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Oil Production

» Production from Oil Reservoirs

* Porous rock with oil in pores

» Geological structure heterogeneous
« Very different rock properties within reservoir B

¢ 101 — 10* km2 in size

¢ 102m - 10*m underground

- Difficult locations

W cap rock

B suater bearing recsrvolr rock
[ non- reservair rock

B o bearing reservoir rock
B gas bearing reservoir rock
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Oil Production

« Oil Production goes through multiple stages
 Primary production
« Secondary production
« Tertiary production

* Waterflooding (WF) popular secondary
production process
* Reservoir pressure support
* Sweeping the reservoir

« Essentially a batch process
» Duration in the order of decades
« With current technology
10-50% of the oil is recovered
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Smart well with inflow control valves

Shallow, deplated or
heavy-od reservees

Laminsted o
lsynced cotervois
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Main question to explore:

Can model-based control be of use in

to support the decision-making and operational
strategies of the operators / field-managers ?

this field,
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The Models

System involves the reservoir, wells and sometimes surface facilities

Disturbances
valve settings well 1

valve settings well 2

Input (u)

valve settings well N,,

System

(oil reservoir
& wells)

oiliwater flow rate
producer 1

bottom-hole
pressure producer 1

oil/water flow rate
producer N,

bottom-hole
pressure producer N,

« Inputs: control valve settings of the wells (injectors and producers)
» Smart wells: multiple (subsurface) valves

= Outputs: (fractional) flow rates and/or bottomhole pressures
» Smart wells: multiple (subsurface) measurement devices

Noise

Output (y)
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Governing differential equations
isothermal two-phase (oil-water) flow

Mass balance:

0
V(piu;) + E((ﬁpi‘s’i) =0 i={o,w}

Momentum (Darcy’s law):

k...
—k—"Vp;

i

U; =

Variables: Po, Pw, So, Sw

Saturations satisfy: So + Sw

1

{o,w}

Simplifying assumptions, a.0.: Po = pw

Relative permeability [-]
o

|
o
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Discretization in space and time

State space model:

V(z)zy = T(xg)ze + g1 xQ

yr = h(xt)
T _ T T T
Y - [pwell Qwell,o qwell,w]
ST — T ol
L - o Pwl

After discretization in space (and time):
g(mk+l,wk,uk,9) =0 dzm(m) ~ 104 — 106
yr = h(zy)

and @ typically the permeabilities in each grid block
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Properties of a Reservoir Model

* Coupled pde’s

e Large number of states: < Highly non-linear
* built up out of grid blocks « Mainly due to different fluid
= 102 — 10° states variables properties of oil & water

= Long simulation times « MIMO

* Up to several hours, even days « 10! — 102 injection & production wells




Model-based Life-Cycle Optimization

Net present value (NPV):

» Goal: optimize economic cost function related to oil recovery, as a
function of dynamic valve settings (injection and production wells)

N A [Fodok — Twu k — Tii )

J = o
k=1 (1+0b)~

Under constraints: c(xy,u) < 0

typically limits on water injection capacity, and max/min
pressures in injection/production wells
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Model-based Life-Cycle Optimization

Optimization problem:
N

max J(g) = max > Lz, qi)
k=1
such that: 9(Zp41,2k, k) =0, x0=z(0)
Amin < qk < gmazx
Qok + Qw,k = ik

Non-convex optimization, solved by gradient-based method:
Adjoint-variables calculation through backward integration of
the related (Hamiltonian based adjoint) equation.

(feasible for systems of this size)

1
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12-well example

< 3D reservoir

= 8 injection / 4 production wells
« Period of 10 years

* High-permeability channels

- 18.553 grid blocks

e Minimum rate of 0.1 stb/d

e Maximum rate of 400 stb/d

X (Gijs van Essen et al.,
« No discount factor CAA 2006)

e r,=20 $/sth, r,,= 3 $/stband r;= 1 $/stb
e Optimization of economic benefit

5 ——
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Closed-loop Reservoir Management

« Moving from (batch-wise) open-loop optimization to on-line
closed-loop control

« However we need a model as a basis for e.g. a
receding/shrinking horizon strategy

Obtaining a model

« First-principle models (geology) are very much uncertain

= Opportunities for identification are limited
(nonlinear behaviour dependent on front-location, single
batch process, experimental limitations)

e Option: estimate physical parameters (permeabilities) in
first principles model; starting with initial guess

g
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Closed-loop Reservoir Management

Moise  Disturbances

Noise
valve Actual
seltings Syst_em flow rates
(reservoir, wells —

Optimal input & facilities)
[ ] Measured
o input output
Optimization P
L Reservoir model <
Reservoir model = update
A Y
Optimal
Parameter estimate f ’paramelers

Model-based

State estimate observer <
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Closed-loop Reservoir Management
Receding/shrinking horizon control strategy:

» Use a state-estimator to reconstruct the current state

< Run the optimization algorithm to evaluate future scenario’s

< Implement the optimized valve settings until the next state
update

» This is actually a NMPC in a shrinking horizon
implementation

« However no trajectory following but trajectory finding, i.e.
real-time dynamic optimization (RTO)

‘ ™
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Closed-loop Reservoir Management

Several options for nonlinear state and parameter
estimation:

Available from oceanographic domain:
Ensemble Kalman filter (ENKF) (Evensen, 2006)

» Kalman type estimator, with analytical error propagation
replaced by Monte Carlo approach
(error cov. matrix determined by processing ensemble of
model realizations)

= Ability to handle model uncertainty (in some sense)

= In reservoir engineering used for estimation of states and
parameters (history matching)

i
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Ensemble Kalman Filter

= As prior information an ensemble of initial states {Zyx} is
generated from a given distribution

< By simulating every ensemble member, corresponding ensembles
{Zr41x} and {Ur+1)x} are generated, and stored as columns of
matrices X and ¥ respectively

* The measurement update of a EKF is applied to every element of
the ensemble, where the covariance matrices are replaced by
sampled estimates on the basis of XandV .

= The update becomes: #j41jx+1 = Z+ 1% + K1 [Ue4+1 — Te1 ),
where Kj41 is given by:

Kpy1 = xyT. [Y/Y/T + R]_l (BLUE)

= The result is a new ensemble {Zj 4141}

B
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Closed-loop simulation example

* Model with high-perm channels assumed
to be ‘reality’

= Permeabilities are unknown in
closed-loop control

= Period of 8 years

» Objective function: NPV

> r,=10 $/stb, r,,= 1 $/sth and
r;= 0 $/stb

» Annual discount factor: 15%

* Measurements
* Fractional flow rates (oil/water)
» Bottom-hole pressures

= Yearly updates of parameters and control strategy

Gijs van Essen, 2006
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Closed-loop simulation example g,

Initial ensemble
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Closed-loop simulation example ;ggl.

Ensemble updates at different times




Closed-loop simulation example

Results

= 3 study cases: reactive control, optimal open-loop control based
on perfect (‘reality’) model, optimal closed-loop control

1og

n
=
p
2 +8.3%
=
g
j +8.8%
o
A
antrol bused on perfect model
control based on extimeled midel
@ ! 2 ] 4 ] [ 7 &
time [years]
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Closed-loop reservoir management

Questions:
e Why are such poor models working so well?
e Does this mean that we don’t need geology?
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Reservoir dynamics live in low-order
space

e Observation and control in the wells
» Models will typically be poorly observable and/or poorly controllable
 Real (local) input-output dynamics is of limited order

e Parameter estimation:
* Physical parameters (permeabilities) determine predictive
quality but one parameter per grid block leads to excessive over-
parametrization (not to be validated)

5 B
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Parameter estimation and
identifiability

e Through one parameter per grid block: close connection between
states and parameters
* When estimating parameters (as states) in EnKF:

* Data not sufficiently informative to estimate all parameters
» Parameters are updated only in directions where data
contains information

Result and reliability is crucially dependent on initial state/model

‘ ™
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Model structure approximation

« How to reduce the model structure in terms of its parameter
space?
(different from “classical” model reduction, in which the
model dynamics of a single model is reduced)

« Objective: obtain a physical parametrization (model structure) in
which the parameters can be reliably estimated / validated from
data.
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Testing local identifiability in model estimation

« Consider quadratic identification criterion based on prediction
errors

V(8 = %E(G]TP; 15(9), @) =y—¥=y—h(f,u1;xp),

< Hessian given by

PYO) 0y (B7) g

8902 o6
- Local identifiability test in & = argmin V(@) : Hessian > 0

= With quadratic approximation of cost function around é:

Hessian given by 89T , 89T T
20 5 (W)

P
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Testing local identifiability in identification

» Rank test on Hessian through SVD

el -to w3 &][%]

o8 0 X,

 If 33 =0 then lack of local identifiability

= SVD can be used to reparameterize the model structure through
8 =U,p, dim{p) << dim ()

in order to achieve local identifiability in p

= Columns of T, are basis functions of the identifiable parameter
space

g
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Testing local identifiability in identification

Bgr:P;éka:[Ul U, ] %1 zu,][y%']

e What if 23 7 0 but contains (many) small singular values ?

No lack of identifiability, but possibly very poor variance properties

- Identifiability mostly considered in a yes/no setting: qualitative
rather than quantitative [Bellman and Astrom (1970), Grewal and Glover (1976)]

e Approach: quantitative analysis of appropriate parameter space,
maintaining physical parameter interpretation

g
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Approximating the identifiable parameter space

Pv(8)
002

A

Asymptotic variance analysis: cov() =J"' = (E [

with J = Fisher Information Matrix.

- Sample estimate of parameter variance, on the basis of V(8):

cou(é)={ [0y Ug][zgz E‘;n][g] for B2 > 0

oo f01'22=0

cov(U1 ) = U B, 20,7

cou(@) > cov(Upp) i Za>0

g
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Approximating the identifiable parameter
space

cov(@) > cov(Up) i 22>0

» Discarding singular values that are small, reduces the variance of
the resulting parameter estimate

 Particularly important in situations of (very) large numbers of
small s.v.’s

* Model structure approximation (local)

< Quantified notion of identifiability — related to parameter variance

(o)
[}

P =T
TUDelft Dest 35

elft Center for Systems and Control

gl

Approximating the identifiable parameter
space

* Interpretation:
Remove the parameter directions that are poorly identifiable
(have large variance)

e

y

 This is different from removing the (separate) parameters for which
the value 0 lies within the confidence bound [Hjalmarsson, 2005]

< —
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Simple reservoir example [Van Doren, 2010]

2D two-phase example
(top view)

Fermesniiyy [ Clogm3)

o 21x21 grid block permeabilities
" 5 wells; 3 permeability strokes
w1 injector (centre)

.. 4 producers (corners)

5 inputs: 1 injector flow-rate, and 4 bottom hole pressures
8 outputs: producer flow rates (water and oil)

]
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Simple reservoir example

log(a,)..... Iog{:rq} 1UII::Q|{:I1 b .,mlog{cw}
107

10° :
\ 10}

\ 10°F
10° \ 4
10

50 100 150 200 0 10 20 30

All singular values (left) and first 30 (right)
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Simple reservoir example

Using the reduced parameter space —iteratively- in estimation:

exact field initial estimate final estimate
(local point)

Observation:
Only grid block permeabilites around well are identifiable.

5 : ”
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Simple reservoir example

800 1000 150
s
800
600 |
100 il
: : g e |
]
z 400 = z E \
& & 2 400 & | 1
50 T
200 I
200 / )
\ o | -
\/ i
0 0 0 e
50 100 150 50 100 150 50 100 150 50 100 150

time time time time

Simulated production of estimated model (thin lines) of
water (blue) and oil (red) in the four producer wells

See also Vasco et al. (1997)

1
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Simple reservoir example

* Model estimation is done in an iterative way:
» Choosing a local identifiable parametrization
 Estimating the parameters
« Repeating the procedure until convergence of the cost function

= During the iterations, the quadratic cost function is reduced from
135 to 5.93.

= “Poor” model seems to be good enough for prediction of
production.

= No prior info on permeability structure has been used.

‘ B
TUDel ﬁ: Delft Center for Systems and Control 41

Contents

« Introduction — reservoir management

* Dynamic model and control objectives

* Optimal control example

* On-line estimation and control (closed-loop)
« Parameter estimation and identifiability

» Additional optimization opportunities
 Discussion

-

1

-

T U D e I ﬁ: elft Center for Systems and Control 42

o




Additional optimization opportunities

« Well location optimization
* Well design & trajectory optimization
e Robust Optimization
< Multi-objective/hierarchical optimization
(balancing long-term and short-term objectives/actions)

- pp——
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Optimizing well locations

For a given model, where to place the wells?

e Only preliminary results, using gradient-based optimization, of
economic cost function under production constraints
® N S
® S ®
® N S
@ pseudo well
@ main well
5 DCSC
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Model uncertainty / robust optimization

< Reservoir models / permeability structure are highly uncertain
e Option: multi-scenario / robust optimization

based on an ensemble of potential models
< Handled in industrial practice but not in a structered way

‘ B
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Robust optimization example

< 3D reservoir

= 8 injection / 4 production wells

 Period of 10 years

< High-permeability channels

e Minimum rate of 0.1 stb/d

e Maximum rate of 400 stb/d

< No discount factor

e r,= 20 $/stb, r,,= 3 $/stb and
ri=1%/stb

» Optimization expectation of objective
function

e 100 realizations for reservoir,
6 shown to the right

Gijs van Essen, 2006
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Robust optimization

First investigation into a robust optimization criterion over
M scenarios / models:

M
max J(q) = max (% rgl JT(Q))

Max-mean criterion
Simulation time is extended by factor M, but still feasible;
can be handled by same gradient/adjoint based approach

‘ —_ T
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Robust optimization results

3 control strategies applied to set of 100 realizations:
 reactive control, nominal optimization (single model),
robust optimization, verification

= Reactive Control
Nenninal Optimization
L | = Kodust Optimization
latien Set

(Van Essen et al,
CCA, 2006)

Probability Density Function

L
44 M5 46 M3
Net Present Value [M3]

40 M$
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Balancing long-term/short term

Reasoning

» Optimization on the basis of nonlinear reservoir models
suffers from model uncertanties

e Optimization on the basis of estimated models suffers from
a lack of predictive capabilities beyond the —local-
measurement interval

s Combine the two

3 Rg——
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Extension: a two stage approach
[Van Essen, 2010]

< Combine data-driven estimation of local (linear) models with
tracking of long-term production targets

< Use nonlinear reservoir model (with estimated/prior chosen)
grid block parameters for an (slow) "outer loop” optimization
target strategy

= Base short term operational decisions to follow the target
strategy on a locally identified linear model, using

simple black box estimation techniques,

on the basis of deliberately perturbed input settings

1
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Example: 3D reservoir

< 8 injection / 4 production wells
< High permeability channels

e Life-cycle approx. 11.5 year

» Goal: maximize NPV

= Inputs

< Water injection rates

< Bottom-hole pressures producers

e Outputs

« Liquid rates producers

I production well

I infection well

2
TUDelft
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local grid
refinement

‘truth” model

time step size: 0.25 days

8 injection wells, 4 production wells

Example: 3D reservoir

modeling error
in main flow
direction

reservoir model

time step size: 30 days

Modeling error due to geological uncertainty
& undermodeling of fast, local dynamics

i3
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Example: 3D reservoir

3 production strategies

1. Reactive control
* Maximal injection rates/minimal bottom-hole pressures
e Shut-in wells when watercut >0.90

2. Open-loop life-cycle optimization
* Optimize inputs based on reservoir model
*  Apply to ‘truth’ model

3. Combined dynamic optimization & MPC control
« Life-cycle optimization on reservoir model to obtain references
e Excitation on ‘truth’ model to identify low-order model
* MPC on ‘truth’ model to track references

3 DCSC
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Example: Identification Experiment

e MIMO
« 12 inputs: 8 injection rates & 4 producer BHP’s
« 4 outputs: 4 producer liquid rates

e First 75 days of production
« First 25 days omitted: initial reservoir conditions
< Approximately 5x largest time constant

* RBS signals
« Clock period: 3x sample time (0.25 day)
* U* as mean, unless limited constraints
* Maintain good (economic) performance during experiment
* Amplitude determined using reservoir model
« relative contribution of injection rates and BHP’s on outputs equal

o
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Example: Identification Experiment

Input excitation for
identification

Prodaction Well 2

. sub-space i A
g dentification £ e o e e

prosdutions rate (m” day |

Simulation fit of 8th
order identified model

P DCS
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Example: Results

production well 1

L

Z 'é soia | ?
E & oo | . g
- I St 5 N s —_ T
AR T i i, NS |
o 0[O0 Q500 J000 2300 G000 3500 J000 [ O 000 (50 Jo00 ;ﬁ’w Fo00 3500 J0m)
time (daysh tine (daysh
NPV %
Case 1: Reactive Control 550 M$ -
Case 2: Open-loop Optimization 558 M$ +1.5%
Case 3: Two-level Control 594 M$ +8.0%

Maximum based on reservoir mode/ 596 M$ +8.4%

7 —
FUDelft DCSC 56

Delft Center for Systems and Control




Summary

< Challenging problems in model-based operation on the basis of
highly uncertain information

* Key elements:
* Model-based optimization under physical constraints and
geological uncertainties

 Appropriate merging of physical and measured data in low-
order reliable and goal-oriented models

 Challenging parametrization issues, in relation to
control-relevance and identifiability

¢ Learning the optimal strategy in one shot (batch)

J.D. Jansen, O.H. Bosgra and P.M.J. Van den Hof, Model-based control of multiphase flow in
subsurface oil reservoirs, Journal of Process Control, 18, 846-855, 2008.

and several papers and thesises at www.dcsc.tudelft.nl/~pvandenhof/publications.htm
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