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Case Study: 28 Well Networks
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HAC Formulation

Maximize oll production\
in a planned time
subject to process and |:>
health constraints

\_ J

4

v(X) = max
u,x

N-1

k:to

Subjectto :

o

[xtO'ut0—1] = [z, 1]
Xes1 = Fy (o, wp)
0 = Fp(zx, wi)
Vi = €O, uy)
G(xk,uk) — sk < 0
Sk >0
Umin < Uk < Umax
Aup= up — Up-1
[Awg | < Auppgy
Auk= 0

2 Wpox — 0.5Mu;, " RAwy, — pS

to,to + N — 1]
to, to + N — 1]
to,to + N — 1]
to, to + N — 1]
to,to + N — 1]
to, to + N — 1]
k € [ty to + N, — 1]
k € [ty,to + N, — 1]
k €[ty + Nty + N —

ke
kel
ke
kel
ke
kel

~

k

y




ModeldDAES)

Gas-lift model (steady state)

Phase balance model
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OpenrlLoop Optimization
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Full-Horizon Open-Loop Optimization
(Total Oil Production = 0.261 Mt; Initial Erosion = 0.500 mm; Final Erosion = 1.500 mm)
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Fast HAGADPflavoured HealthwareeNMPG:




Fast HAC Formulation

Basic Idea

Optimizewith a very short horizon while taking into accountthe long-term
effects in the cost-to-go (CTG)- motivated by Bellman’s principle of
optimality, i.e.:

Needs to be
known
beforehand

Do ==
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Waysto learnthe CTG termoptimalvaluefunction): JoEm
1. (Approximate) DynamicProgramming CTG termapproximatediteratively = SmEm
[2] LearningbasedMPC:supervisediearningof CTQabels mam
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Algorithm for Creation of GtepeNMPE -

1. Generatelabels:

" Performfull-horizonopen-loop optimization to obtain the optimal CTGralues
Vy (%) for sampled /initialerosiorvalues(x) and predictiorhorizon£N).

2. Train asurrogate (approximate) model, Vy (2):
" Fit an input-convexneuralnetwork (ICNN)nodel to the training data
3. Deployone-step eNMPC

" Solve the one eNMPC with Vy_1 , (1) as the terminal cost.

NB:To better handle future constraints (feasibility), the CTGsurrogate is split into
two, 1e.:

Vi— 1u(x1) = VN 1(x1)+liFN 1(x1) .

| |
Optimality  Feasibility
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Feasibility Data Visualization

F Labels Contour Plot
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Closed.oop Implementation®

Feasible Region

Full-Horizon eNMPC vs One-Step eNMPC
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Remarks on Oil Well Case Study

= The one-step controller behavesexactly (or close)to the full-horizon controller in the feasible
region:

» Needbetter F surrogate performanceat the boundaryof infeasibility (around& at kink).
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Conclusions & Outlook

= Alearned ICNN costo-go can reproduce longnorizoneNMPCbehaviorin the
feasible operating region.

= Near active health constraints, performance depends strongly on the (feasibility)
surrogate’s accuracy and sensitivity around the feasible set boundary.

= Future work will focus on constrairbware training, sensitivity matching, and
extension to MIMO uncertain systems.
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Thank you for your attention!
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