mask, bu katmanlar icinde dogrudan
dikkat skorlarina uygulanmakta; gecersiz (padding ile doldurulmus) pargalarin dikkate
alinmamasi saglanmaktadir. Bu, modelin sadece fiziksel olarak mevcut geometri
boliimleri arasinda iligki kurmasina olanak tanir.

Buna ek olarak encoder mimarisine, standart Vision Transformer mimarisinden
farkli olarak 68renilebilir bir girig istasyonu (learnable inlet station) adli bir vektor
eklenmistir. Bu vektor, giris kosullarina karsilik gelen sabit bir istasyonu temsil
eder ve egitim siirecinde Ogrenilir. Encoder tarafindan c¢ikarilan tiim parcalarla
birlikte bu 6zel vektor de islenerek, modelin baslangi¢ akis kosullarini yapisal olarak
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anlamlandirmasina katki saglanir. Boylece, geometrik temsile fiziksel anlam katilmis
olur.

Decoder tarafinda ii¢c 6nemli yap:1 yer almaktadir. Ilk olarak, dikkat tabanli bir
upsampler modiilii ile 40 parcadan (5 span x 8 istasyon) olusan encoder ciktisi,
120 parcaya cikarilarak 15 span x 8 istasyonluk bir yapr olusturulmaktadir. Daha
sonra, Boundary Conditioning modiilii devreye girmekte; burada giris kosullart
(6rnegin RPM, giris toplam basing ve sicaklik) FiLM (Feature-wise Linear
Modulation) yontemi ile modele islenmekte, c¢ikis basinct gibi downstream kosullar
ise cross-attention ile geometrik ozelliklere baglanmaktadir. Bu sayede model, sinir
kosullarina duyarli tahminler iiretmekte ve speedline iizerindeki konumunu dogru
yakalamay (stall veya choke rejiminde olup olmadigini) 6grenmektedir. Son agamada,
beslemeli ileri aglardan (feed-forward networks) olusan projector modiilii, 192 boyutlu
vektorleri fiziksel ciktilara doniistiirmektedir. Elde edilen tensor, 7 farkl biiyukligii
temsil eden ve 15 span x 8 istasyonluk bir ¢iktiya doniistiiriilmektedir.

Modelin egitimi iki asamali olarak gerceklestirilmistir. Ilk olarak encoder, kontrastif
O0grenme yontemi ile egitilmis; benzer geometriler yakin, farkli olanlar uzak temsillerle
kodlanacak sekilde NT-Xent kaybi kullanilmistir.  Bu sayede model, minimal
geometrik farklar1 bile ayristirabilir hale gelmistir. Ardindan encoder dondurularak,
decoder kismu CFD verileri iizerinden egitilmistir. Egitim siirecinde yalnizca yiizde
bazli hata dikkate alinmamuig, ayn1 zamanda iki fizik temelli kayip fonksiyonu entegre
edilmistir. Bunlardan ilki, siireklilik (continuity) ilkesine dayanan ve tiim istasyonlarda
kiitle korunumunu saglayan bir hata fonksiyonudur. Ikincisi ise izantropik akis
kosullarindan tiiretilmis ve statik parametrelerden hesaplanan teorik toplam basing ve
sicaklik ile modelin tahmin ettigi de8erler karsilagtirilarak olusturulmustur. Modelin
toplam kaybi, bu ii¢ farkli kaybin toplamindan olusmus ve egitim, toplam hata orani
yiizde birin altina diistiigiinde durdurulmustur. Yiizde kayiba ek olarak eklenen bu iki
fiziksel kay1p sayesinde modelin genellestirme kabiliyeti artmistir.

Modelin degerlendirme siirecinde hem dogrudan tahmin edilen hem de hesaplanan
biiyiikliikler iizerinden analiz yapilmistir. Yiiksek, orta ve diisiik hizlarda yapilan
testlerde modelin, spanwise ve streamwise yonde hem dogrulugu hem de fiziksel
egilimleri basariyla yakaladig1 gosterilmistir. Ayrica model, diisiik veri iceren stall
ve choke bolgelerinde bile CFD ile tutarl egilimler gostermigstir. Bununla birlikte,
speedline ilizerindeki nokta tahminlerinde model, calisma rejimini RPM ve c¢ikis
basinct degerine gore dogru bir sekilde konumlandirabilmis ve beklenen egilimleri
yansitmigtir.

Son olarak, modelin farkli geometrik varyasyonlara karsi duyarliligi incelenmistir.
Kiiciik degisiklikler iceren ancak fiziksel anlami biiylik olan modifikasyonlarda,
orne8in metal ac1 degisimi ve hub yaricapindaki kiiciilme gibi durumlarda modelin
ciktilart CFD ile aym1 yonde egilim gostermisti. Bu da modelin yalnizca veri
ezberleyen bir yapr degil, fiziksel neden-sonug iligkilerini 6grenebilen ve tasarim
stirecinde karar destek araci olarak kullanilabilecek bir yapi oldugunu ortaya
koymaktadir.

Bu tez kapsaminda gelistirilen fizik bilincine sahip, kontrastif 6n-egitimle desteklen-
mis ViT tabanli derin 6grenme modeli, turbomakine aerodinamiginde hem dogruluk
hem de hesaplama verimliligi acisindan umut verici bir alternatif sunmaktadir.
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Modelin gelecekte daha fazla veri setiyle egitilmesi, fiziksel kisitlarin ¢esitlendirilmesi,
endiistriyel uygulamalar i¢in cok daha yetkin bir tahmin araci ortaya ¢ikaracaktir.
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1. INTRODUCTION

Deep learning has been utilized in a wide range of industries in recent years, from
industrial automation and autonomous systems to healthcare and finance. This is also
accurate in the field of aerodynamics, where complex fluid phenomena are increasingly
being modeled using data-driven methodologies. Deep learning techniques have
become an attractive alternative for conventional computational fluid dynamics (CFD)
methods in the context of turbomachinery, where fluid dynamics are essential in
determining performance and efficiency. These techniques have the potential to
accelerate simulations, lower computational costs, and increase the accuracy of
aerodynamic predictions, especially in scenarios with complex flow patterns and

geometric variability.

CFD simulations have always been essential for simulating the aerodynamic
performance of turbomachinery parts. Although high-fidelity methods such as Large
Eddy Simulation and Direct Numerical Simulation offer comprehensive insights into
flow dynamics, their high computational cost makes them unsuitable for industrial
applications. Because of its relatively low computational cost, Reynolds-Averaged
Navier-Stokes modeling is widely used in the aerospace industry. Computational
power is a crucial limiting factor for achieving optimal designs, though numerous
solutions are needed for design iterations during the design process. This challenge is
particularly evident in turbomachinery applications, where performance and stability
are ensured by multiple CFD simulations for both design and off-design conditions,
as well as stall and surge evaluations. This challenge has motivated the integration of
deep learning models to predict aerodynamical parameters while significantly reducing

computational time.



1.1 Literature Review

Deep learning models in literature have demonstrated considerable potential in
approximating flow fields, enabling faster predictions without sacrificing accuracy.
For instance, Aulich et. al. demonstrates that deep neural networks (DNNs) can
be effectively adapted for predicting complete flow solutions in turbomachinery
applications [2]. By using xyz-coordinates from CFD mesh data along with rotational
speed and boundary conditions, the DNN successfully predicts velocities, pressure,
and density within the flow field. The model is trained using a small dataset of
twenty random 3D fan stage designs and shows robust generalization capabilities,
accurately predicting flow characteristics for both random and Pareto optimal designs,
demonstrating its potential for rapid aerodynamic performance assessments. A
recent study by Feng et. al. introduced a physics-informed deep learning cascade
loss model aimed at enhancing the accuracy of aerodynamic loss predictions in
turbomachinery [3]. The model effectively bridges the gap between empirical
models and purely data-driven approaches by embedding physical mechanisms,
such as velocity distribution within the boundary layer, as intermediate variables.
The integration of physics-informed constraints significantly improves prediction
accuracy, particularly at high Mach numbers and high incidence angles, achieving
a 57.4% error reduction compared to traditional empirical models. Moreover,
Hipple et. al. show an alternative approach involving the use of machine
learning to predict compressor stall events in gas turbine systems [4]. Utilizing a
Long Short-Term Memory (LSTM) neural network, the model analyzes multivariate
time series data to identify patterns indicative of impending stall. Training on
real-world compressor data demonstrated that the model could accurately forecast
stall occurrences 5-20 ms before they happen, providing a valuable time window
for preventive interventions. Li et. al. explore the application of deep learning
techniques for instability prediction in axial flow compressors, particularly under
distorted inflow conditions [5]. Utilizing a Long Short-Term Memory (LSTM) neural
network optimized with the Northern Goshawk Optimization (NGO) algorithm, the

model predicts stall and surge events based on dynamic pressure data collected



from the compressor casing. Experimental validation shows that the NGO-LSTM
model can predict stall signals at least 1 second in advance under both uniform and
distorted inflow conditions, offering significant improvements in prediction accuracy
compared to traditional empirical models. Furthermore, a data-driven method has
been introduced by Liu et. al. to predict flow fields in compressor cascades by
employing deep learning in combination with ¢; regularization [6]. The approach
focuses on calibrating inlet boundary conditions and turbulence model parameters
using sparse experimental data to improve prediction accuracy. The results show a
substantial reduction in prediction errors—approximately 70% compared to traditional
methods—highlighting the effectiveness of integrating data-driven techniques with
physical calibration in turbomachinery analysis. Bruni et. al. present a deep
learning framework named C(NN)FD for predicting flow fields and aerodynamic
performance in multi-stage axial compressors [7]. By employing a physics-based
dimensionality reduction technique, the model transforms the regression problem from
an unstructured to a structured one, significantly reducing computational complexity.
The architecture is shown to achieve accuracy comparable to CFD benchmarks
while providing real-time predictions, making it suitable for industrial applications
involving gas turbine compressors. Aulich et. al. proposed a model leveraging
transformer architectures to approximate 3D flow solutions for turbomachinery
compressor designs [8]. By training on CFD-generated data, the model can rapidly
predict flow fields, including velocity and pressure distributions, across different
compressor configurations. The integration of self-attention mechanisms allows the
model to effectively handle complex geometrical variations and operating conditions,
significantly reducing computational time compared to traditional CFD simulations. Ji
and Du introduce a tensor basis neural network (TBNN) model designed to improve
turbulence modeling in transonic axial compressors [9]. By integrating the non-linear
eddy viscosity approach within the TBNN framework, the model effectively captures
anisotropic turbulence characteristics, addressing the limitations of traditional linear
eddy viscosity models. The proposed k — @-SST-TBNN model, trained on high-fidelity
large eddy simulation (LES) data, demonstrates significant improvements in predicting

complex flow features such as tip-gap vortices and radial flow parameter distribution in



NASA Rotor 37, achieving higher accuracy and robustness compared to conventional
turbulence models. Finally, Chen and Thuerey showed considerable potential in
predicting compressible turbulent flows over aerofoils, generating Reynolds-averaged
Navier-Stokes (RANS) solutions with high accuracy [10]. The use of structured grid
encodings and body-fitted coordinate mappings enables the model to efficiently capture
the flow field. The proposed model achieves great performance, accurately predicting
pressure coefficients, skin friction coefficients, and wake total pressure profiles,

thereby demonstrating its capability for rapid aerodynamic design optimization.

There are also studies that employ relatively new architectures, such as transformers,
for aerodynamic modeling, leveraging their ability to capture long-range dependencies.
One such example is the AeroDiT model, which uses diffusion transformers to
accurately predict flow fields around airfoils at high Reynolds numbers [11].
By integrating scalable diffusion models with transformer architectures, AeroDiT
effectively balances computational efficiency and accuracy, enabling real-time
aerodynamic predictions. The model demonstrates significant improvements over
conventional methods, achieving low relative L2 errors for pressure and velocity
components while maintaining rapid inference speeds, making it suitable for real-time
applications. Peng et. al. present another attention-enhanced neural network model,
which has demonstrated remarkable potential in simulating turbulence, particularly by
addressing the multi-scale and chaotic nature of high-Reynolds-number flows [12].
By incorporating visual attention mechanisms, this model automatically adjusts the
weights to capture non-equilibrium regions, significantly improving the accuracy of
turbulence predictions. Compared to conventional models like the Fourier Neural
Operator (FNO), the attention-enhanced model achieves approximately 40% error
reduction with only a 1% increase in computational cost, making it both efficient
and robust for high-dimensional fluid dynamics simulations. Kang et. al. proposes
a CFDformer model that utilizes a combination of Vision Transformer (ViT) and
U-Net architectures to approximate fluid flow solutions efficiently [13]. By leveraging
ViT for capturing global attention and U-Net for local feature extraction, CFDformer
can handle both local and global flow characteristics simultaneously. The model

demonstrates superior performance in predicting steady-state velocity fields compared



to baseline models, achieving faster computational times while maintaining high
accuracy, even for unseen initial conditions. On the other hand, GeoANF (Geometric
Attention Neural Field) combines geometric attention mechanisms with implicit
neural field representations to predict flow fields over airfoils efficiently [14]. By
utilizing point cloud inputs rather than grid-based data, GeoANF generalizes well
across different airfoil shapes and operating conditions. The model significantly
outperforms baseline methods in tasks such as volume flow field prediction and
surface pressure measurement, demonstrating its ability to handle geometric variability
while maintaining high accuracy. Deng et. al. introduce a modified Vision
Transformer (ViT)-based encoder-decoder network for predicting compressible flow
over supercritical airfoils [15]. To enhance accuracy near shock regions, the model
incorporates geometric encoding methods and employs advanced loss functions,
including gradient distribution and multilevel wavelet transformation. Additionally,
transfer learning is utilized to improve the model’s generalization, allowing rapid

adaptation to new airfoil geometries with minimal training data.

Although Vision Transformers (ViTs) were originally developed for image classifi-
cation and other computer vision tasks, they have found significant applications in
aerodynamic modeling, as demonstrated by their use in predicting flow fields over
airfoils and capturing complex aerodynamic characteristics. The adaptability of ViTs,
due to their self-attention mechanisms, allows them to be applied in diverse fields
beyond fluid dynamics. For instance, ViTs have shown competitive performance in
industrial visual inspection tasks, including defect detection and object classification,
where they often outperform traditional convolutional neural networks (CNNs) even
when the training data is limited [16]. Even though Vision Transformers (ViTs)
have demonstrated remarkable potential in aerodynamic modeling by leveraging
self-attention mechanisms, the exploration of other deep learning paradigms has also
yielded promising results. In particular, self-supervised and unsupervised learning
approaches are gaining traction for their ability to enhance model robustness and
generalization without requiring large labeled datasets. Self-supervised learning
involves training models using automatically generated labels derived from the

data itself, allowing the model to learn meaningful representations without human



annotation. In contrast, unsupervised learning focuses on discovering patterns and
structures within the data without any label information, making it particularly useful
when labeled data is scarce or unavailable. For instance, employing auxiliary tasks,
such as rotation prediction, not only improves robustness but also enhances the
model’s ability to detect out-of-distribution samples, outperforming fully supervised
approaches in challenging scenarios [17]. Furthermore, Chen et. al. demonstrates
that the use of contrastive learning frameworks, such as SimCLR, effectively
improves the representation quality by maximizing the agreement between positive
pairs while distinguishing them from negative pairs [18]. This method has proven
particularly effective in scenarios where labeled data is limited, highlighting the
value of self-supervised techniques in extracting meaningful patterns from raw
data. Additionally, data augmentation plays a crucial role in unsupervised learning
setups, particularly when handling limited or noisy datasets. As shown in recent
studies, employing systematic data augmentation strategies can significantly enhance
predictive performance, as seen in EEG signal modeling, where augmentation reduced
overfitting and improved the robustness of the trained models [19]. By incorporating
self-supervised and unsupervised learning techniques, deep learning models not only
gain resilience against data variability but also achieve higher generalization, making
them more adaptable to real-world applications. Consequently, aerospace studies
have also adopted self-supervised and unsupervised techniques to enhance model
robustness and efficiency. Drikakis et. al. demonstrate the use of self-supervised
transformers for turbulent flow time series, highlighting how self-supervision improves
model performance by allowing the network to learn from unlabeled time-series
data [20]. This approach significantly enhances the ability to predict turbulent
flow characteristics, particularly in high-speed regimes involving shock-boundary
layer interactions. The model’s capacity to reconstruct unsteady pressure signals
demonstrates the advantage of leveraging self-supervised learning in fluid dynamics
modeling. Kim et al present another notable study that applies unsupervised learning
for the super-resolution reconstruction of turbulent flows, addressing the challenge
of limited high-resolution data availability [20]. The proposed method utilizes a

CycleGAN architecture to reconstruct high-resolution flow fields from low-resolution



or unpaired turbulence data. This approach effectively bridges the gap between
low-quality input and high-fidelity output, demonstrating that unsupervised learning
can achieve comparable performance to supervised methods even when paired data is
not available. De Fabritiis and Gryllias introduced an effective approach involving
the use of self-supervised learning for anomaly detection in rotating machinery,
particularly focusing on cycle-consistency representation learning to train an embedder
network on univariate unlabeled data [21]. This method enforces a distance metric
within the embedding space, enabling the model to distinguish between normal
and anomalous vibration signals. The results indicate that this technique is highly
effective for early fault detection in bearings, offering significant potential in predictive
maintenance and condition monitoring applications. Tucci et. al. presents
an unsupervised machine learning approach for high-fidelity compression of large
experimental datasets related to HPT blade tip contouring. The method combines
dimensionality reduction techniques such as Principal Component Analysis (PCA) and
Autoencoders (AEs) to compress experimental measurements while retaining critical
aerodynamic features [22]. This approach demonstrates that unsupervised learning can
effectively correlate complex tip geometries with aero-thermodynamic performance,

significantly enhancing the design optimization process for high-pressure turbines.

1.2 Purpose of Thesis

As revealed by the literature review, there is significant diversity in the application
of deep learning methods within turbomachinery and aerodynamic modeling. Some
studies focus on advanced attention-based architectures, which are particularly
effective at capturing long-range dependencies and spatial interactions. In contrast,
other studies employ more traditional neural network models, which tend to perform
well in structured or simpler flow scenarios. Furthermore, there is considerable
variation in the objectives of these models: while some aim to directly predict detailed
flow fields, others focus on estimating derived performance metrics such as pressure
loss or aerodynamic efficiency. Additionally, time-series-based models are frequently
employed to capture dynamic behaviors, especially when real-time prediction or

monitoring of transient flow phenomena is required. Recent studies have also shown



an increasing trend in the adoption of self-supervised methods, particularly in cases

where accurately capturing geometric differences is critical.

In this context, the present study aims to develop a model for predicting the
radial profiles of fan geometries using the Vision Transformer (ViT) architecture.
The choice of ViT is motivated by its capacity to efficiently process complex
spatial patterns, which is crucial when analyzing fan blade profiles. The ViT’s
ability to model geometric variations and spatial coherence enhances the model’s
performance, especially when subtle differences can have significant aerodynamic
impacts.  Additionally, to further improve the model’s sensitivity to geometric
variations, self-supervised learning techniques are incorporated during the pretraining
phase. This integration enables the model to accurately capture minor geometric

differences that may influence aerodynamic performance.

One of the key aspects of the model’s design is its adaptability to varying operational
conditions. The architecture is specifically designed to ensure accurate predictions not
only across different rotational speeds (RPMs) but also in challenging flow regimes
such as stall and choke. This robustness is achieved through a thoughtful integration of
domain knowledge into the training process, ensuring the model’s ability to generalize
effectively across diverse aerodynamic scenarios. The developed model is expected to
provide reliable and precise predictions of fan geometry profiles, contributing to more

efficient and accurate aerodynamic analysis in turbomachinery applications.



2. DATA PREPARATION

2.1 Database

The dataset consists of 1,600 separate CFD results that cover a variety of operating
conditions and design configurations. These include different rotational speeds, blade
geometries, number of rows (rotor and stator stages), and downstream static pressures,
selected to align with specific speedlines. All simulations were performed using the
NUMECA software, which was used throughout the entire process including mesh

generation, solving, and post-processing.

2.1.1 CFD solutions

Mesh resolution was set to ensure y' values remained below 5, providing adequate
near-wall accuracy for turbulence modeling. The Spalart—Allmaras turbulence model
was chosen for all cases due to its balance between computational efficiency and

suitability for turbomachinery applications.

As for boundary conditions, rotational speed (RPM), inlet total pressure and
temperature, and outlet static pressure were defined for each case. These physical
parameters, together with the corresponding blade geometry, were used as input
to the deep learning model. This combined input allows the model to learn the
relationship between both the operating conditions and the geometric configuration

of the turbomachinery component.

This dataset includes 2-stage and 3-stage fan configurations, some of which feature
Inlet Guide Vanes (IGV) and Outlet Guide Vanes (OGV). While a few geometries are
represented by a single operating point at one specific speed, others have full speedline
solutions computed at multiple RPMs. These speedline solutions are particularly
important for capturing critical behaviors near stall and choke regions, which are

essential for accurate performance prediction.



Approximately 70% of the simulations were carried out under sea-level conditions,
while the remaining cases were generated using boundary values corresponding to
specific altitude levels. The dataset covers a wide range of aerodynamic regimes,
including both subsonic and transonic flow conditions, which enables the model to

generalize across different physical behaviors.

It is important to note that this dataset was not intentionally generated for the purpose
of this project. Instead, the CFD results were originally obtained throughout various
design processes, reflecting realistic and application-oriented operating scenarios. The
deep learning model was developed to make use of this existing pool of data, aiming
to extract meaningful patterns and enable performance prediction without the need for

additional costly simulations.

2.1.2 Streamtube calculation

In order to capture the flow characteristics in a more localized and physically
meaningful manner, especially along the blade span, a custom post-processing
algorithm was developed. For each CFD case, the flow planes located upstream and
downstream of every blade row were automatically identified. These planes were then
divided into 15 radial sections such that each section carried an equal portion of the
total mass flow. During this process, an iterative approach was followed to determine
the radial boundaries that satisfy the equal mass flow condition across the span.
This mass-balanced segmentation enables a streamtube-based analysis that reflects
the actual distribution of the flow. After the segmentation, key physical quantities
(Total and Static Pressure and Temperatures, Absolute and Relative Mach Numbers,
Discharge Coefficient) were extracted from each streamtube plane and stored for use

in the model training process.

2.1.3 Blade geometry tensor construction

The blade geometries were exported in the standard geomTurbo format. The
geometry dataset contains the Cartesian coordinates of the suction and pressure sides

of the blades, as well as axial-radial coordinates of the hub and shroud surfaces. Prior
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Figure 2.1: The representation of streamtubes(shown in blue) and rotor-stator planes
from which the data are acquired(shown in red).

to tensor construction, all coordinate data were transformed into the polar coordinate

system for better alignment with the rotational symmetry of the system.

The final input tensor representing blade geometry consists of 6 channels:

e R, 0, and Z coordinates for the suction side (3 channels),

e R, 0, and Z coordinates for the pressure side (3 channels).

In addition to the geometric tensor, two row-specific vectors are defined for each blade

row:

e a vector indicating whether the row is a rotor (1) or a stator (-1),

e a vector specifying the number of blades in each row.

These vectors are later integrated into the model pipeline to provide context-specific

information during the learning process.

The height of the input tensor corresponds to the number of spanwise sections (selected
as 15), and the width is determined by the number of points exported per suction and

pressure side (e.g., 225), multiplied by the number of rows. For instance, if each blade
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side contains 225 points and the geometry consists of 4 rows, the total width becomes

4 x 225 = 900.

In this study, the maximum number of blade rows is set to 7. Therefore, the maximum
width of the input tensor becomes 7 x 225 = 1575. For geometries with fewer
than 7 rows, zero-padding is applied to the end of the tensor to maintain uniform
input dimensions. The padding strategy and the way this row-specific information
is integrated into the model are detailed in the corresponding section on Model

Architecture.
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3. MODEL ARCHITECTURE

The proposed model consists of two main components: an encoder and a decoder.
The encoder is responsible for extracting meaningful representations from the input
geometrical data, while the decoder predicts the corresponding flow field variables
based on these learned representations and boundary conditions. The encoder is based
on the Vision Transformer (ViT) architecture, adapted to the specific requirements
of turbomachinery geometries, whereas the decoder employs a physics-informed

upsampling mechanism integrated with boundary condition conditioning.

3.1 Encoder

3.1.1 Attention mechanism

At the core of the encoder lies the self-attention mechanism, originally introduced
in the Transformer architecture by Vaswani et. al. [23]. Self-attention allows
the model to dynamically attend to different parts of the input sequence when
computing representations, capturing long-range dependencies without relying on

fixed convolutional receptive fields.

Given a sequence of input embeddings X € RE*?  the self-attention operation

computes query (Q), key (K), and value (V') matrices as follows:
0=xwe K=xwk v=xw" (3.1

where W2, WK WV € R?*? are learnable weight matrices. The attention output is then
computed as:

: OKT
Attention(Q,K,V) = softmax | — |V (3.2)

Vd

This formulation enables the model to assign dynamic importance scores between
different patches, facilitating rich and flexible feature extraction from the geometrical

data.
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3.1.2 Vision transformer-based encoder

The encoder follows the general structure of the Vision Transformer [1] with several
adaptations for the problem at hand. Unlike the original ViT, no class token is appended
to the sequence. Instead, the model directly processes only the embedded geometrical

patches.
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Figure 3.1: The original Vision-Transformer Architecture [1].

3.1.2.1 Patch embedding

The input geometrical tensor, representing the suction and pressure surfaces of multiple
stages, is initially organized with dimensions B X 6 x 15 x 1575. Here, B denotes the
batch size, 6 represents the input channels corresponding to the radial, circumferential,
and axial coordinates (r, 0, z) for both suction and pressure sides, while 15 and 1575

correspond to the radial and axial dimensions, respectively.

To effectively embed the geometrical information, the tensor is processed through a
convolutional layer that acts as a patch embedding operation. This convolutional layer
uses a kernel of size 3 x 225 and a stride of the same size, without padding, to ensure
non-overlapping patch extraction. The kernel size is carefully chosen to capture spatial

correlations within a patch while preserving the structural features along the radial (3)
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and axial (225) directions. In this way, the convolution operation itself divides the

input geometrical tensor into non-overlapping patches.

The transformation from the input tensor to the embedded representation can be
mathematically described as follows. The output dimensions after convolution can
be calculated using the formula:

0= {ﬂJ +1 (3.3)

Here: - O is the output dimension, - / is the input dimension, - K is the kernel size, - P

is the padding size, - S is the stride.

In our case, since the kernel size is 3 x 225, the stride is also 3 x 225, and no padding
is applied (P = 0), the output dimensions along the radial and axial directions are

calculated as follows:

15-3+0
0, = {TJFJ +1=5 (3.4)
1575 — 22540
00:{ T + J+1:7 (3.5)

Therefore, the convolution layer transforms the original tensor shape from B x 6 x 15 x
1575 to B x 192 x 5 x 7, where 192 represents the number of output channels obtained

through the embedding operation.

Following the convolution, the spatial dimensions are flattened to obtain the final shape
of B x 35 x 192, where 35 is the total number of patches (5 x 7) arranged sequentially
while preserving the embedded feature dimension. This embedding process ensures
that each patch carries the local geometric information in a compact, 192-dimensional
representation. The resulting sequence of embedded patches is then stacked to form
the tensor Z of size L X d, where L = 35 is the number of patches and d = 192 is the

embedding dimension.

3.1.2.2 Positional embedding

To encode the spatial arrangement of patches, a learnable positional embedding matrix
P € RE4 s added:
Zinput — Z + P (36)
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This addition ensures that the model retains awareness of the relative locations of
patches, a critical aspect for capturing geometric features influencing aerodynamic

performance.

3.1.2.3 Transformer blocks

The embedded sequence Zipy is passed through six consecutive Transformer blocks,
each composed of a multi-head self-attention module and a feed-forward network with

layer normalization and residual connections.

3.1.2.4 Learnable inlet station

The model requires the output representation to include an additional station compared
to the number of stages. To ensure consistency, a learnable inlet station parameter,
denoted as (inlet_sta), is introduced. This parameter acts as an additional embedding
and is trained to represent the inlet station independently from the encoded geometrical

patches.

The final encoder output is obtained by concatenating the learnable inlet station with

the encoded patches:

Zout = [inlet_sta, Zencoder] 3.7
Where:
° (inlet_sta e R*d ) is the learnable embedding,

° (choder € R3xd ) is the encoded representation of the stages,

e The concatenation ensures that the output tensor (Zoy) has the correct shape

(40 x d) for decoding.

This approach guarantees that the number of output stations matches the required

configuration, maintaining geometric consistency in the model.
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Figure 3.2: Vision Transformer employed Encoder Diagram.

3.1.3 Handling padding and attention masking

In practice, not all geometrical samples contain the same number of stages. To
maintain consistent input shapes, samples with fewer than seven stages are padded
by adding artificial rows. However, it is crucial to ensure that these padded regions do

not influence the model's internal representations.

To achieve this, an attention mask M € {0, —oo} XL

is applied to the attention score
matrix before the softmax operation. Specifically, the raw attention logits are adjusted
as:

KT
MaskedAttention(Q, K, V) = softmax (Q— —|—M) Vv (3.8)

Vd

where the masking matrix M is defined as:

0, if both patch i and patch j correspond to valid geometrical data,

—oo, if either patch i or patch j corresponds to padding.
(3.9)

The role of the —oo values is to effectively eliminate any interaction involving

padded regions during the attention computation. This behavior can be understood
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mathematically by examining the softmax function:

s

Y e

softmax(z;) = (3.10)

When a score z; is set to —oo, its exponentiated value e~ becomes zero. Consequently,
after softmax normalization, any attention weight associated with padded regions

becomes exactly zero:
e "=0 = softmax component =0 (3.11)

Thus, padded patches neither contribute to nor receive information from other patches.
This masking strategy ensures that the model focuses solely on the real geometrical

features, maintaining the integrity and robustness of the learned representations.

Such masking approaches are widely used in Transformer-based architectures handling
variable-length sequences, including natural language processing models like BERT

[24].

3.2 Decoder

The decoder component of the proposed model is designed to generate physically
consistent predictions from the encoded geometrical representations. Unlike the
encoder, which focuses on capturing spatial features from the input geometry,
the decoder’s primary function is to map these features to flow field variables,
incorporating both the geometric variations and the imposed boundary conditions. The
challenge lies in accurately representing the complex aerodynamic behavior that arises
from slight changes in geometry while ensuring the output adheres to physical laws. To
address this, the decoder architecture is structured to maintain a fine balance between
learned features and physics-based constraints, leveraging the encoded representations
to produce flow predictions that are not only numerically accurate but also physically

consistent.

3.2.1 Upsampler

The Attention Upsampler is responsible for increasing the spatial resolution of the

encoded output, transforming the tensor from a shape of 40 x 192 to 120 x 192. This
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transformation is essential to align the encoder output with the expected structure of 8

stations and 15 radial values.

To preserve the distinction between rotor and stator stages, the encoded output is
first augmented with a learnable rotor/stator embedding. This embedding acts as an
additional feature channel, allowing the model to distinguish between different types

of stages during the upsampling process.

After integrating the rotor/stator embedding, the upsampling is performed using an
attention-based mechanism. The upsampler is designed to map the initial 40 spatial
locations to 120 locations, ensuring that the increased resolution maintains spatial

coherence between the input and the upsampled output.

By configuring the attention heads and their dimensionality appropriately, the model is
able to generate three times the number of spatial locations while preserving the feature
dimensionality. The resulting tensor after the upsampling process has the desired shape
of 120 x 192, providing a higher resolution representation for the subsequent decoding

stage.

This method ensures that the model effectively captures the geometric relationships
inherent to the input while maintaining the correct number of spatial points required

for downstream processing.

3.2.2 Boundary conditioning

The BC Conditioning module is essential for integrating boundary condition
information into the latent representation obtained from the encoder. This integration
is vital as the aerodynamic behavior of turbomachinery components is significantly
influenced by inlet conditions, rotational speed, and outlet pressure. Therefore,
capturing these influences within the latent space representation enhances the model’s

ability to generalize over varying operating conditions.

To achieve this integration, the BC Conditioning module employs a combination of

Feature-wise Linear Modulation (FiLM) and cross-attention mechanisms. This
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approach effectively encodes both the inlet effects and the downstream influences from

RPM and outlet static pressure.

3.2.2.1 FiLM modulation

Feature-wise Linear Modulation (FiLM), initially introduced by Perez et. al. , provides
a flexible and efficient way to incorporate external conditioning signals into neural
network representations [25]. In this context, the FILM layer modulates the latent
representation by generating scaling () and shifting () parameters directly from the
inlet boundary conditions. This technique ensures that the model can dynamically

adjust the feature activations based on the input conditions.

In this model, the FiLM layer takes the inlet boundary condition vector, which contains
RPM, inlet total pressure , and inlet total temperature , and projects it into two sets of

parameters, ¥ and 3, using learnable linear transformations:

Y= Wgamma - BCinlet, ﬁ = Wheta - BCinlet (3.12)

Here, Weamma and Wier, are linear projection matrices specifically trained to extract
the modulation factors from the boundary condition vector. These parameters are then

applied to the encoded geometric features using the following modulation formula:

modulated = y©® geom_feats + 3 (3.13)

This formulation allows the model to directly influence the amplitude and bias of the
latent features based on the inlet conditions. The key advantage of this method is its
flexibility; the model can emphasize or attenuate specific spatial features depending
on the input configuration. As shown by Perez et. al. , FiLM conditioning effectively
adapts neural representations to external factors, making it highly suitable for scenarios

where input conditions significantly affect the output [25].
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3.2.2.2 Cross-attention for RPM and outlet conditioning

While the inlet boundary conditions are modulated through the FiLM layer,
downstream conditions such as RPM and outlet static pressure require a different
approach. These parameters influence the flow characteristics dynamically, often
interacting with spatial patterns in the encoded features. To address this, the model

utilizes a cross-attention mechanism.

The primary purpose of this cross-attention mechanism is to dynamically align the
geometric representation with the operational point on the speedline. The position
on the speedline is significantly influenced by the combination of RPM and outlet
pressure, which together determine the operating regime of the turbomachinery.
Therefore, accurately modeling the effects of these boundary conditions is crucial for

capturing performance variations.

The cross-attention mechanism is configured to project the combined RPM and outlet
pressure vector into the latent space dimensionality. This projection is performed
using a learnable linear transformation, ensuring that the boundary condition vector is
compatible with the geometric feature space. The resulting tokens are then expanded

along the spatial dimension to match the encoder output size.

By leveraging cross-attention, the model effectively learns how the speedline position
shifts in response to changes in RPM and back pressure. This formulation allows the
network to dynamically adjust flow characteristics, particularly emphasizing regions
where the aerodynamic performance is most sensitive to these boundary conditions.
The boundary condition tokens act as both keys and values, while the modulated
geometric features serve as queries, facilitating a flexible representation of speedline

dynamics.

The final output from the BC Conditioning module has the same dimensionality as the
upsampler output , but with enhanced boundary condition awareness. By combining

FiLLM-based scaling and shifting for inlet effects with cross-attention-based fusion

21



for RPM and outlet effects, the model robustly encodes the boundary conditions for

accurate aerodynamic predictions.

3.2.3 Projector

The final stage of the model architecture consists of a series of multi-layer perceptron
(MLP) layers, collectively referred to as the projector. This module receives tensors
of shape 120 x 192, where each of the 120 entries represents a spatial patch, and each
patch is described by a 192-dimensional feature vector. The projector reduces the
dimensionality of each 192-element vector down to 7, corresponding to the 7 physical

quantities predicted by the model (e.g., pressure, temperature, Mach number, etc.).

As aresult, the output of the projection step has a shape of 120 x 7. This tensor is then
post-processed and reshaped into the final output format of 7 x 15 x 8, which represents
7 predicted quantities distributed across 15 radial spanwise positions and 8 streamwise
stations. This restructuring step enables the model to produce physically interpretable

field predictions aligned with the underlying geometry and mesh topology.

Decoder
Upsampler Boundary Conditioning Projector
Rotor/Stator
‘ Embed
Encoder Multi-head FiLM . Decoder
Qutput Attention Modulation Crass-Attention MLP Cutput
-~
’—b MLP — MLP
Boundary Conditions T
P, T, . RPM
Boundary Conditions
|—» MLP F; .. RPM

Figure 3.3: Decoder Diagram.
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4. TRAINING

Developing a robust and accurate model for turbomachinery applications requires
a well-structured training strategy that effectively captures aerodynamic behavior
while maintaining sensitivity to geometric variations. Due to the inherent complexity
and high dimensionality of the problem, a multi-stage training approach is adopted.
The primary objective is to leverage both self-supervised and supervised learning
techniques to ensure that the model accurately predicts aerodynamic parameters even

when faced with subtle design changes.

To achieve this, the training process is divided into two main phases: an initial
contrastive learning phase to pretrain the encoder and a subsequent fine-tuning phase
to optimize the decoder. This structured approach allows the model to first learn

geometric representations independently, before mapping them to physical outputs.

4.1 Contrastive Learning

4.1.1 NT-Xent loss

The Normalized Temperature-Scaled Cross-Entropy Loss (NT-Xent Loss) is a
fundamental component of the contrastive learning framework, particularly introduced
in the SimCLR method [18]. This loss function is designed to learn representations by
promoting similarity between positive pairs and dissimilarity between negative pairs.
In the context of turbomachinery modeling, it plays a crucial role in distinguishing
between subtle geometric variations, as small differences in blade geometry can

significantly impact aerodynamic performance.

NT-Xent Loss operates by taking paired embeddings and calculating their similarity
based on cosine distance. The primary objective is to bring closer the embeddings of
the same instance under different augmentations while pushing apart the embeddings

of different instances. This approach is particularly relevant for the proposed model,
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as geometrically similar designs are expected to yield similar latent representations,

while geometrically distinct designs should be well-separated in the embedding space.

In this framework, NT-Xent Loss is specifically applied to the encoder output, where
the latent vectors produced by the encoder serve as the representations for contrastive
learning. These latent vectors encapsulate the geometric features extracted from the
input data, making them highly suitable for capturing nuanced differences between

similar designs.

The mathematical formulation of NT-Xent Loss is as follows:

exp(sim(z;,z;)/7)
YY) L exp(sim(zi, i)/ 7)

L= —log @.1)

Here, z; and z; represent the latent vectors obtained from the encoder, corresponding
to a positive pair. The similarity between these embeddings is computed using cosine

similarity:

Z;-7;

g (4.2)
Al Al

sim(z;,z;)

The impact of the NT-Xent loss is clearly illustrated in Figure 4.1 and 4.2, providing
an important insight into the effectiveness of contrastive learning. When the output of
the model’s encoder layer is evaluated under a flowpath modification scenario—details
of which are presented in the Results chapter—a substantial difference is observed

between models trained with and without contrastive pretraining.

In the absence of contrastive learning, where the model is trained solely using
input—output mappings, the encoder outputs for two geometries that differ only in
the flowpath region appear almost identical. This indicates that the model fails
to distinguish subtle geometric variations at the feature representation level, which
consequently leads to nearly identical final predictions from the decoder. However, as
shown in the Results chapter, the ground-truth CFD results for these two designs differ

meaningfully.

On the other hand, the model pretrained with the NT-Xent loss and subsequently
fine-tuned on the decoder demonstrates a clear separation in the encoder’s feature space

for the two geometries. This confirms the utility of contrastive learning in enhancing
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Figure 4.1: Encoder output comparision for two designs(red and black) without
contrastive learning.
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Figure 4.2: Encoder output comparision for two designs(red and black) with
contrastive learning.

the model’s sensitivity to fine-grained geometric differences and improving overall

prediction fidelity. A more detailed assessment is provided in the Results chapter.
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4.2 Physics-Informed Finetuning

Initially, the model’s encoder was pretrained using the NT-Xent loss function within
a contrastive learning framework. Following this stage, the encoder parameters were

frozen, and the decoder module was fine-tuned using ground-truth CFD data.

During the fine-tuning phase, a percentage-based loss function was employed to
minimize the discrepancy between the model predictions and the CFD reference
results. In addition to this primary objective, supplementary loss terms were
incorporated to further guide the learning process and enhance the physical consistency
of the output. Additional loss functions were defined based on physical principles to
improve the model’s predictive consistency. Specifically, a continuity-based loss was
introduced to ensure mass conservation across flow stations. Moreover, isentropic loss
terms were constructed using absolute total pressure and total temperature values to

enforce thermodynamic consistency.

For the continuity-based loss, the mass flow rate at each station was computed and
penalized based on its absolute deviation from the inlet station’s mass flow rate.
This constraint acts as a physical regularization mechanism to promote global mass

conservation throughout the domain.

AP, T 2(r-1)
= C, t\/7M< MZ) ! (4.3)

mlnlet

N
Lrom =y Z (4.4)

Area is computed using the geometrical input and all the other variables involved in the

Flinlet

mass flow calculation (P;, T;, M, C; , ¥(T;)) were trained to receive feedback through
this loss term. As a result, these quantities were adjusted to collectively produce more

physically consistent predictions under the constraint of continuity.

To enforce thermodynamic consistency, additional isentropic loss terms were defined
using only the model-predicted static pressure, static temperature, and Mach number.

The total pressure and total temperature were recalculated from these predicted
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Figure 4.3: Feedback representation for the continuity loss.

quantities using standard isentropic relations. The resulting calculated values were
then compared with the model’s direct predictions for total quantities, and their relative

errors were penalized.

P cate = P pred < 1+ %Mﬁmd) " (4.5)
R ) “6)
Ly — ]%] IJZ:V; B,cal(;;’;lit;pred,i @7
Sy = % i{ E,cal%7;lz,pred7i 4.8)
Lsent = L, + 27, (4.9)

These two loss functions play a critical role in making the model physics-informed.
By embedding domain-specific physical constraints into the training process, the
model is encouraged to learn mappings from inputs to outputs that not only minimize
numerical error but also follow physically meaningful trends. As a result, and as will

be demonstrated in the results section, the model achieves improved generalization
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Figure 4.4: Feedback representation for the isentropic loss.

performance, particularly when exposed to unseen data or design variations outside

the training distribution.

In the absence of such physical constraints, the model tends to overfit the training
data, learning superficial patterns that may not generalize well. For instance, in the
presence of geometric variations, the model may fail to produce consistent trends,
misrepresenting whether a given parameter should increase or decrease in response
to a design change. This undermines the model’s interpretability and usefulness in

real-world engineering applications.

From this perspective, incorporating additional physics-based equations into the
training process can be viewed as a form of data augmentation. These constraints
effectively enrich the information content of the dataset, guiding the model to
prioritize solutions that are not only numerically accurate but also physically
plausible—especially in data-scarce regimes where supervised signals alone may be

insufficient.

During training, the model was optimized using a combination of a percentage-based
loss function and two physics-based loss terms. These complementary components
ensure that the model not only minimizes numerical discrepancies but also maintains
physical consistency. The training process was terminated once the total loss fell below

a predefined threshold corresponding to a 1% error margin.
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5. RESULTS

In this chapter, the performance of the model will be comprehensively evaluated from
multiple perspectives. First, the accuracy of the model will be analyzed in terms of
both directly predicted parameters (pressure, Mach Numbers etc.) and those derived
through computations (De Haller Number, Pr). Second, the consistency and reliability
of the model’s outputs will be assessed through visualizations on performance maps,
providing insights into its behavior across various operating regimes. Finally, the
model’s response to design modifications will be examined, with a particular focus
on its sensitivity to geometric variations and its ability to reflect physically meaningful
differences across distinct geometries. These evaluations have been conducted for the

set of geometries specified in the table below.

Table 5.1: Designs for the model testing.

Name Baseline Modification
DESIGN V1 - -
DESIGN V2 DESIGN VI R1/S1 outlet metal angle
DESIGN V3 - -
DESIGN V4 DESIGN V3 R1 LE hub radius

Design VI and Design V3 serve as the baseline configurations, while the
remaining designs are derived from these reference cases through specific geometric
modifications. The transition from Design VI to Design V2 involves a redistribution
of the aerodynamic loading across the first and second stages, resulting in observable

changes in the stage-wise flow behavior.

Between Design V3 and Design V4, a minor geometric adjustment has been made
specifically in the hub region of the flow path, introducing a localized change without

significantly altering the overall blade design.
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5.1 Model Capability on Radial Profiles

In this section, the model’s predictive performance will be examined under high, part,
and low speed operating conditions, with a focus on both spanwise and streamwise
directions using the DESIGN V3 geometry. This analysis aims to evaluate how well
the model captures the underlying flow physics across different operational regimes,
including changes in aerodynamic behavior along the blade span and through the axial

flow path.

5.1.1 Design speeds

The "High Speeds" condition corresponds to 100% of the fan’s design rotational speed,
which not only represents the nominal operating point of the machine but also accounts
for a significant portion of the training dataset. This provides a valuable benchmark for
evaluating the model’s performance under well-represented and physically meaningful

conditions.

Figure 5.1 represents radial comparisions for the design matching point. From a
spanwise perspective, the model demonstrates a strong ability to capture the general
aerodynamic behavior of the turbomachinery, particularly in the mid-span regions.
These regions are typically characterized by relatively uniform flow patterns, making
them essential for assessing the core prediction capabilities of the model. Additionally,
the model shows proficiency in handling the intricate flow dynamics near the endwalls,
where secondary flows, boundary layer effects, and tip leakage phenomena dominate.
Successfully predicting these complex features is key to determining whether the
model can extend its applicability beyond the simpler mid-span flow and account for

spanwise variations.

As shown in Figure 5.2 when examined in the streamwise direction (based on radial
averaging) the model exhibits a high level of consistency with the CFD solutions. This
alignment indicates that the model is not only capable of capturing local flow patterns

but also successfully reproduces the overall streamwise evolution of the flow field.
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Figure 5.1: Spanwise distribution of the static pressure (a) and temperature (b),
absolute total pressure (c) and temperature (d), absolute (e) and relative (f) Mach
numbers, De Haller Number (g) and pressure ratio (h), discharge coefficient (j) for
predicted (red) and CFD results (black).
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Figure 5.2: Streamwise distribution of the static pressure (a) and temperature (b),
absolute total pressure (c¢) and temperature (d), absolute (e) and relative (f) Mach
numbers, De Haller Number (g) and pressure ratio (h), discharge coefficient (j) for
predicted (red) and CFD results (black).
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Figure 5.3: Streamwise distribution of the static pressure (a) and temperature (b),
absolute total pressure (c) and temperature (d), absolute (e) and relative (f) Mach
numbers, De Haller Number (g) and pressure ratio (h), discharge coefficient (j) for
two-stage (red) and three-stage (black) configurations.
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Such agreement is crucial for ensuring that the predicted quantities maintain physical

coherence along the primary flow direction.

Although not all geometries in the dataset correspond to a uniform two-stage
configuration without inlet guide vanes IGV or OGYV, the model consistently
demonstrates physically meaningful behavior across both types of configurations.
In particular, it accurately captures the expected differences between rotor and
stator components—such as an increase in absolute total pressure across the rotors
and a corresponding pressure drop across the stators, given by the Figure 5.3.
This consistency across heterogeneous geometries highlights the model’s ability to
generalize its understanding of fundamental turbomachinery physics, regardless of

architectural variations.

The primary contributor to this robust behavior is the rotor—stator embedding layer
within the decoder module, which enables the model to differentiate between
the distinct physical roles of rotating and stationary components. By explicitly
encoding rotor—stator identities, the model is guided to reflect the appropriate flow

transformations occurring within each stage of the machine.

5.1.2 Off-Design speeds

Despite having relatively limited representation in the dataset, the model is able to
produce consistent and physically plausible predictions at off-design speeds such as
70% and 40% of the nominal operating RPM, albeit with reduced accuracy. The
results for the 70% speed case are presented in Figure 5.4 and 5.5, while the outcomes

corresponding to the 40% speed case are shown in Figure 5.6 and 5.7.

Figure 5.8 illustrates the output of the model trained without incorporating
physics-based information at 70 RPM. It can be clearly seen that the absence of

physical guidance results in a noticeable decline in prediction accuracy.
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Figure 5.4: Spanwise distribution of the static pressure (a) and temperature (b),
absolute total pressure (c) and temperature (d), absolute (e) and relative (f) Mach
numbers, De Haller Number (g) and pressure ratio (h), discharge coefficient (j) for

predicted (red)

and CFD results (black) at 70% RPM.
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Figure 5.5: Streamwise distribution of the static pressure (a) and temperature (b),
absolute total pressure (c¢) and temperature (d), absolute (e) and relative (f) Mach
numbers, De Haller Number (g) and pressure ratio (h), discharge coefficient (j) for

predicted (red) and CFD results (black) at 70% RPM.
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In contrast, the physics-informed approach successfully provides the model with
an additional layer of domain-specific insight, enhancing its ability to capture the
underlying flow behavior more accurately and yielding results that are more consistent

with expected aerodynamic patterns.

During model training, the continuity equation constraint was imposed based on the
inlet station, ensuring consistency across the remaining flow stations. Accordingly,
in the performance maps, the mass flow rate was also evaluated with reference to the
inlet conditions to maintain coherence between the training setup and the performance

evaluation framework.

Cytl
AP, 1 2(y-1)
B i \[ Mm< —M;) (5.1)
V ’1;"’1

The mass flow rate, given in Equation 5.1, is computed based on five predicted quan-

tities, including the specific heat ratio ¥, which is derived from temperature-dependent
relations. While the model yields low individual errors for each of these predicted
variables, small discrepancies can accumulate and amplify when combined in a

nonlinear formulation such as the mass flow rate equation.

The scarcity of training data in stall and choke regions reduces the model’s ability
to generate accurate predictions under these off-design operating conditions. This
limitation is particularly evident in the performance maps, where the predicted flow
behavior deviates more noticeably from the reference CFD results near the extremes
of the speedline. In contrast, the model maintains higher fidelity in the radial direction,

where the operating conditions are more uniformly represented and physically stable.

The FiLM-based boundary conditioning layer, together with the cross-attention
mechanism within the model architecture, was specifically designed to ensure that
predictions remain physically consistent with varying boundary conditions such as
RPM and outlet static pressure. As demonstrated in the performance maps provided
in Figure 5.9, these components are effective at capturing the physical influence of the

specified inputs.

40



1.8 250

17 235

220

90

175

60

145

130

115

100

Scaled Static Pressure (kPa)
° bR R oB B B
[ O VI M G A
IS
Scaled Static Temperature (K)
2 5 3
a
D m

Axial Stations Axial Stations

(a) (b)

®
]
3

N
3

Scaled Absolute Total Temperature (K)
[
0% 8B B OB OB
g 3 8 5 8 8
b K

&

5

Scaled Absolute Total Pressure (kPa)
T S N
b m

Axial Stations Axial Stations

(© (d

0.85
08

0.68 L7

0.7

0.62 065

0.6
0.56

Scaled Absolute Mach Number
g
3
Scaled Relative Mach Number

055

i

05 05
o 1 2 3 a s 6 0 1
Axial Stations Axial Stations
0.8 1.45
0.7
13

115

Scaled De Haller Number
o o o
g & 2
Scaled Pressure Ratio

0.85

0.2 0.7

°
IS
@
°

Axial Stations Axial Stations

(2 (h)

)
Figure 5.7: Streamwise distribution of the static pressure (a) and temperature (b),
absolute total pressure (c) and temperature (d), absolute (e) and relative (f) Mach

numbers, De Haller Number (g) and pressure ratio (h), discharge coefficient (j) for
predicted (red) and CFD results (black) at 40% RPM.

41



Scaled Radius (m)

Scaled Radius (m)

Scaled Radius (m)

Scaled Radius (m)

03

0.1

1.8

Scaled Static Pressure (kPa)

(a)

26 34 a2 5 58 66
Scaled Absolute Total Pressure (kPa)

(©)

0.5 0.6 0.7 08 0.9
Scaled Absolute Mach Number

(e

03 0.4 0.5 0.6 0.7
Scaled De Haller Number

€3]

(m)
°
2

Scaled Radius (m)

0.2

Scaled Discharge Coefficient

us (m)

Scaled Radi

Scaled Radius (m)

Scaled Radius (m)

Scaled Radius (m)

120 140 160 180 200

Scaled Static Temperature (K)

(b)

140 180 220 260
Scaled Absolute Total Temperature (kPa)

(d)

0.6 0.7 0.8 0.9 1 11 12
Scaled Relative Mach Number

®

Scaled Pressure Ratio

(h)

125 1375 15

Figure 5.8: Spanwise distribution of the static pressure (a) and temperature (b),
absolute total pressure (c¢) and temperature (d), absolute (e) and relative (f) Mach
numbers, De Haller Number (g) and pressure ratio (h), discharge coefficient (j) for
predicted (red) and CFD results (black) at 70% RPM using model that not uses
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5.2 Model Capability on Speedlines

The model consistently identifies the location of the speedline on the performance
map based on the given RPM, accurately reflecting its position in relation to the
operating regime. Furthermore, it adjusts the placement of the operating point along
the speedline in accordance with variations in back pressure. As the back pressure
increases, the model captures the expected physical trends: an increase in pressure

ratio accompanied by a reduction in mass flow rate.
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Figure 5.9: DESIGN V3 performance map for different rpm values.

To further improve the accuracy of the model across the entire speedline, it may
be beneficial to enrich the dataset with additional operating points or to incorporate
supplementary physical constraints that can act as implicit regularization, especially in

data-scarce regions.

5.3 Sensitivity of the Model to Geometric Variations

In this section, the focus shifts from evaluating the numerical accuracy of the model

to examining its ability to predict the effects of design modifications. This aspect
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represents one of the most critical outcomes of the project. Achieving near-zero error
when compared to CFD predictions is practically impossible; however, if the model
can replicate the trend and relative changes in output parameters in response to design
variations in a manner consistent with CFD results, it becomes a valuable tool for

design iteration processes.

When comparing two different geometries, if the expected changes in key aerodynamic
parameters observed in CFD outputs are also reflected in the model’s predictions,
the model may serve not only as a computationally efficient surrogate but also as a

design-support system that significantly accelerates the overall development cycle.

Using the available geometries, the model’s responses have been analyzed against two

types of geometric variations: changes in flowpath radius and metal angle

5.3.1 Metal angle variation

In the transition from Design VI to Design V2, the first stage was off-loaded while
the second stage was correspondingly loaded. Under these conditions, a increase in
the De Haller distribution across the first stage is expected, along with an decrease
across the second stage. As illustrated in Figure 5.10, the model successfully captures
these expected changes, demonstrating its ability to reflect stage-specific flow behavior

resulting from targeted design modifications.
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Figure 5.10: Model results showing the De Haller number for predicted(red) and
CFD results(black) of Design VI(solid) and Design V2(dashed) on Rotor 1 (a) and
Rotor 2 (b), metal angle variation case.
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5.3.2 Flowpath variation

Between Design V3 and Design V4, only a minor reduction in radius was introduced in
the hub section of the leading edge of the first rotor’s flowpath. This variation serves as
a critical test case for evaluating the model’s discriminative capability, as the geometric

difference between the two variants is minimal from a mathematical standpoint.

Although the geometric change is minimal, a decrease in the Mach number
distribution and a corresponding increase in the static pressure distribution are expected
immediately downstream of the first rotor. As shown in Figure 5.11, the model
successfully captures this behavior, clearly demonstrating its ability to distinguish even

small geometric variations and translate them into physically consistent predictions.
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Figure 5.11: Model results showing the absolute Mach number (a) and static pressure
(b) for predicted(red) and CFD results(black) of Design V3(solid) and Design
V4(dashed).

In the section Model Capability on Speedlines, it was previously noted that the model
exhibits higher error rates on performance maps compared to radial profiles, primarily
due to the amplification of small prediction errors through derived quantities. However,
the model is capable of capturing not only radial profile behavior but also the overall

trends along the speedlines with reasonable physical consistency.

As illustrated in Figure 5.12, Design V4 demonstrates the ability to reach more extreme
mass flow values at both stall and choke limits, whereas Design V3 exhibits a higher
pressure ratio near the stall region. Despite the reduced accuracy typically observed in
stall and choke predictions—owing to limited data in these regimes—the model still

manages to reflect the correct physical behavior associated with these subtle geometric
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differences. This indicates that even in the presence of minimal design changes, the

model preserves its ability to track the corresponding trends on the performance map.
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Figure 5.12: Model results showing the performance map for predicted(red) and
CFD results(black) of Design V3(solid) and Design V4(dashed).
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6. CONCLUSIONS

This thesis presented the development of a physics-informed deep learning framework
for predicting aerodynamic quantities in multi-stage turbomachinery, with a particular
emphasis on the sensitivity to geometric variations and operational conditions.
By leveraging the Vision Transformer (ViT) architecture as the backbone of the
encoder, the model successfully captured complex spatial dependencies and geometric
structures from blade profiles. The proposed architecture was further enhanced
with contrastive pretraining using the NT-Xent loss and a decoder that incorporated

boundary condition conditioning via FiILM and cross-attention mechanisms.

The training procedure followed a two-stage strategy: first, the encoder was pretrained
to distinguish subtle geometric variations in a self-supervised setting, and then the
decoder was fine-tuned using CFD ground truth data. The use of physics-based
loss functions—specifically, the continuity-based and isentropic loss terms—ensured
that the predicted flow fields adhered to fundamental physical laws, promoting
generalization and physical consistency even in underrepresented regions such as stall

and choke conditions.

The model demonstrated robust predictive capabilities across various evaluation
scenarios. On radial and streamwise profiles, the model reproduced complex
aerodynamic trends with high fidelity, capturing both global flow evolution and
local phenomena such as secondary flows near endwalls. On speedlines, the model
consistently positioned the operating points according to back pressure and RPM
inputs, revealing a solid grasp of performance map dynamics despite increased
difficulty near flow regime boundaries. Most notably, the model was able to replicate
the qualitative and trend-level changes in aerodynamic parameters resulting from
minor design modifications, including changes in metal angle and hub radius. These
results suggest that the model can be used not only for prediction but also as a surrogate

model in design iterations, effectively accelerating the turbomachinery design process.
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In conclusion, the integration of self-supervised contrastive learning and physics-based
regularization into a transformer-based architecture has proven to be a powerful
approach for generalizable, physically consistent aerodynamic modeling. While the
model does not fully replace CFD in terms of fine-scale accuracy, it offers a compelling
trade-off between computational efficiency and predictive performance. Future work
may include expanding the dataset with additional design variations, refining the
loss functions with domain-specific formulations, and extending the model to capture

transient and 3D effects in more complex flow environments.

While the current model demonstrates strong generalization capabilities and physical
consistency, several avenues remain for future enhancement. One immediate direction
is to increase the diversity and quantity of training data, particularly by incorporating
more complete speedlines and off-design operating conditions. A richer dataset would
allow the model to better capture extreme aerodynamic regimes and reduce uncertainty

in underrepresented regions, such as stall and choke.

Moreover, to further improve the fidelity of speedline predictions—especially in
capturing mass flow and pressure ratio variations with higher accuracy—future
studies could explore alternative network architectures and more sophisticated
physics-informed loss functions. Such advancements could push the model beyond
trend-level agreement toward more precise, CFD-comparable performance across the

full design envelope.
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