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Experimental data are 
sparse and noisy

RANS turbulence models are 
inaccurate for 3D flows
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Aims and objectives

Develop efficient methods for assimilating 3D PIV 
data into RANS turbulence models to enable full-field 
reconstruction
Objective 1: Develop adjoint localisation for 
efficient assimilation 

Objective 2: Perform full-field mean flow 
reconstruction using sparse data
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Experimental details
• Data collected in the R. J. Mitchell wind tunnel

• Streamwise length-based Reynolds number = 5.64 x 105
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Adjoint localisation
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Adjoint localisation
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Mean velocity – Planes 2 & 10
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Mean velocity – Planes 2 & 10
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Recirculation bubble
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Mean pressure and Reynolds stress
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Conclusions and future work
• Conclusions

• Adjoint localization reduces peak memory 
consumption by at least 43 % without 
compromising on assimilation quality

• This enables full-field mean flow reconstruction of 
3D wake flows using sparse 3D PIV data that 
captures complex flow physics

• Mean pressure is consistent and Reynolds stresses 
agree well with the experiment

• Future work

• Investigate multigrid approaches for 
computational cost reduction

• Use mixed data sources for assimilation

• Develop algebraic expressions for the corrections

10ucp1y23@soton.ac.uk



Appendix A: Variational data 
assimilation

• Discrete adjoint method – efficient way of computing gradients.

• Interested in sensitivity – total derivative of the objective function with respect to the design variable.

• Finite difference? Good luck, computationally expensive.

• Take back – need a linear solver for obtaining the adjoint vector. Accurate computation of sensitivity 
important for optimization.

Expensive computation
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Appendix B: Derivation of the adjoint
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