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Data-Assimilation/Reconstruction
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Karhunen–Loeve procedure for gappy data.
R. Everson & L. Sirovich,
JOSA A, 12(8), 1657-1664, 1995

Data reconstruction of turbulent flows with Gappy-POD and Generative Adversarial Networks 
T. Li, M. Buzzicotti, F. Bonaccorso, L.B., S. Chen, M. Wan .
arXiv preprint arXiv:2210.11921 (Submitted Journal Fluid Mechanics), 2022
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Extended proper orthogonal decomposition: a tool to analyse correlated events in turbulent flows.
Borée, J.
Experiments in fluids, 35(2), 188-192.

Data reconstruction of turbulent flows with Gappy-POD and Generative Adversarial Networks 
T. Li, M. Buzzicotti, F. Bonaccorso, L.B., S. Chen, M. Wan .
arXiv preprint arXiv:2210.11921 (Submitted Journal Fluid Mechanics), 2022
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Reconstruction of turbulent data with deep generative models for 
semantic inpainting from TURB-Rot database
M. Buzzicotti, F. Bonaccorso, P. Clark Di Leoni, and L. B.
Phys. Rev. Fluids 6, 050503 , May 2021

Context encoders: Feature learning by inpainting
D. Pathak, P. Krahenbuhl, J. Donahue, T. Darrell, and A. Efros.
Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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GENERATIVE ADVERSARIAL NETWORK

Generator

Encoder Decoder

Adversarial Discriminator
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KULLBACK-LEIBLER Divergence

JENSEN-SHANNON Divergence
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Comparison of Statistical Fluctuations



Comparison of Statistical Fluctuations at small scales (velocity gradients)



Two fundamental Open Questions:

128×128

4096× 4096× 4096

G

H(G)

(ii) Can we push 
the analysis on 
state-of-the-art 
datasets?

DCGAN
CycleGAN

StyleGAN[1-2-3]
Diffuve Models

V-AutoEncorders 
etc. etc.

(i) How can we 
find/fine-tune the best 
data-driven strategy 
or architecture?

Farou, Z. et all. International Conference on Intelligent Data 
Engineering and Automated Learning. Springer, Cham, 2020.
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Ground Truth
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Sparse 
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GANs

Gappy 
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Damaged 
Data
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Uncertainty
Quantification

T. Li, L. Buzzicotti, F. Bonaccorso, L.B., S. Chen, M. Wan. 
arXiv:2210.11921 (Submitted Journal Fluid Mechanics), 2022
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Application to 
Observation-data

CONTRIBUTIONS AND FUTURE PERSPECTIVES

Goal 3

Goal 2
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Multi-scale Validation

Ideal models 


