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PP013 A — Tépicos Especiais em Ciéncias e Engenharia de Petrdleo: Aprendizado
de MAaquina Cientifico Aplicado a Problemas de Escoamentos Multifasicos em
Elevacao Artificial e Reservatorios

e Professors: Prof. Dr. Alberto Costa Nogueira Junior
e Syllabus:
1. Introduction to Partial Differential Equations (PDEs) and Discretization Methods

1.1 Finite Difference, Finite Element, and Finite Volume Methods for PDEs
1.2 1D linear and nonlinear convection

1.3 CFL condition

1.4 1D diffusion equation

1.5 1D Burgers equation

1.6 1D transport of two fluid phases in porous media (Buckley-Leverett)

2. Artificial Neural Networks (ANN): An overview

2.1 - The architecture of a basic artificial neural network (Multi-Layer Perceptron - MLP)
2.2 - Matrix based approach of neural networks

2.3 Cost function

2.4 Learning with gradient descent

2.5 - The back propagation algorithm

3. Physics Informed Neural Networks (PINNs) and Deep Operator Network in Lift and Flow
Assurance

3.1 Introduction: modeling the mass-spring-damper (MSD) system using a direct PINN
approach
3.2 - The inverse PINN approach to estimate MSD parameters

3.3 - Synthetic data generation of the steady state homogeneous no-slip multiphase flow
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model (HNM)

3.4 Solving the HNM with the direct PINN approach

3.5 Estimating inverse HNM flow parameters using the inverse PINN approach

3.6 Introduction to Neural Operators

3.7 - The data-driven DeepONet to estimate the spatial profile of flow state variables
(Pressure, Temperature, Holdup, etc.)

3.8 - The inverse DeepONet to estimate the production volumetric phase flows

3.9 - Combining PINN and DeepOnet in a single architecture for direct (spatial flow
profiles prediction) and inverse (production phase flow estimation) approaches

PINNs and DeepONets for Multiphase Flow in Porous Media

4.1 PINN applied to the 1D Buckley-Leverett problem

4.2 - How to circumvent non-convex optimization problems in shock formation using
artificial viscosity while training PINNs

4.3 - The PINN approach to solve the 2D injection-production two-phase flow in porous
media

4.4 - The importance of non dimensionalization, weighted loss strategies and training
scheduler

4.5 - From pointwise learning to continuous operators: PINNS - DeepONets, FNOS,
CPNOS

4.6 - The DeepONet direct approach to solve the 2D injection-production two-phase flow
in porous media

4.7 - The Chebyshev Polynomial Neural Operator (CPNO)

4.8 - CPNO applied to the 2D injection-production two-phase flow in porous media

4.9 - Hybrid branch/trunk architectures: FNO, KAN, MLP, CPNO as branch nets with KAN,
MLP as trunk nets

Bonus Topic - Neural Network Free Reduced Order Models (ROM)

5.1 - Dimensionality reduction using Proper orthogonal decomposition (POD)
5.2 - Sparse identification of nonlinear dynamical systems

5.3 - Non-intrusive Model Reduction via Operator Inference (Oplnf)

5.4 - Forecasting of complex spatiotemporal dynamics with OplInf

5.5 - Surrogate models for direct and inverse problems

e Bibliography:

Rua Mendeleiyev n2 200 - CEP 13083-860 - Campinas - Sdo Paulo - Brasil
www.fem.unicamp.br - cpg@fem.unicamp.br
Fone: +55 19 35213245 - 35213244 - 35213407



Universidade Estadual de Campinas e

Faculdade de Engenharia Mecanica o UNICAMP

Coordenadoria de Po6s-graduacao

Michael A. Nielsen, Neural Networks and Deep Learning, Determination Press, 2015.
(available online: http://neuralnetworksanddeeplearning.com/index.html)

M. Raissi, P. Perdikaris, and G. E. Karniadakis, Physics Informed Deep Learning (Part 1):
Data-driven Solutions of Nonlinear Partial Differential Equations, arXiv: 1711.10561v1, 28-
Nov-2017.

M. Raissi, P. Perdikaris, and G. E. Karniadakis, Physics Informed Deep Learning (Part Il):
Data-driven Discovery of Nonlinear Partial Differential Equations, arXiv: 1711.10556v1,
28-Nov-2017.

O. Fuks and H. A. Tchelepi, Limitations of Physics Informed Machine Learning for
Nonlinear Two-Phase Transport in Porous Media, ResearchGate preprint publication
https://www.researchgate.net/publication/343111185, 2020.

S. Mishra and R. Molinaro, Estimates on the generalization error of Physics Informed
Neural Networks (PINNs) for approximating PDEs, arXiv:2006.16144v1, 29 Jun 2020.

Wang, S., Teng, Y., & Perdikaris, P. (2021). Understanding and mitigating gradient flow
pathologies in physics-informed neural networks. SIAM Journal on Scientific Computing,
43(5), A3055-A3081.

Wang, S., Sankaran, S., Fan, X., Stinis, P., & Perdikaris, P. (2025). Simulating three-
dimensional turbulence with physics-informed neural networks. arXiv preprint
arXiv:2507.08972.

T Chen and H Chen. Universal approximation to nonlinear operators by neural networks
with arbitrary activation functions and its application to dynamical systems. IEEE
Transactions on Neural Networks, 6(4):911-917, 1995.

L. Lu, P. Jin, Pengzhan, P. Guofei, Z. Zhang, and G. E. Karniadakis, Learning nonlinear
operators via DeepONet based on the universal approximation theorem of operators,
Nature Machine Intelligence, (2021) 3, 218-229.

C. Lin, Z. Li, L. Lu, S. Cai, M. Maxey, and G. E. Karniadakis, Operator learning for predicting
multiscale bubble growth dynamics, The Journal of Chemical Physics, (2021) 154, 104118.

Ovadia Shoham. Mechanistic Modeling of Gas-Liquid Two-Phase Flow in Pipes. Society of
Petroleum Engineers, Richardson, TX, 2006.

Buckley, S.E., & Leverett, M.C. (1942). Mechanism of fluid displacement in sands.

Rua Mendeleiyev n2 200 - CEP 13083-860 - Campinas - Sdo Paulo - Brasil
www.fem.unicamp.br - cpg@fem.unicamp.br
Fone: +55 19 35213245 - 35213244 - 35213407



Universidade Estadual de Campinas

g." FE

Faculdade de Engenharia Mecanica o UNICAMP

Coordenadoria de Po6s-graduacao

Transactions of the AIME, 146, 107-116.

Brooks, R.H., & Corey, A.T. (1964). Hydraulic properties of porous media. Hydrology
Papers, Colorado State University, No. 3.

Aziz, K., & Settari, A. (1979). Petroleum Reservoir Simulation. Applied Science Publishers,
London.

Faroughi, S.A., Pawar, N., Fernandes, C., Raissi, M., Das, S., Kalantari, N.K., & Mahjour, S.K.
(2024). Physics-guided, physics-informed, and physics-encoded neural networks and
operators in scientific computing: Fluid and solid mechanics. Journal of Computing and
Information Science in Engineering, 24.

S. H. Rudy, S. L. Brunton, J. L. Proctor, and J. N. Kutz, Data-driven discovery of partial
differential equations, arXiv: 1609.06401v1, 21-Sept-2016.

S. L. Brunton, J. L. Proctor, and J. N. Kutz, Discovering governing equations from data:
Sparse identification of nonlinear dynamical systems, PNAS, 2016.

K. Champion, B. Lusch, J. N. Kutz, and S. L. Brunton Data-driven discovery of coordinates
and governing equations, PNAS, 2019.

V. Buljak, Inverse Analysis with Model Reduction: POD in Structural Mechanics, Springer,
2012.

S. Brunton and J. Kutz, Data-Driven Science and Engineering: Machine Learning,
Dynamical Systems, and Control. Cambridge: Cambridge University Press, 2019.

O. Ghattas and K. Willcox, Learning physics-based models from data: Perspectives from
inverse problems and model reduction. Acta Numerica, (2021) 30, 445-554.

E. Qian, B. Kramer, B. Peherstorfer and Karen Willcox, Lift & Learn: Physics-informed
machine learning for large-scale nonlinear dynamical systems, Physica D, (2021) 406,
132401.

S. A. McQuarrie, C. Huang and Karen E. Willcox, Data-driven reduced-order models via
regularized operator inference for a single-injector combustion process, Journal of the
Royal Society of New Zealand, (2021) 51, 194-211.

E. Qian, I-G. Farcas and Karen E. Willcox, Reduced operator inference for nonlinear partial
differential equations, arXiv 2102.00083, 2021.

Rua Mendeleiyev n2 200 - CEP 13083-860 - Campinas - Sdo Paulo - Brasil
www.fem.unicamp.br - cpg@fem.unicamp.br
Fone: +55 19 35213245 - 35213244 - 35213407



g‘"& Universidade Estadual de Campinas

% : FE
a¥ Faculdade de Engenharia Mecanica Py, UNICAMP
UNICAVIP

Coordenadoria de Po6s-graduacao

PP290 E - Topics in Petroleum Production: Ocean Renewable Energy
e Professors: José Ricardo Pelaquim Mendes, Celso Kazuyuki Morooka
e Syllabus:

(1) General View on Ocean Renewable Energy
(2) Offshore Wind

(3) Ocean Thermal Energy

(4) Tidal/Ocean Current

(5) Wave Energy

(6) Alternative Concepts

(7) Economics on Offshore Wind and ORE

The classes will be in English. Homework and final test are expected.

Collaborative course, classes remotely offered.
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