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Abstract 
Some authors have proposed decomposing real-time 
optimization of offshore oil and gas production into 
production optimization, maximization of value from the daily 
production of reservoir fluids, and reservoir management, 
optimization of injection and reservoir drainage on the time 
scales of months and years. Each subproblem may consider 
different models which are less complex than an all-purpose 
model.  

Any model used in either reservoir management or 
production optimization must be fitted to production data, a set 
of historical measurements, consisting of test separator 
measurements and possibly others such as measured total 
rates. If the information content in this set of production data 
is low, it may cause uncertainty. In recent years, explicit 
treatment of uncertainty in reservoir models has received 
much attention, but little attention has been paid to uncertainty 
in models for production optimization.  

In this paper we make model-independent assertions about 
uncertainty in production optimization through a case study of 
actual production data from a North Sea oil and gas field. As 
the information content in production data describing normal 
day-to-day operations was observed to be low, we propose 
that an explicit treatment of uncertainty may be as relevant for 
production optimization as it is for reservoir management.  

We highlight three challenges for further research based on 
our observations that have received little attention in the 
literature until now. Firstly, the expected losses incurred due 
to uncertainty should be quantified to assess their significance. 
Secondly, costs and values of uncertainty mitigation should be 
estimated to allow proposed actions to be evaluated through 
structured business cases. Thirdly, strategies for making 
decisions in day-to-day operations under uncertainty should be 
investigated.  

 
Introduction  
Production in the context of offshore oil and gas fields can be 
considered the total output of wells, a mass flow with 
components including hydrocarbons, for simplicity often 
lumped into oil and gas, often in addition to water, CO2, H2S, 
sand and possibly other components. Production travels from 
wells through flow lines to a processing facility for separation, 
as illustrated in Figure 1.  
 

 
Fig 1- A schematic model of offshore oil and gas production 
 

Production is constrained by several factors. On the field 
level, the capacity of the facilities to separate components of 
production and the amount of available lift gas is limited by 
the amount of produced gas and by compressor capacity. The 
production of groups of wells may travel through shared flow 
lines or inlet separators which have a limited capacity. The 
production of individual wells may be constrained due to 
slugging, other flow assurance issues or due to reservoir 
production constraints.  

The production of a well is manipulated by changing the 
settings of production equipment. Decision variables are a 
subset of all possible settings through which production is 
influenced. Different decision variables may manipulate the 
same equipment. We may for instance choose to influence the 
settings of a gas lift choke by deciding a target lift gas rate, a 
target annulus pressure or a target gas lift choke opening. On 
short timescales individual wells can be influenced by 
production choke settings, by gas lift choke settings and 
possibly routing settings.  

In the context of hydrocarbon processing, real-time 
optimization (RTO) has been defined in [1] as a process of 
measure-calculate-control cycle at a frequency, which 
maintains the system’s optimal operating conditions within the 
time-constant constraints of the system. Some authors have 
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suggested dividing real-time optimization into subproblems on 
different time scales to limit complexity, and to consider 
separately reservoir management, optimization of injection 
and reservoir drainage on the time scales of months and years, 
and production optimization, maximization of value from the 
daily production of reservoir fluids [1]. Reservoir management 
can specify constraints on production optimization to link 
these problems. We will refer to models for production 
optimization as production models and models for reservoir 
management as reservoir models.  

Parameters of production models must be fitted to 
production data through parameter estimation to compensate 
for un-modelled disturbances and to set reasonable values for 
physical parameters which cannot be measured directly or 
determined in the laboratory. Erosion of production chokes is 
an example an umodeled disturbance. 

Planned excitation is some planned variation in one ore 
more decision variables designed to reveal information on 
production through measurements, for instance a multi-rate 
well test. The information flow in production optimization is 
illustrated in Figure 2.  

 

 
Fig 2- A model of the information flow between subproblems in 
production optimization. 
 
Prior work  

Quantifying uncertainty in reservoir models has attracted 
much interest in recent years. Authors have described fitting 
multiple models to data [3], describing measurement 
uncertainties [4] and sensitivity analysis using prior 
knowledge of parameter uncertainty [5]. Very few references 
have been found which attempt to quantify uncertainty in 
production models. An estimate of uncertainty derived from 
well tests for wells with rate-independent gas-oil ratio and 
water-oil ratios is derived in [6], and a strategy for production 
optimization of such wells that treats uncertainty explicitly is 
suggested in [7]. The lack of attention to the subject of 
uncertainty in production optimization seems paradoxical as 
production models are fitted to the same production data as 
reservoir models. As quantified uncertainty depends on the 
model used, it is hard to discern from studies of uncertainty in 
reservoir models whether observed uncertainties are a result of 
the low information content in production data or of the 
models. No references have been found which address the 
characteristics of typical production data itself and what 
implications these characteristics will have in terms of 
modeling.  

The concept of estimating the value of information in 
uncertain systems has roots in stochastic programming, which 
uses the concept of value of perfect information, and the idea 
of assigning a value on information have found applications in 

reservoir modeling [8]. No references have been found which 
address the value of information in the context of production 
optimization.  

 
Problem formulation  

This paper rests on the assumption that any production 
model will require fitting to production data, and therefore the 
characteristics of production data will have implications for 
production optimization. We will seek to make model-
independent assertions on the significance of uncertainty in 
production optimization through a case study of production 
data.  

We first describe some preliminary considerations on the 
relationship between production data and production 
optimization A case study of a North Sea oil and gas field is 
used to illustrate the typical state of real-life production data. 
Finally key challenges motivated by the observations made are 
outlined.  
 
The relationship between production optimization, 
models and data  

As the number of logged measurements from oil and gas 
production on one field may run into the thousands, we must 
focus on selected measurements in our case study. In this 
section we will describe the requirements for production data 
in the context of production optimization, which will motivate 
the focus of the case-study in the following section.  

 
Production optimization  

One possible formulation of the production optimization 
problem is  

* ^
arg max ( , , )

u
u M x u d
∧
=    (1) 

0 ( , , , , )f x x u d θ
∧ ∧

=
i

    (2) 

^
0 ( , , )c x u d≤ ,    (3) 
where u is a vector of decision variables to be determined, 

d is a vector of measured disturbances which are independent 
of u. x is a vector of rates of each modeled component 
produces for each well considered. M is an economic 
objective function, (2) is a production model and (3) are 
production constraints. Throughout this paper variables with a 
hat (ˆ) will denote estimates and variables with a bar (¯) will 
denote measurements. 
Normally x is not measured. Instead, the total rates of oil is 
measured with a fiscal measurement, while total rates of gas 
and water can often be determined by a mass balance of 
several topside rate measurements. In addition, wells are 
periodically routed to a test separator and rates measured. On 
some fields, multiphase rate measurements at each well may 
be available. Let y be a vector of measured variables, which 
may include separator rate measurements, fiscal or other total 
rate measurements or multiphase rate measurements where 
available. To describe the relationship between rates x and 
measurements y, and to capture the typically time-varying 
nature of routing, we define a routing matrix R of ones and 
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zeros such that when measurement uncertainties can be 
neglected, 

[ ] [ ] [ ]y t R t x t
− −

    (4) 

Production optimization employs a production model (2), 
which may be implicit or explicit and which includes a vector 

of fitted parameters
^
θ . This paper is a study of production 

data and what implications the state of production data will 
have for the design of the model. We have purposely 
attempted to keep the discussion as independent of the choice 
of production model as possible. In practice, production 
models are either commercial simulators of well and pipeline, 
or a lookup-table or other proxy-model derived from such 
simulators [9]. Which components to model is a design 
question, which depends on the choice of c(x, u, d) and M(x, 
u, d), and typically at least oil, gas and water production is 
modeled. 

The parameter estimation problem is to determine 
^
θ from 

a set of historical production data  
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Let the residuals of ZN for a given model structure and 

estimate
^
θ be given by  
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Fitted parameters can be found by minimizing the sum of 
squared residuals 

^
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where w[t] is a user-specified weighting.  
In general the time interval spanned by the tuning set ZN is 

limited by un-modelled disturbances, as it is assumed that all 
variations observed in ZN can be described by the chosen 
model structure. To update the model as changing states or 
disturbances cause production to change, the window spanned 
by ZN can be moved as new data becomes available, a 
moving-horizon approach [10].  
 
Production models, information and excitation  

In this paper we aim to reach conclusions about the 
implications production data have on production modeling 
which are as independent of the choice of model structure as 
possible. Selection of variables, both of measured variables y 
and decision variables u, is a design choice [11]. The emphasis 
of this paper is not to discuss the selection of variables, but for 
our discussion we will still have to choose what variables to 
consider y and u.  

As our emphasis is on the optimization of wells and flow 
lines, rather than the reservoir or topside facilities, the main 
settings through which we can influence production are related 
to routing, gas lift and production chokes. Routing is 
accounted for through the matrix R in (4). For simplicity we  

consider one decision variable for gas lift and production 
choke settings of each well and choose relative production 
valve opening z and gas lift rates qgl as our decision variable u 
= [z qgl]. The only modeled disturbance we will consider is 
routing d = R.  
In this paper when discussing information content in 
production data ZN, we will be referring to the information in 
production data on sensitivities   

dy dxR
du du

= .     (8) 

This idea is illustrated in Example 1.   
 
Example 1 (Sensitivities) Consider that the objective of 
production optimization (1) – (3) is to find the gas lift rate u = 
qgl

1 of a single gas-lifted well which maximizes oil production, 
M(x, u, d)= qo

1 , and assume that the rate of produced oil is 
measured y = qo

1. Assume that the relationship between gas 
lift rate and produced oil is as shown in Figure 3, and that 
production is currently at (qgl

l,qo
l). To solve the production 

optimization problem, the production model should express 
how changing gas lift rates will influence change in produced 
oil. Tthe model may be found through physical modeling, 
through expiermentation or a combination thereof. Ideally the 
production model should predict the response in oil 
production Δqo

1 to all conceivable changes Δqql
1 in gas lift 

correctly, but as a minimum, ZN should allow at least, a form 
of (8), to be determined▪ 

 
Fig 3 - Example 1:  An illustration of the hypothetical true 
performance curve (solid), along with the sensitivity 1

1
o

gl

dq
dq

  

illustrated by the dotted line.  
 

Information content in production data is related to 
changes in u, which we will refer to as excitation. If one or 
more elements in u do not change or change only very little in 
ZN , then the data set is “weak” in some way, sensitivities 
cannot be determined from production data, (7) will be ill-
conditioned and determining certain elements of  uniquely 
may become diffcult.  

It is possible in principle to introduce planned excitation to 
increase the information content in ZN, for instance by 
performing multi-rate well tests at intervals for all wells. As 
planned excitation may have both a cost and a risk, it would be 
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preferable to fit production models to production data 
stemming from normal day-to-day operations if possible.  

The objective of decomposing production optimization 
into reservoir management and production optimization is that 
each subproblem may consider simpler models considering 
different time scales [1]. Reservoir management may consider 
a coarse production model and a detailed reservoir model, 
while production optimization may consider a coarse reservoir 
model and a detailed production model.  

The length of the tuning set ZN is limited by the interval 
for which the chosen model can describe observed variations 
in ZN, and for production models with a coarse description of 
reservoir dynamics this may mean that ZN must span a 
relatively short time interval. The information content in ZN 
will decrease with decreasing length in practice, which 
introduces the possibility  that (7) may be subject to 
significant uncertainties.  
 
On auxiliary measurements 

In this paper we will use the term auxiliary measurement 
to refer to measured variables which may vary with production 
but which are dependent on u. Measurements which are 
dependent on the choice of u may for instance be the measured 
pressure or temperature upstream of a production choke when 
production choke opening is an element in u. It is conceivable 
that the ability of the model to describe the data set (5) can be 
improved by exploiting such auxiliary measurements.  

The disadvantage of including axuilliary measurements ya 
in the production model is that a second model  

( , , , )a ay g x x u d
∧ ∧

=
i

    (9)  

is needed to close the production model when being applied 
for in production optimization (1)-(3).  

A key difference between models for production 
monitoring and models for production optimization, is that 
models for production monitoring do not need to close (9). 
The disadvantage of introducing a second model (9) for 
closure is that it increases the chance of introducing structural 
model errors, and measured pressures and temperatures may 
themselves be subject to significant measurement 
uncertainties. For these reasons, we will not consider 
measured pressures or temperatures in our case study, 
although we cannot rule out that model performance could 
improve by including such measurements. 
 
Production data: A case-study  

In this section contains a study of a set of real-world 
production data. The emphasis of the study is to highlight 
characteristics of production data that may have implications 
for production optimization.   

 
Field description 
We will consider one field in this case study:  

Field A: A mature North Sea field in decline with 20 
platform production wells producing oil, gas and 
water, all with the aid of gas-lift. A data set spanning 
240 days is considered.  

We have also studied production data from another field, but 
as we made similar observations for it, we will  omit a detailed 
description here for brevity. No multiphase flow meters are 
available while one test separator with rate measurements of 
oil, water and gas are available. The total rate of produced oil 
is measured by fiscal measurements, while total rates of gas 
and water can be estimated by aggregating several measured 
rates in the processing facilities. No allocated rates are used in 
this paper; we attempt to draw conclusions based entirely on 
measurements. The owner of the production data requested it 
be kept anonymous; therefore all figures display normalized 
variables.  
 
Field factor  

Total production is measured continuously by rate 
measurements in the processing facilities for the field 
considered. In addition, an estimate of total production can be 
found by summing the rates of each measured component at 
the most recent well test for each well. When the field is 
produced close to the settings of the most recent well tests and 
disturbances since the last well tests are small, these two sets 
of rates should have comparable values. We define the ratio 
between these two sets of rates as field factors ( Fo[t], Fg[t], 
Fw[t])  
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where a feld factor equal to one means that measurements of 
total production match the sum of the last well tests perfectly.  
qo

test,i[t], qg
test,i[t] and qw

test,i[t] are the rates of oil, gas and 
water, respectively, that have been measured for well i at the 
most recent well test at time t. zi is the relative production 
choke opening for well i, and nw is the number of wells. A 
field factor different from 1 may be an indication of the 
presence of measurement uncertainties. 

 
Data  

The average number of single-rate and multi-rate well test 
per year was 4.87 and 0.29 respectively.  

Figure 4 shows how produced rates of oil and liquid vary 
with changing gas lift rates measured during single-rate well 
tests for one chosen well. Figure 5 shows gas-oil ratios and 
water cut measured at the test separator as a function of time. 
Figure 6 shows an example of an observed response in 
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measured total rates as the gas lift rate of a well is changed. 
Figure 7 illustrate the information content of gas lift rates for a 
time interval, compared with the number of well tests in the 
same interval. Figure 8 shows a comparison of summed test 
separator rates and measured total rates and the estimates of 
the field factors.  
 

 
Fig 4- Case study (Field A): well tests for a representative well. 
Top graph: normalized measured oil rate qo against normalized 
measured sum of oil oil and gas rate qo+qw. 

 
Fig 5 - Case study (Field A): change in gas-oil ratios (diamond) 
and watercut (square) relative to the average as measured at the 
test separator. 

 
Fig 6- Case study (Field A): the observed response in total oil 
(solid), total gas (dashed) and total water rates (dashdot) to 
changes in gas lift rates qgl, while all production valve openings z 
are kept constant. 

 
Fig 7 - Case study (Field A): top graph: measured total oil 
production qo

tot(solid), measured total water production qw
tot 

(dashdot) and measured total gas production qg
tot (dashed). 

Bottom graph: gas lift rates (dashed) qgl, relative choke opening z, 
and well tests (circles) for all wells plotted in ascending order 
according to well index (well index along y-axis). 
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Fig 8 - Case study (Field A): top three graphs: a comparison of 
summed rates measured at the test separator (dashed) to 
measured total rates of oil, gas and water (solid). Bottom graph: 
field factors of oil, gas and water. 
 
 
Observations  

Oftentimes, only single-rate well tests are performed: 
Single-rate well tests do not directly yield information on 
sensitivities, yet such test far outnumber multi-rate well tests. 
This observation can be attributed to the cost of performing a 
multi-rate well test. The low frequency of multi-rate well tests 
will make it difficult to verify sensitivities in production 
models and that parameters may be uncertain.  

It may be diffcult to determine sensitivities by aggregating 
single-rate well tests: In principle it is feasible to combine 
pairs of single-rate well tests to determine sensitivities. Figure 
4 illustrates that single-rate well tests are often performed over 
a narrow interval of decision variable values. When 
determining sensitivities by aggregating single-rate well tests 
performed in this manner, estimates may become very 
sensitive to disturbances that occurred in the time interval 
between those well-tests.  

Some well characteristics remain similar for days, weeks 
and even months , while other characteristics vary in ways 
that may be difficult to model and may require limiting the 
length of the tuning set: Figure 5 illustrates variations in gas-
oil ratios and watercuts, as measured by well tests for each 
invidivual well.  

The absence of variation in ratios may aid production 
modeling. For the field in question it may be reasonable to 
make the simplifying assumption that watercut is time-
invaraint for the timescales considered.   

When variation in ratios are observed, this may be 
attributable to time-varying well characteristics, measurement 
uncertainty or a combination of the two. For the field in 
question and on the timescales considered, variations of gas-
oil ratios on the order of ±20% relative to the average are 
observed. If we attribute this variation to well dynamics, we 
must either include a model of these dynamics in the 
production model or treat these dynamics as an un-modeled 
disturbance and limit the permissible length of the tuning set 
to intervals short enough for this disturbance to be negligable. 
In general, the shorter the time interval spanned by the tuning 
set, the lower the information content and the more significant 
uncertainty will be in (7).  

As the operator reports that there is no free gas on this 
field, and as the gas-oil ratio depend on gas rate measurements 
that may be prone to a higher measurement uncertainty than 
liquid rate measurements, we may speculate that observed 
variation in gas-oil ratios is a result of measurement 
uncertainty. If this is the case, we may be unable to uniquely 
determine the gas-oil ratio from historical well tests, resulting 
in uncertainty in the production model.  

Measurements of total rates contain information on 
production of individual wells: Figure 6 illustrates the 
observed response in measured total rates to a change in the 
gas lift rate of a single well. This response reveals information 
on sensitivities which may be exploited in production 
modeling. The response considered is large and isolated and 
could easily be determined through manual inspection, but 
oftentimes several wells are excited simultaneously or 
responses are far less obvious, and in such instances it may be 
advantageous to extract information using a parameter 
estimation procedure on the form (7).  

The information content of total production rate 
measurements is a significant addition to the information in 
well test measurements: Figure 7 allows the frequency at 
which decision variables are changed to be compared with the 
wellt test frequency. In principle each variation in z or qgl 
produces a response in measured total rates, although not all 
such responses may be discernible. Figure 7 illustrates that the 
frequency at which z or qgl are changed during normal 
operations is high comparable to the frequency at which well 
tests are performed. Furthermore, most well tests are single-
rate, giving no direct information on sensitivities, but changes 
z or qgl do yield information on sensitivities.  

The overall information content of data, both of total rates 
and of test separator measurements, is still quite low: We can 
see from Figure 7 that gas lift rates qgl and production choke 
openings z on some wells remain constant for months. When 
considering tuning sets spanning short time intervals, this may 
mean that some uncertainty should still be expected in (7) 
even if both total rate measurements and test separator 
measurements are included in y. 

Production varies within a narrow band around what is 
believed to be optimum production: Figure 7 illustrates that, if 
shutdowns are excluded, gas lift rates vary within a relatively 
small range. This may mean that we are only able to verify a 
production model for a narrow range of decision variable 
values.  Unceratinty in a fitted model should be expected to be 
larger outside the range of decision variable values observed 
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in ZN, and production optimization may need to take this into 
account when suggesting changes in decision variables.  

Significant field-factors indicate the presence of 
measurement uncertainties: Figure 8 illustrate that the field 
factors of oil and water are in the region of 1.3 and in the 
region of 1.1 for gas on average. Field factors can be seen as 
an indication of measurement uncertainty, but will also be 
affected by decline, well dynamics and change in decision 
variables since the time of the last well test. As single-rate 
well tests are performed relatively frequently, and relatively 
few changes are made in decision variables on this field, as 
illustrated by Figure 7, the observed field factors can be 
interpreted as indication of the presence of measurement 
uncertainty on the field considered.  

Seemingly predictable reservoir dynamics on short  
timescales: The measured total oil rate illustrated in Figure 7 
show a slow and steady decline in total oil rates. For the field 
considered, this may indicate that a relatively simple 
description of depletion may be required in a production 
model valid for short time intervals.  
 
Discussion  

Our intent in writing this paper has been to document our 
experiences in assessing production data with regards to 
modeling for production optimization, and to illustrate these 
using data for a particular field. We do not expect all 
observations made in this paper to be field-independent, but in 
our experience the difficulties posed by the state of production 
data with regards to information content and measurement 
uncertainty are not unique to this field.  

A measurement uncertainty which we have not considered 
in this paper, but which may be significant is uncertainty in 
measurement of settings z and qgl. The sensitivities of relative 
choke openings on production may vary with time as a 
production chokes are eroded. In this paper we have 
considered measured gas lift rates qgl, but these rates may be 
improved through model-based reconciliation with auxiliary 
measurements, which we have not considered.  

A visible seemingly random or “noisy” component is 
visible in measurements y. This component may be due to 
measurement uncertainties or un-modelled disturbances in the 
topside facilities. The signal-to-noise ratio may become low as 
the number of wells increase, as the relative change in total 
measured rates caused by altering production of an individual 
well will diminish, while disturbances stemming from 
processing facilities and flow dynamics will not diminish with 
increasing number of wells. 
 
Challenges in production optimization  
Based on the observations made in the previous section, it 
seems reasonable to assume that production models will be 
subject to a degree of uncertainty, due both to measurement 
uncertainties and the low information content in production 
data. What challenges do these observations raise in the 
context of production optimization, and what requirements do 
they pose for new production optimization technology?  

 
Determine the significance of uncertainty  

The significance of production model uncertainty depends 
on how model uncertainty influences the optimal decision 

variable value determined by production optimization. If 
model uncertainty causes production optimization to suggest 
settings which are suboptimal, a loss in production profit will 
result. The significance of model uncertainty should be 
expressed in terms of this loss. An explicit treatment of model 
uncertainty will only be warranted on fields where this loss is 
estimated to be significant. Further research could focus on 
devising methods to assess the significance of uncertainty on a 
case-by-case basis.  

 
Business cases for uncertainty mitigation  

Mitigating uncertainty can take on many forms, but will 
usually incur a cost. A truly structured approach to uncertainty 
mitigation would be to formulate a business case, a structured 
proposal for business change that is justified in terms of costs 
and benefits, for each candidate action. As it may not be cost-
efficent to completey eliminate uncertainty, the costs and 
value of a proposed action should be weighed. 

Uncertainty due to low information content in production 
data can be mitigated through systematic excitation planning. 
The cost of excitation is linked to the possible temporary 
reduction in production profit that may result from exciting 
production, the risks of triggering a shutdown and possibly 
costs associated with using the test separator. The value of 
excitation is the increase in production profits that results from 
re-optimizing production with a production model that has 
been updated with information gained from a particular 
excitation.  

Measurement uncertainty can be mitigated through the 
careful calibration of measurements. by installing improved 
measurement equipment or by installing redundant 
measurement equipment to allow data reconciliation [13], and 
each actions will also have costs and values which should be 
weighed. 

Estimating costs and values of uncertainty mitigation to 
allow proposed actions to be evaluated through structured 
business cases is a topic for further research.  
 
Decision making under uncertainty  

Through analysis of structured business cases for 
uncertainty mitigation, it is expected that it will not be cost-
efficient to mitigate all uncertainty. In that case day-to-day 
operational decisions will have to be made under uncertainty.  

If a framework which describes uncertainty in production 
models has been developed and uncertainties are quantified, 
this framework may be exploited to reduce the consequences 
of uncertainty in day-to-day decision making. One example of 
explicit uncertainty handling is [7], which deals with 
prioritizing wells under uncertainty. Decision making under 
uncertainty should be a topic of further research.  
 
Conclusion  
In the case study we observed that production data may have a 
low information content and be subject to significant 
measurement uncertainties. Based on these observations, it 
seems reasonable to assume that production optimization may 
be subject to significant uncertainty.  

We highlighted three challenges for further research, 
which until now have all received little attention in the 
literature. Firstly, the expected losses incurred due to 
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uncertainty should be quantified to asses their signifcance. 
Secondly, costs and values of uncertainty mitigation should be 
estimated to allow proposed actions to be evaluated through 
structured business cases. Thirdly, strategies for making 
decisions in day-to-day operations under uncertainty should be 
investigated. 
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Nomenclature 
 

ε residual, the difference between modeled and 
measured y 

θ vector of parameters to be fitted to ZN 
d modeld disturbance vector, independent of u 
du vector of disturbances dependent of u 
Fo field factor oil 
Fg field factor gas 
Fw field factor water 
i index of well 
nw number of wells 
qo

tot total produced rate of oil 
qg

tot total produced rate of gas 
qw

tot total produced rate of water 
qo

test,i most recent test separator measurement of 
produced oil rate of well i 

qg
test,i most recent test separator measurement of 

produced gas rate of well i 
qw

test,i most recent test separator measurement of 
produced waterl rate of well i 

R matrix of ones and zeros which define routing 
between y and x 

t index of sample 
u decision variable vector 
y vector of measured rates  
x vector of all modeled production rates  
ZN set of production data used for fitting θ 
zi production choke valve opening for well i 
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