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Abstract  

The decision-making in field development must be well informed and robust. This process is influenced 

by the quality of the reservoir representation obtained by history matching the observed production data 

of the field. From history matching, many models’ realisations are generated with different values of 

misfit and, consequently, different reservoir properties), indicating the vast uncertainty associated with 

the reservoir geology. This thesis proposes an approach to evaluate the value of history matching quality 

and realism in finding optimal reservoir development decisions by optimising a new well location in two 

industry benchmark cases. The optimisation phase is done, in poorly- and well-matched models, with a 

multi-objective optimisation approach with adaptive stochastic sampling, the Multi-Objective Particle 

Swarm Optimisation. In the first case study, a vertical well is implemented, and its location is optimised. 

In the second case study, the new well is horizontal, and its direction is optimised. The uncertainty 

estimation of optimal solutions is quantified using a combination of neighbourhood algorithm with 

Bayesian inference, i.e. neighbourhood algorithm Bayes (NAB). The first case study showed that despite 

the poorly-matched models obtained optimal solutions (well locations) similar to the ones found by the 

Truth Case optimisation, in terms of FOPT and FWPR these models present low production values. The 

second case study showed that there is more uncertainty in the recovery factor for the poorly-matched 

models. 
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Resumo  

O processo de decisão no desenvolvimento de campo tem que ser robusto e bem-informado. Este 

processo é influenciado pela qualidade da representação do reservatório que é obtido fazendo o ajuste 

dos dados observados do campo. Muitas realizações do reservatório são geradas com diferentes 

valores de desajuste, e, consequentemente, diferentes propriedades de reservatório), indicando a vasta 

incerteza associada com a geologia do reservatório. Esta tese propõe uma abordagem para avaliar o 

valor da qualidade e no realismo do ajuste de histórico na procura de decisões ótimas de 

desenvolvimento do reservatório através da otimização da localização de um novo poço em dois casos 

de estudo padrão de referência na indústria. A fase da otimização é feita em modelos bem e menos-

bem ajustados através de uma abordagem de otimização multi-objectivo com amostragem estocástica 

adaptativa, Multi-Objective Particle Swarm Optimisation. No primeiro caso de estudo, o poço 

implementado é vertical e a sua localização é otimizada. No segundo caso de estudo o novo poço é 

horizontal e a sua direção é otimizadas. A estimação da incerteza das soluções ótimas é quantificada 

usando uma combinação do Neighbourhood Algorithm com a inferência Bayesiana, Neighbourhood 

Algorithm Bayes (NAB). Com o primeiro caso de estudo, concluiu-se que embora os modelos menos-

bem ajustados tenham obtido soluções ótimas (localização do poço) semelhantes às encontradas pela 

otimização do Truth Case, em termos de FOPT e FWPR estes modelos apresentam baixos valores de 

produção. Com segundo caso de estudo concluiu-se que há maior incerteza no fator de recuperação 

nos modelos menos-bem ajustados.  

 

 

 

 

 

 

 

Palavras-Chave: Ajuste de Histórico, Multi-objective Optimisation, Particle Swarm Optimisation, 

Inferência Bayesiana, Otimização de poços 

  



v 

This page intentionally left in blank   



vi 

 

Table of Contents 

Acknowledgments .....................................................................................................................................i 

Abstract.................................................................................................................................................... iii 

Resumo ................................................................................................................................................... iv 

List of Figures ........................................................................................................................................ viii 

List of Tables .......................................................................................................................................... xii 

Acronyms ............................................................................................................................................... xiv 

1. Introduction ..................................................................................................................................... 1 

1.1 Motivation ................................................................................................................................ 1 

1.2 Objectives ...................................................................................................................................... 1 

1.3 Thesis outline ................................................................................................................................ 2 

2. Theoretical background .................................................................................................................. 3 

2.1   Field Development ....................................................................................................................... 3 

2.2   History matching .......................................................................................................................... 4 

2.2.1   Overfitting............................................................................................................................. 6 

2.3   Uncertainty assessment .............................................................................................................. 7 

2.3.1   Bayesian framework ............................................................................................................ 8 

2.4   Optimisation algorithms ............................................................................................................. 11 

2.4.1.   Particle Swarm Optimisation ............................................................................................. 11 

2.5   Multi-Objective Optimisation ...................................................................................................... 14 

3.   Methodology .................................................................................................................................... 16 

4.   Case study 1 .................................................................................................................................... 20 

4.1 PUNQ-S3 model description ....................................................................................................... 20 



vii 

4.2 History Matching .......................................................................................................................... 22 

4.3 Bayesian Analysis ....................................................................................................................... 24 

4.4 Production and Optimisation of a new well ................................................................................. 28 

5. Case study 2 ...................................................................................................................................... 39 

5.1 The Watt Field model description ................................................................................................ 39 

5.2 History Matching .......................................................................................................................... 46 

5.3 Production and Optimisation of a new well ................................................................................. 49 

6. Conclusions and Future Work ........................................................................................................... 59 

References ............................................................................................................................................ 62 

Appendix A- Uncertainty Quantification Parameters ............................................................................... 1 

Appendix B- Distribution of optimal solutions in a grid ............................................................................ 1 

 

 

 

 

 

  



viii 

 

List of Figures 

Figure 1-Main steps in an oil and gas field. ............................................................................................. 3 

Figure 2 - Generalised workflow for history matching. ............................................................................ 4 

Figure 3 - Generalised workflow for history matching, forecasting and decision-making (adapted from 

Coats Engineering 2018). ........................................................................................................................ 6 

Figure 4-Uncertainty in forecasting the reservoir behaviour using a single history matched model 

(adapted from Streamsim). ...................................................................................................................... 8 

Figure 5-Framework for generating multiple history-matched models with Bayesian approach (Christie 

et al.2006). ............................................................................................................................................... 8 

Figure 6-Bayesian credible intervals in a cumulative probability vs FOPT graph. ................................ 10 

Figure 7- NAB workflow in uncertainty quantification of reservoir forecasting (after Sambridge 1999).11 

Figure 8-Schematic representation of PSO velocity and particle position update for particle xi in a two-

dimensional search space. .................................................................................................................... 13 

Figure 9-Example of Dominance and Pareto Optimality concepts........................................................ 15 

Figure 10-Generalised methodology used in this thesis. ...................................................................... 16 

Figure 11- Workflow diagram of the optimisation phase. ...................................................................... 18 

Figure 12- (a) Porosity, (b) Permeability and (c) Current oil-saturation maps for PUNQ-S3 reservoir 

based on the truth case. ........................................................................................................................ 22 

Figure 13- Evolution of the misfit for (a) objective 1, (b) objective 2 and (c) the sum of misfits. ........... 24 

Figure 14-(a) All the generated history-matched models and the NAB resampled models in the objective 

space. (b) Zoom-in of the green area. ................................................................................................... 24 

Figure 15-(a) Number of models in each cluster and (b) the recalculated posterior probability for each 

of PM. .................................................................................................................................................... 26 

Figure 16-Parameter values versus misfit with the resampled models highlighted. ............................. 27 

Figure 17- Nine models from the multi-objective history matching Pareto Front selected for optimisation.

 ............................................................................................................................................................... 28 

Figure 18- Porosity distribution for the 18 chosen models for optimisation. ......................................... 29 



ix 

Figure 19- Permeability distribution along the x-axis for the 18 chosen models for optimisation. ........ 30 

Figure 20- Initial oil-in-place for the well-matched and poorly-matched models. .................................. 31 

Figure 21- Area under optimisation and the possible range of values for the new well. ....................... 31 

Figure 22- Optimised models and the Pareto Front from the truth case optimisation. ......................... 32 

Figure 23- Pareto Front solutions from the optimisation of all models in the objective space. ............. 32 

Figure 24-Pareto optimal solutions from optimisations of the truth case scenario................................ 33 

Figure 25- Optimal solutions from the optimisation of each well-matched models on a grid. ............... 34 

Figure 26-Optimal solutions from the optimisation of each poorly-matched models on a grid. ............ 34 

Figure 27-Optimal solutions from optimisation of equally probable (a) well-matched models and (b) 

poorly-matched models gathered in one cell......................................................................................... 35 

Figure 28-Optimal solutions, gathered in one cell, from optimisation considering the posterior probability 

of (a) well-matched model and the (b) poorly-matched models equally probable. ............................... 35 

Figure 29- Optimal solutions from optimisation under uncertainty on a gird. ........................................ 36 

Figure 30-Bayesian credible intervals for each optimal solution. .......................................................... 37 

Figure 31- Uncertainty associated with optimisation. ............................................................................ 38 

Figure 32- Top-view of the OWC level and Top Structures for the Watt Field (Arnold 2012). .............. 41 

Figure 33- Fault network definition for Watt Field (Arnold et al. 2012). ................................................. 42 

Figure 34- Pay zone thickness maps for the three top structure scenarios (Arnold et al. 2013) .......... 44 

Figure 35- Porosity distribution for the seven prior models. .................................................................. 45 

Figure 36- Permeability distribution for the seven prior models. ........................................................... 45 

Figure 37- Fluid flow response for (a) FOPR and (b) FWPR for geostatistical history matching coupled 

with adaptive stochastic sampling. ........................................................................................................ 46 

Figure 38- Porosity distribution map for (a) poorly-matched and (b) well-matched models. ................ 47 

Figure 39- Permeability logarithmic distribution map (mD) for (a) poorly-matched and (b) well-matched 

models. .................................................................................................................................................. 47 

Figure 40- Initial oil-in-place for the well-matched and poorly-matched models. .................................. 48 



x 

 

Figure 41-Production evolution during time for the well- and poorly-matched models: (a) FOPT and (b) 

FWPR. ................................................................................................................................................... 48 

Figure 42- Illustration of the new well added. ........................................................................................ 49 

Figure 43- Illustration of angles (a) alpha and (b) beta for T1-T2 part of the wellbore. ........................ 49 

Figure 44- Oil saturation map from the top layer with the area under optimisation highlighted. ........... 50 

Figure 45-Illustration of T1-T2 and T2-T3 possible orientations. .......................................................... 51 

Figure 46- Example of a set of optimised models and the Pareto Front resulted from optimisation. ... 52 

Figure 47- Pareto Front solutions from the optimisation of the BS in the objective space. .................. 53 

Figure 48-Pareto Front solutions from the optimisation of all models in the objective space. .............. 53 

Figure 49-Comparison between (a) FOPT, (b) FWPR and (c) oil recovery factor values for the prior 

models with and without the new well on March 2019. ......................................................................... 54 

Figure 50-Comparison between FOPT values for the (a) well-matched and (b) poorly-matched models 

with and without the new well on March 2019. ...................................................................................... 55 

Figure 51-Comparison between FWPR values for the (a) well-matched and (b) poorly-matched models 

with and without the new well on March 2019. ...................................................................................... 56 

Figure 52- Comparison between the recovery factor of FOPT for the (a) well-matched and (b) poorly-

matched models with and without the new well on March 2019. .......................................................... 57 

Figure 53- Partial 2D section of the reservoir showing the new well (W8). ........................................... 57 

Figure 54- Grid with all the possible new well locations. ....................................................................... 58 

Figure 55- Distribution of all solution of (a) prior models, (b) well-matched models and (c) poorly-matched 

models. .................................................................................................................................................. 58 

 Figure B.1-Optimal solutions from the optimisation of each base case on a grid………………………B-
1 

Figure B.2-Optimal solutions from the optimisation of each well-matched models on a grid………….B-1 

Figure B.3-Optimal solutions from the optimisation of each poorly-matched models on a grid……….B-2 

 

 



xi 

This page intentionally left in blank   



xii 

 

List of Tables 

Table 1- Values of the initial- and current-oil-in-place in each layer of PUNQ-S3 reservoir. ................ 22 

Table 2- Prior porosity and horizontal permeability ranges for the different zones. .............................. 23 

Table 3- Possible uncertain choices for Watt Field case study (Arnold 2012). ..................................... 40 

Table 4- Operation parameters for all producer wells of the Watt Field. ............................................... 42 

Table 5- Operation parameters for all injector wells of the Watt Field. ................................................. 43 

Table 6- Base case scenarios and its initial oil-in-place values. ........................................................... 43 

Table 7- Prior distribution ranges (Barrela 2016). ................................................................................. 46 

Table 8 - Range of values of the optimised parameters. ...................................................................... 51 

Table 9- Values for the fixed parameters. ............................................................................................. 51 

Table A-1- Uncertainty Quantification Parameters for porosity and horizontal permeability…….........A-2 

 



xiii 

This page intentionally left in blank   



xiv 

 

Acronyms 

 

ACO – Ant Colony Optimisation 

AHM – Assisted History Matching  

DE – Differential Evolution 

FOPT – Field Oil Production Total 

FWPR –Field Water Production Rate  

GA – Genetic Algorithms 

GHM – Geostatistical History Matching 

GOR – Gas-oil ratio  

HGA – Hybrid Genetic Algorithm 

L – Likelihood 

MCMC – Markov chain Monte Carlo 

MO – Multi-objective 

MOPSO – Multi-objective Particle Swarm Optimisation  

NA – Neighbourhood Algorithm 

NAB– Neighbourhood-Algorithm Bayes 

NPV – Net present value 

OWC – Oil Water Contact 

PM – Pareto Model 

PPD – Posterior Probability Distribution 

PSO – Particle Swarm Optimisation 

SO – Single-objective  

STB – Stock Tank Barrel 

TC – Truth case  

WBHP – Well bottom hole pressure  

WWCT – Well water cut  



xv 

This page intentionally left in blank   





1 

 

1. Introduction 

 

1.1 Motivation  

History matching is an important step in field development. It has the purpose to improve the reservoir 

models and their predictability. With this process we find reservoir models that match the reservoir data 

(static and dynamic) and reproduce the observed historical production data of the field, in different levels 

of precision. For that, the difference between the simulated data and the observed one is calculated, 

applying an objective function from where a misfit results. Since it is an ill-posed inverse problem with 

non-unique solutions, there are multiple combinations of the unknown reservoir parameters that result 

in different matched-models (different values of misfit and different reservoir properties) (Hajizadeh et 

al. 2011). This procedure can be done manually or in an assisted way. 

From manually history matching, a single reservoir model is generated and, consequently, the resulting 

parameters and the future reservoir behaviour are highly uncertain. So, one must not consider just a 

single model in reservoir development optimisation because, despite being well-matched, reproducing 

the history data of the reservoir, it may have no geological sense, and still not represent the true 

subsurface geology. In this case, the model will fail to forecast reliably, and it is considered overfitted. 

Assisted history matching allow generating an ensemble of reservoir models, indicating the vast 

uncertainty associated with the reservoir geology. This is a time-consuming process since running a 

single simulation model can cost processing hours.  

Since the process of decision-making is not easily done, and it must be well informed and robust, an 

optimal solution across multiple possible model realisations should be considered. Therefore, the study 

of the value of history matching quality and realism in finding optimal reservoir development decisions 

is of great relevance, since it may be possible to obtain optimal solutions without high computational 

costs. 

1.2 Objectives  

This thesis proposes an approach to evaluate the impact of history matching in field development plan. 

This is done by seeing the effect of performing stochastic well placement optimisation in models with 

different values of history matching misfit (different levels of history match) in decision-making. More 

specifically, the aim is to understand the influence of adding a new well in the reservoir using models 

that match the observed data from the field and models considered poorly-matched (from the first 

iterations of the history matching), verifying the optimal well locations given by the different models. 

Comparing the results of adding a new well in poorly-matched and well-matched models allow to verify 

the necessity of performing the entire history matching loop to obtain acceptable results with relatively 

low computational costs. 
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To calculate the forecast uncertainties the posterior probability associated to the generated models is 

quantified using a Bayesian extension of Neighbourhood Algorithm, NAB. 

In this thesis, the methodology was implemented in two case studies: a 5-layer model, the PUNQ-S3 

reservoir model, and a semi-synthetic case study based on a braided-river depositional environment, 

the Watt Field.  

1.3 Thesis outline 

The structure of this project is divided in six chapters, which are shortly described next:  

Chapter 1 presents the topic of the thesis, mentioning the importance of the study and the objectives 

that is proposed to achieve. Also, a brief description of the implemented methodology is present; 

Chapter 2 describes many important theoretical concepts, which are the basis for the work development 

on history matching, field development, multi-objective optimisation and uncertainty quantification. In 

this chapter the sampling algorithm used in this thesis is also detailed; 

Chapter 3 presents the methodology applied in both case studies, describing its different steps; 

Chapter 4 and 5 introduce the case studies selected to implement the methodology. In both chapters 

the reservoir is described and the obtained results are presented.   

In chapter 6 all the conclusions taken in this thesis regarding both case studies are exposed as well as 

the possible future work that can be developed.      
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2. Theoretical background   

 

2.1   Field Development 

The development stage of the reservoir takes place before the beginning of the production period and 

after the appraisal phase is completed (Figure 1). In this process, many activities are involved. 

Geologists, geophysicists, drilling and reservoir engineers define a precise development plan, to find 

the best production/injection well placement and decide its best design. Production and facilities 

engineers define the optimal production facilities to process hydrocarbons before their treatment and 

logistics engineers to manage the transport to export oil and gas. 

 

Figure 1-Main steps in an oil and gas field. 

A single reservoir model does not correctly estimate uncertainty hence the risk is also not accurate for 

a reliable field development plan. The usage of multiple history-matched models is relevant as they can 

be applied to assess risk and are predictive tools to find the optimum location for a new producer or 

injection well, to identify sweet spots, to explore the benefits of smart wells, etc. 

In oil field development, optimisation is a critical task. Consider drilling a new well, determining its optimal 

location and configuration, not only can cost millions of dollars but it is also a complex mission as it has 

large number of decision variables involved. Due to increased world’s energy demand, in oil field 

development is necessary to include a proper well placement optimisation that allows enhancing oil 

recovery. In this process many scenarios must be taken in account, for instance, scale deposition, since 

it can cause problems in production, reducing the recovery factor, and can lead to formation damage or 

narrow the production tubing which causes the well abandonment (Hutahaean et al. 2014).   

Since many of the decisions require a large number of possibilities and computational resources, 

optimisation algorithms, like PSO (Onwunalu and Durlofsky 2009) and GA (Montes et al. 2001), have 

demonstrated to be a powerful search method that can be applied to search for the optimum 

development scenario.  

Many developments have been made about this subject, coupling optimisation routine to reservoir 

simulation. Arnold et al. (2016), present a way to include the uncertainty through the field development 

stages, minimising, at the same time, the number of flow simulation runs needed which allows to 

optimise development decisions, considering uncertainty in the reservoir and history match using 

different reservoir models. Ozdogan and Home (2004) studied an optimisation process of a well 

placement, based on HGA, considering not only the information available at the beginning of the process 
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but also the data that became available during the development of the reservoir, reducing uncertainty 

and increasing NPV. Likewise, Badru and Kabir (2003) coupled HGA, polytope algorithm and kriging 

proxy, integrating Experimental Design, to maximise NPV and optimise both horizontal and vertical 

wells. Moreover, new optimisation algorithms, as Cat Swarm Optimisation, are used to improve the 

efficiency of well placement (Chen et al. 2017). 

Furthermore, as stated by Floris and Bos (1998) to make decisions in reservoir management, it is 

necessary to quantify uncertainty. 

2.2   History matching  

In order to make decisions regarding production, optimisation procedures and to understand and predict 

the future reservoir behaviour, reservoir engineers use reservoir models. Those are constructed based 

on geological information and in mathematical equations to simulate the fluid flow response of the 

reservoir. The importance of this model arises from the fact that it can increase the confidence in 

predicting the reservoir’s future behaviour and is the basis for decision making about the field 

development plan. This can be done, for example, by exploring several locations for new wells.   

The historical production data, (e.g. the reservoir pressure from the well test or, the most used, well 

production data) is used to calibrate the reservoir model. These are compared against production results 

fluid flow simulated in numerical reservoir models. The reservoir model is adjusted until the match 

between the observed data and the simulated response is acceptable (Erbas and Christie 2007). This 

process is commonly designated as history matching (Figure 2). 

 

Figure 2 - Generalised workflow for history matching. 

The purpose of history matching is to find a reservoir model which best reproduces the observed history 

in the field. History matching is an inverse problem that uses the observed performance of reservoir 

(i.e., production data) to estimate the reservoir parameters which cause that behaviour, instead of using 

the reservoir variables to predict the future behaviour, which is the forward problem (Oliver and Chen 
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2011). Considering the geological-related parameters that are plausible to be modified, the most widely 

used are referred to rock properties (porosity and permeability in horizontal and vertical direction). 

The usage of sparse data, as represented by well data, to construct the model and the errors in data 

measurements brings uncertainty, making this an ill-posed problem (Hajizadeh et al. 2011). Hence it 

has non-unique solutions, so multiple combinations of input parameters, e.g. rock porosity and 

permeability, result in several reservoir models with similar simulation response and good match to the 

observation data (Oliver and Chen 2011). The model’s accuracy is strongly dependent on its quality and 

the quality and quantity of the available data; this means that each history-matched model, which reflects 

correctly the available production observations, may feature different geological and petrophysical 

properties. Additionally, the complexity of this problem is derived from the presence of nonlinearity 

between the data and the models’ parameters (Hutahaean 2017). 

History matching aims to minimise the difference between the observed and the simulated data, 

represented by an objective function, called misfit. This function is commonly expressed by the least 

square norm (Equation 1):  

𝑀 = ∑
[𝑜𝑏𝑠(𝑡𝑖) − 𝑠𝑖𝑚(𝑡𝑖)]2

2𝜎𝑖
2

𝑁

𝑛=1

,  

where 𝑀 is the misfit value between the observed and the simulated data; 𝑁 is the number of data 

points; 𝑜𝑏𝑠(𝑡𝑖) is the observed data at time ti; 𝑠𝑖𝑚(𝑡𝑖) is the simulated data at time ti and 𝜎𝑖
2 represents 

the variation of the observed data due to noise in data acquisition, assuming it is independent and have 

normal distribution. 

History matching can be performed manually or in an assisted way. In the first case, a single reservoir 

model is produced and is the one used to predict the future reservoir behaviour. Hence the resulted 

parameters are highly uncertain, and this procedure must be carried out by an experienced professional 

since it is time-consuming and based on trial and error. There is a need to find many reservoir models 

that match the history data (Gruenwalder et al. 2007). To turn the parameter searching automated, 

optimisation algorithms assist history matching (AHM) to minimise the objective function by finding the 

parameter combination which gives the best match (Barrela 2016) and (Carneiro et al. 2018). The 

algorithms’ choice is made depending on the ease of implementation and whether it is suitable for the 

history match problem. Assisted history matching methods are useful when it is necessary to handle 

large number of unknown parameters and realistic full field models with lots of production data. Another 

important advantage is that it reduces the time-consumption.   

All history matching procedures are important because once is done it can increase the confidence in 

simulating the future reservoir behaviour and in developing decisions (Figure 3). Since it has the purpose 

of decision making, uncertainty of the outcome must be considered. Consequently, for production 

development and decision-making, a single model is no longer satisfactory.  

(1) 



6 

 

 

Figure 3 - Generalised workflow for history matching, forecasting and decision-making (adapted from Coats 
Engineering 2018). 

There have been many advances in history matching, uncertainty quantification, sensitivity analysis and 

optimisation that are applied across different stages regarding reservoir modelling and development. 

Simões (2016) presents a history matching study concerning reservoir uncertainty at different levels in 

which it is demonstrated that reservoir prediction is affected by geological uncertainties. In a 

conventional history matching, Arnold et al. (2012) added produced water chemistry information, as 

being an extra limitation, showing that by doing this, e.g. the quality match to the production data in 

individual wells is higher. Arnold et al. (2013) developed a benchmark study where the interpretational 

uncertainty is part of the reservoir modelling workflow, allowing the modeller to choose between different 

geomodelling approaches, history matching algorithms and uncertainty quantification techniques. 

2.2.1   Overfitting  

To generate multiple matched models, assisted history matching is applied. After producing efficiently 

matched-models the next significant procedure is to quantify the uncertainty of the forecast and provide 

a reliable forecast under uncertainty. AHM can be addressed by using a SO or MO approach. Since the 

history-matched reservoir realisations have different geological and petrophysical properties it is 

expected a different production behaviour prediction from each reservoir model, consequently, a more 

diverse set of history-matched models is expected to create a more reliable reservoir forecast. Applying 

a MO procedure can lead to a more robust and reliable forecast, comparing to SO even if both go under 

different model parameterisations (Hutahaean et al. 2015). 

After generating the models applying history matching, one or more models must be selected. The 

selected models must fit the data properly to give a reliable reservoir behaviour. Those models will serve 

as the base for future decisions and procedures to be adopted. Usually, one model is carefully chosen 

based on how closely its simulated response matches the observed data. This task of selecting a 
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reservoir model can be complex in the way that it is important to guarantee that the model is not too 

simple (underfitted) or it does not include more information than necessary (overfitted).  

Underfitting will occur when some of the model parameters are missing, not capturing the underlying 

structure of the data, driving to a poor predictive performance. Due to the existent noise caused by 

measurement errors and random factors, the data presents some deviations; hence, a model that fits 

them is called an overfitted model. Despite matching with high precision the set of data, an overfitted 

model fails in predicting the future. Moreover, it does not represent the reality, containing more 

parameters than can be justified by the data and for that reason it must be avoided. The principle of 

parsimony or the Occam’s razor defends that the chosen model should contain all the necessary 

information for the modelling but nothing more; consequently, an overfitted model violates this principle 

as it includes more information than necessary.  

In both cases the simulated response will be far from the true response of the reservoir and, 

consequently, will cause poor decision making. Therefore, a model that is well suited must provide a 

good trade-off between its complexity and how effectively it fits the data (Nobakht 2018). 

2.3   Uncertainty assessment 

Uncertainty in the numerical fluid flow simulation is derived from many aspects (inaccurate 

representation of the initial boundary conditions, inexact model parameters, etc.). In history matching 

context, the main source of uncertainty is a result of the model and the observations errors (Mohamed 

2011). Observation data errors may be produced by the absence of knowledge from the subsurface 

geology and errors inherent in the time-dependent dynamic production data. 

Commonly, reservoir simulation supports reservoir forecasting. This process is done by using a single 

history matched model, conditioned to production data, to predict the future reservoir behaviour, relying 

that it will give a good representation of the reservoir and, consequently, a good forecast. In fact, the 

geological properties of a good history matched reservoir scenario might be fairly different from what is 

considered being the “truth”. Additionally, it has been proved that a single best history matched model 

is not the ideal predictor for future reservoir performance and it can drive to an underestimation of the 

uncertainty (Tavassoli et al 2004). 

Furthermore, the uncertainty in reservoir characteristics should be transferred to uncertainty in 

production forecasting and ultimate recovery, assessing the risk quantification by full sampling of the 

forecast probability density function (Floris et al. 2001). Having an ensemble of possible reservoir 

realisations implies uncertainty in the forecast production profiles and Figure 4 illustrates this 

problematic: the difficulty to predict the future behaviour of the reservoir based on a single history 

matched model. The spread in forecasted reservoir response can whether be wide or narrow and there 

are a plenty of possible future reservoir performance that can occur, and this represents the uncertainty 

regarding prediction. Therefore, quantifying the range of uncertainty in reservoir performance prediction 

of the history-matched models is an important part of the decision-making in reservoir management. 
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Figure 4-Uncertainty in forecasting the reservoir behaviour using a single history matched model (adapted from 
Streamsim). 

To solve this subject that has been gaining importance in the industry, multiple scenarios or confidence 

bounds which indicate a vast uncertainty associated with the reservoir and can quantify the 

unpredictability of the possible scenarios should be considered. Also, uncertainty can be reduced by 

conditioning the reservoir model to dynamic production data (Floris and Bos 1998).  

2.3.1   Bayesian framework 

Uncertainty prediction is typically achieved using a Bayesian framework where the posterior probability 

of the predicted quantities is calculated. Comparing the Gaussian and the Bayesian formalism of 

uncertainty analysis, the latter allows the use of, not only Gaussian distributions but also arbitrary 

probability distributions and arbitrary measures of uncertainty, not just variance. Coupling a Bayesian 

framework with history matching optimisation is a recent procedure to quantify uncertainty in which the 

resulted multiple history matched simulation models are used to estimate ranges in likely recovery 

factors (Valjak 2008) (Figure 5). 

 

Figure 5-Framework for generating multiple history-matched models with Bayesian approach (Christie et al.2006). 

We start with the geological description, which gives the prior beliefs about the reservoir, which are used 

to parameterise the reservoir description and to form a set of prior probabilities for these parameters. 

After that, the predictions made with these reservoir descriptions are evaluated according to how well it 
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fits the data. The higher probabilities are assigned to the models that are considered as good 

representatives of the data. Its values are provided by Bayes rule. The Bayes’ Theorem relates the 

posterior probability (𝑝(𝑚|𝑂)), with the prior, (𝑝(𝑚)), and the likelihood 𝐿 = 𝑝(𝑂|𝑚), and it is a formal 

way to update the prior beliefs about probabilities when more information is provided. Bayes’ Theorem 

is described as: 

𝑝(𝑚|𝑂) =
𝑝(𝑂|𝑚)𝑝(𝑚)

∫ 𝑝(𝑂|𝑚)𝑝(𝑚)𝑑𝑚
𝑀

 . 

Giving the observations (𝑂), the model is updated by obtaining the posterior probability. The likelihood 

function represents the degree of difference between the observed and the modelled data, being the 

integral over the entire space of models 𝑚, with an arbitrary likelihood (L) distribution, approximated 

numerically using MCMC based techniques due to complexity to compute analytically. 

It was proven that the uncertainty estimate, applying a Bayesian analysis, is truly affected by the 

algorithm choice, the algorithm parameters, the likelihood definition and it can affect any business 

decision (Erbas and Christie 2007). 

To handle inverse problems as history matching, constructing the posterior probability distribution (PPD) 

function is an important step that must be taken into account. As demonstrated in Figure 5 the prior 

information needs to be updated, including the information provided by the observed data, which means 

the prior probability density function (PDF), must be modified. The modified PDF is called PPD.  

Since a single history-matched model is not a good representative of the PPD, many history-matched 

models are necessary to estimate this function. Afterwards, the estimation of the probability estimates 

on the reservoir prediction is achieved using the PPD estimation of each matched model. 

The Bayesian credible intervals (P10, P50 and P90) are often applied to describe the probability 

estimates on the reservoir predictions. First, from the PPD for a particular production data, the 

cumulative distribution function is determined. Figure 6 shows the cumulative distribution for a particular 

Field Total oil production (FOPT). Then, these intervals can be obtained as follows: considering the 0.9 

quantile of the cumulative distribution function (point (A, B) in Figure 6) it represents 90% maximum 

credible interval so it means there is a 0.9 probability that the true value is below that point. This quantile 

corresponds to P90 and is defined by having 90% probability that quantity will be produced or exceeded. 

For the 0.1 and 0.5 the idea is the same and correspond to the P10 and P50, respectively.   

(2) 
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Figure 6-Bayesian credible intervals in a cumulative probability vs FOPT graph. 

Since the history-matched models are not equally probable, a probability must be assigned to each of 

the models to have a reliable and accurate range of uncertainty. This is important to guarantee a good 

uncertainty estimation of optimal solutions and the forecast. There are several techniques to determine 

the PPD allow the uncertainty estimation of the models. Among all methods to estimate the PPD, (Erbas 

2006) distinguished three different kind of methods: methods that characterise the PPD locally around 

the maximum likelihood (ML) or maximum a posteriori (MAP); methods that use only a subset of the 

ensemble generated; methods that sample from the complete PPD: this category includes NAB, a 

method based on MCMC but less computationally expensive.  

Regarding the posterior probability distribution (PPD) NAB is the method applied in this thesis. As 

described in (Sambridge 1999), to estimate the PPD, NAB represents the model parameter space by 

resorting to Voronoi cells, allowing the PPD interpolation in the multidimensional parameter space. This 

is done assigning, in each cell, a constant misfit and probability is calculated by the exponential of the 

negative misfit times the volume of the Voronoi cell, which is obtained by the denominated of Equation 

2. Afterwards, a Gibbs sampler is applied to resemble the set of models by walking randomly on the 

Voronoi surface and the models are sampled based on the conditional probability distribution 

proportional to the likelihood of the models. After the appropriate posterior probability of the history-

matched models is calculated, the forecast uncertainties can be obtained using the Bayesian credible 

intervals (Figure 7). 
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Figure 7- NAB workflow in uncertainty quantification of reservoir forecasting (after Sambridge 1999). 

NA-Bayes methodology is based on MCMC although it saves more computational time as NAB only 

resamples the ensemble of models previously generated by a search algorithm (for instances, PSO or 

NA), whereas MCMC requires a new forward simulation and a recalculation of the misfit every time a 

new state of the Markov Chain is proposed. Furthermore, MCMC infers the information from a subset 

of models and demands further solving the forward problem, on the contrary, NAB resamples from the 

entire ensemble of history-matched models and only that resampled set requires forward simulations 

(Sambridge 1999).   

2.4   Optimisation algorithms 

Considered as a large class of exploratory algorithms, stochastic optimisation algorithms are an 

important technique applied in solving optimisation and inverse problems in statistics (e.g., response 

surface modelling), science and engineering areas. Furthermore, these algorithms are often seen as 

good candidates to solve history matching problems because they adaptively search for multiple local 

minima, resulting in a diverse set of history matched models which are indispensable for realistic 

quantification of prediction uncertainty (Hajizadeh et al. 2011). Among them are simulated annealing, 

evolutionary algorithms and population-based algorithms.  

These stochastic population-based algorithms are inspired e.g. in a swarm of individuals social 

behaviour, (Hajizadeh et al. 2011), (Onwunalu and Durlofsky 2009) and in the natural selection, (Montes 

et al. 2001). Güyagüler and Horne (2001) used a HGA to assess the uncertainty in numerical simulation 

forecasts when evaluating different well configurations by coupling an optimisation tool with the 

numerical model.  

2.4.1.   Particle Swarm Optimisation  

This thesis uses Particle Swarm algorithm which will be described below. 

Swarm algorithms are inspired by collective intelligence where a population of simple agents interact 

locally with one another and with their environment. They are decentralised, self-organised and 
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distributed throughout an environment, being schools of fish, flocks of birds, and colonies of ants some 

of its examples. Furthermore, some of the swarm intelligence-based techniques including ant colony 

optimisation and particle swarm optimisation have been exhibiting good performances across a wide 

range of applications (Hajizadeh et al. 2011). 

PSO algorithm is a stochastic procedure and it is originally attributed to  Kennedy and Eberhardt (1995). 

This optimisation method is a population-based optimisation procedure that simulates the social 

behaviour of a swarm of organisms like bird flocks or fish schools and is one of the swarm intelligence 

algorithms that is used to solve nonlinear ill-posed inverse problems.  

In this process, at each iteration, the population of solutions, called particles, moves in the search-space, 

according to simple mathematical formulae over the particle’s position and velocity. Their positions are 

updated iteratively according to objective function value (particle fitness) and position relative to other 

particles. A new position in the search- space is reached at each iteration by each swarm particle, being 

this movement influenced by their own best-known position in the search-space and the entire swarm’s 

best-known position, guiding the swarm towards the best solutions (Mohamed 2011). 

Being  𝑥𝑖(𝑘) =  {𝑥𝑖,1(𝑘), … , 𝑥𝑖,𝐷(𝑘)} the position of particle i, in a D-dimensional search space at iteration 

𝑘. The best position (solution) found by particle i is given by �̂�𝑖(𝑘) = {�̂�𝑖,1(𝑘), … , �̂�𝑖,𝐷(𝑘)}   and the best 

one found by any of the particles in the neighbourhood of 𝑥𝑖 up to iteration 𝑘 is given by 𝑦∗(𝑘) =

{𝑦𝑖,1
∗ (𝑘), … , 𝑦𝑖,𝐷

∗ (𝑘) } . In case of considering to include the full swarm of particles in the neighbourhood, 

𝑦∗(𝑘) =  𝑦𝑔(𝑘), being 𝑦𝑔(𝑘) the global best particle position. To compute the new position of particle i 

in iteration 𝑘 + 1, 𝑥𝑖(𝑘 + 1), it is necessary to add a velocity to the current position 𝑥𝑖(𝑘),  𝑣𝑖(𝑘 + 1) =

 {𝑣𝑖,1(𝑘 + 1), … , 𝑣𝑖,𝐷(𝑘 + 1)} being:  

𝑥𝑖(𝑘 + 1) = 𝑥𝑖(𝑘) + 𝑣𝑖(𝑘 + 1) 

The velocity has three contributions: inertia, cognitive and social. The inertia component (𝜔𝑣𝑖,𝑗(𝑘)) 

makes the particle move; by memory, the cognitive component (𝑐1𝑟1,𝑗 (�̂�𝑖,𝑗(𝑘) − 𝑥𝑖,𝑗(𝑘))) detains the 

particle’s previous best position and provides a velocity component in this direction; the social 

component (𝑐2𝑟2,𝑗 (𝑦𝑗
∗(𝑘) − 𝑥𝑖,𝑗(𝑘))) characterises the best position of any particle in the neighbourhood 

of particle i causing the movement towards this particle. Therefore, the movement of each particle is 

done regarding its existing trajectory, its own memory and the experience of the neighbouring particles.  

Thus, the velocity of each particle is computed as follows: 

𝑣𝑖,𝑗(𝑘 + 1) = (𝜔𝑣𝑖,𝑗(𝑘)) + 𝑐1𝑟1,𝑗 (�̂�𝑖,𝑗(𝑘) − 𝑥𝑖,𝑗(𝑘)) + 𝑐2𝑟2,𝑗 (𝑦𝑗
∗(𝑘) − 𝑥𝑖,𝑗(𝑘)), 

where 𝜔, 𝑐1 and 𝑐2 are weights; 𝑟1,𝑗 and 𝑟2,𝑗 take the values between 0 and 1, randomly; and j represents 

the component in the search space. 

(4) 

(3) 

https://en.wikipedia.org/wiki/James_Kennedy_(social_psychologist)
https://en.wikipedia.org/wiki/Russell_C._Eberhart
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Figure 8 represents a particle in a two-dimensional search space, given two vectors 𝑣𝑖
𝑠(𝑘) and 𝑣𝑖

𝑐(𝑘) 

which are the difference between 𝑥𝑖(𝑘) (current position of the particle) and its previous global best 

position, 𝑦𝑔(𝑘), and best position, �̂�𝑖(𝑘), respectively. In this case is considered  𝑦∗(𝑘) = 𝑦𝑔(𝑘). The 

new velocity, 𝑣𝑖(𝑘 + 1) is given by a stochastic combination of 𝑣𝑖(𝑘) (previous velocity) and the vectors 

𝑣𝑖
𝑠(𝑘) and 𝑣𝑖

𝑐(𝑘), in which the new particle position is obtained by adding to the previous position.  

 

Figure 8-Schematic representation of PSO velocity and particle position update for particle xi in a two-dimensional 
search space. 

The following sequence synthesises the PSO workflow (Mohamed 2011): 

1. Initialization of a swarm of particles in the search space. 

2. Random allocation of velocities (vi) and positions (xi) in the search space to each particle 

(i) of the swarm. 

3. Evaluation the fitness functions for each particle (p). 

4. Update the position and the value of pbest (the best solution the particle has seen). If one 

particle has the current objective function value (fitness value) better than its pbest value, the 

value of pbest and the corresponding position are replaced, respectively, by the current 

fitness value and position. 

5. Update the global best objective function value and the corresponding best position 

gbest. 

6. Update all particles velocities and positions. 

7. Repetition of steps 2-6 until a stop criterion is reached.  

Over the past decades many studies concerning this algorithm and its appliances were done, for 

instances Onwunalu and Durlofsky (2009), demonstrated that PSO represents a viable alternative to 

GA in finding an optimum well location and type, maximising NPV, in which it gets better results, 

achieving the global optimum faster. Likewise, Mohamed et al. (2010), proved that PSO needs less 

iterations compared with NA to obtain a good history match.  
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2.5   Multi-Objective Optimisation    

In single objective optimisation, an optimal solution is the one that has the maximum (or de minimum) 

value of the objective function (Equation 1), considered being the best solution. In this case, a simple 

objective-sum technique is used where all the different values of misfit are summed together. When 

dealing with this type of optimisation it is important to realise the differences in the units and in the range 

of values between objectives. For instance, in this thesis, the well placement optimisation employed two 

different objectives: maximising the oil production, which comes in million barrels of oil, whereas 

minimising the water production rate comes in thousands of barrels per day of water. 

As a result of being more adaptable to real-life optimisation problems, multi-objective optimisation 

overcame the single-objective approach. In a MO context, more than one objective is defined and the 

idea is no longer to find an optimal solution but instead to have a good compromise between the 

objectives to be optimised (Hajizadeh et al. 2011), so using multiple objectives results in a set of trade-

off solutions. This method optimises, simultaneously, several components resulted from the misfit 

function division, taking the vector form (Hutahaean et al. 2015) and (Carneiro et al. 2018): 

F (x) =  {𝑓1 (𝑥), 𝑓2 (𝑥), … , 𝑓𝑀 (𝑥)}, 

where 𝐹(𝑥): ℝ𝑁  → ℝ𝑀, is the set of M objective functions. 

Minimising F(x), a multi-objective optimisation process is subject to: 

ℎ𝑘
1 ≤ 𝑥𝑘 ≤ ℎ𝑘

𝑢 ; 

𝑥 = {𝑥1, 𝑥2 , … , 𝑥𝑘 , … , 𝑥𝑁} , 

where x is the vector of the N variables in the parameterisation and the variables ℎ𝑘
1  and ℎ𝑘

𝑢 are, 

respectively, the lower and upper boundary for each unknown. 

Moreover, in a MO problem, there might be a conflict between objectives meaning that the improvement 

in one objective can make the other objective worse. Since a solution is not able to optimised all of the 

objectives at the same time,  the concepts of Dominance and Pareto Optimality are important to define 

(Hutahaean et al. 2015). One can consider a solution dominant if comparing with other solutions, is 

better in all objectives and it is strictly better in at least one objective.  

The goal is to find solutions capable of satisfying both conditions, creating the trade-off between 

conflicting objectives. Consequently, there is not only one optimal solution but instead an ensemble of 

optimal solutions (Hutahaean et al. 2015). These solutions are considered non-dominated solutions and 

are part of the Pareto optimal solutions, while in an objective space this set of solutions is called Pareto 

Front (Carneiro et al. 2018). There is a necessity to highlight that none of the models from the Pareto 

Front is better than the other, to decide which one is going to be chosen, additional information is 

needed. 

(5) 

(6) 

(7) 
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The figure below illustrates, in a two-dimensional space, the objective space of a multi-objective 

example, where the blue points represent the non-dominated particles, the dashed blue line is the Pareto 

Front approximation and in green are the dominated solutions. 

 

Figure 9-Example of Dominance and Pareto Optimality concepts. 
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3.   Methodology  

This thesis proposes a method for well placement optimisation under uncertainty using NAB to infer the 

posterior probabilities of the history-matched models and PSO as adaptive stochastic sampling 

algorithm.  

In this thesis, a new well is added in two different reservoirs, and its location is optimised, using a multi-

objective optimisation approach. In order to compare the optimal solutions resulted from the optimisation 

of models with different values of misfit, the history matching procedure was performed first.  

Figure 10 shows the general diagram of the proposed workflow. 

 

Figure 10-Generalised methodology used in this thesis. 

 The proposed methodology is divided into four main steps, identified in the figure above: 

1) Firstly, assisted history matching process is developed, generating multiple reservoir 

realisations by perturbing reservoir parameters with the aim of matching the production data 

from the field. Since there are hundreds of realisations in the ensemble of resulted matched-

models, the optimisation of new infill well location will cause high computational costs if it is 

done on all these models. To select a small set of models is necessary to make sure that it is 

diverse and representative in order to obtain robust optimal solutions through different history-

matching runs. In the first case study (chapter 4), 24 reservoir parameters were perturbed to 

match the production data using a multi-objective approach. The nondominated solutions lie on 

the Pareto Front and they guarantee a diverse set of models with high match quality, so they 

are considered well-matched. The poorly-matched models were chosen randomly from the first 

iterations with the highest misfit. For case study 2 (chapter 5) the generated models were made 

available from (Barrela 2016). The models were created by a zonation-based geostatistical 

history matching coupled with adaptive stochastic sampling. From the ensemble of matched-

models, 10 models with high misfit (poorly-matched models) and 10 with a good match (well-
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matched models) were selected. In both case studies, history matching process was assisted 

by PSO. In the respective chapters, the details about the history matching performance for each 

case study are more specified. 

2) Even though the aim is to optimise a new well location, there is need to infer the appropriate 

posterior probability of the history-matched models which are going to be essential to calculate 

the forecast uncertainties (Erbas and Christie 2007). Before entering the optimisation phase, it 

is important to guarantee a good uncertainty estimation of optimal solutions. The prior probability 

distribution is flat so, in that case, the models are considered equally probable but the resulted 

PPD it is not, showing that the models are not equally probable. Due to this fact, a probability 

must be assigned to each of the models to have a reliable and accurate range of uncertainty. 

To quantify the uncertainty in the reservoir performance prediction, the Bayesian Framework 

demonstrated in Figure 5 was used. After producing the set of history-matched models, the 

posterior probability distribution for uncertainty prediction was achieved using neighbourhood 

algorithm Bayes (NAB). This methodology was chosen since it is a robust method of producing 

probabilistic results. The PPD inferred is computed based on the total misfit values and in a 

multi-objective case these misfit values are calculated over all misfit components. As previously 

stated, in this thesis, a multi-objective method is applied in the first case study so there is a 

necessity of approximating the PPD. Note that the poorly-matched models will not be resampled 

since they have a low likelihood which means high misfit and zero PPD. Hence, the PPD 

estimation of the Pareto models from history matching was approximated through clustering. 

After assigning the PPD, these models are able to go through optimisation of reservoir 

development under uncertainty. This step was only performed for case study 1. 

The optimisation procedure was done in two distinct ways (Figure 11): 

3) The last step was the implementation of a new well. To place a new infill well its location was 

optimised for each selected model, obtaining optimal solutions for each separate history-

matched model. It was performed by means of a multi-objective approach that allows minimising 

the water production rate and to maximise the total oil production. An adaptive stochastic 

algorithm, PSO, helps to search the parameter space fast and effectively (section 2.4.1). After 

that, all the optimal solutions from the resulted Pareto Front for each model are going to be 

analysed, in terms of production (total oil production and water rate from the field) and the well 

location. 

4) In this step the optimisation was performed considering the PPD produced by NAB, also call, 

optimisation under uncertainty. The optimisation was done across multiple realisations to obtain 

the optimal on average. In this case, only one set of optimal solutions (Pareto Front) is created 

(in blue in Figure 11). The production and well locations given by the resulted Pareto Front were 

interpreted. This step was only performed for case study 1. 

As demonstrated in the following figure (Figure 11), NT models were generated by history matching. The 

selected models for optimisation were NS models that are the well-matched models and constitute the 
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resulted Pareto front from history matching for the first case study and NP models from the first iterations 

being the poorly-matched models, with the highest misfit for the first case study. For consistency, the 

number of well-matched and poorly-matched models are the same, being NS equal to NP. 

The parameters optimised in both cases are not the same once in the first case the new well is vertical, 

and its location is optimised whereas in the second case the well is horizontal so there are different parts 

of the well to be optimised (section 5.3).  

 

 

Figure 11- Workflow diagram of the optimisation phase. 
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4.   Case study 1 

4.1 PUNQ-S3 model description 

The PUNQ-S3 reservoir model, derived from Production forecasting with Uncertainty Quantification 

variant 3, is a synthetic model based on a real reservoir in the North Sea (Floris et al. 2001). It has 

become popular as a benchmark model to perform different studies in history matching and uncertainty 

quantification. It is composed by 19 x 28 x 5 grid blocks (2660 grid blocks), in the i, j and k directions, 

respectively, from which 1761 are active. Quantified as a small-sized model, it has a dome-shaped 

structure with a small gas cap in the centre, being bounded by a fault to the east and south and by a 

relatively strong aquifer to the north and west (PUNQ-S3). Around the gas-oil contact, six production 

wells are located and because of the strong aquifer, the field does not contain injection wells.  

According to (Floris et al. 2001), in this five-layer reservoir, the layers 1,3 and 5 have three considerably 

good channel sands with uniform thickness and spacing surrounded by floodplain mudstone. Layer 2 is 

a poor-quality zone composed by marine or lagoonal clay with deposits of distal mouthbar and, likewise, 

layer 4 is considered a poor-quality zone, presenting a mouthbar or lagoonal delta covered by lagoonal 

clays. In this reservoir 12 zones are distinguished: in layers 1,3 and 5 are present three channels, two 

homogeneous layers (layer 2 and 4) and 1 floodplain (Pereira 2017).  

Regarding the process of history matching, the variables borehole pressure (WBHP), gas oil ratio 

(WGOR) and water cut (WWCT) were available as production history data from all six wells (PRO1, 

PRO 4, PRO5, PRO11, PRO12 and PRO15) for a period of 8 years. These data originate from a year 

of an extended testing period (build up test), followed by a three-year shut-in period and a production 

period of 12 years with a constant production rate of 150 std m3/d, and, at the beginning of each year a 

2-week periodic shut-in (Floris et al. 2001). 

PUNQ-S3 reservoir began to be produced in 1967 with the goal to extract 17.37 million SM3 of oil (initial 

oil-in-place) continuing the production for 16.5 years. The reservoir production started with six wells in 

which producers 1 (PRO1), 4 (PRO4) and 12 (PRO12) are perforated in layers 4 and 5, producers 5 

(PRO5) and 11 (PRO11) in layers 3 and 4 and producer 15 (PRO15) only is completed in layer 4.  

The PUNQ-S3 production schedule is summarised by the following steps: 

1) The first year is an extended well testing period (build-up test). 

2) The next three years are a shut-in period. 

3) In the next 12.5 years, the oil is produced at a fixed rate of 150 sm3/day and a controlled bottom 

hole pressure of 120 bars. 

4) At the beginning of each year, there is a two-week period of shut-in. 

The truth case scenario behaves as a reference, in order to validate the methodology applied. This is 

possible giving the “truth” geological model (Demyanov, Subbey and Christie 2004). By simulating the 
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truth case a lot of information can be acquired, for example, considering mid-1983 (i.e. the present day), 

the PUNQ-S3 field has 13.5 million sm3 of remaining oil left to still be recovered and had produced 3.87 

million sm3of oil. It is important to mention that, in real life, it is not possible to know the exact reservoir 

values of porosity and permeability not even how these properties are spatially distributed, therefore the 

heterogeneity and the uncertainty associated with these variables must be considered.  

Due to this fact, uncertainty must be accessed and optimisation for field development should be tackled 

through multiple model realisations. Moreover, it is important to guarantee that the used models can 

provide robust and reliable forecasts results, the reason why the reference case is needed which was 

optimised as the other chosen models, with the same objectives to validate the results present in the 

next sections.   

To better understand where to drill a new well in a reservoir, many aspects must be considered as the 

reservoir properties (e.g. porosity and permeability) and the saturation maps which indicate the areas 

where the remaining oil is. The following figure shows the distribution of these properties along all the 

layers (top layer to the left side) of the PUNQ-S3 reservoir using the truth case scenario. In (c) the 

saturation map refers to the present state.  
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Figure 12- (a) Porosity, (b) Permeability and (c) Current oil-saturation maps for PUNQ-S3 reservoir based on the 
truth case. 

Figure 12 show a heterogeneous reservoir which validates the necessity of performing optimisation on 

different model realisations in order to include this heterogeneity. In addition to the porosity, permeability 

and saturation maps the recovered oil until the present time and the remaining oil layer by layer were 

estimated. Table 1 presents the initial- and current-oil-in-place values and the calculated recovery factor 

for each layer of the reservoir based on the truth case scenario. 

Table 1- Values of the initial- and current-oil-in-place in each layer of PUNQ-S3 reservoir. 

Layer 
Initial-oil-in-place 

(million SM3) 
Current-oil-in-place 

(million SM3) 
Current recovery 

factor (%) 

1 3.51 3.09 11.96 

2 1.91 1.63 14.43 

3 5.14 4.16 19.03 

4 3.60 2.68 25.59  

5 3.21 1.94 39.78 

Total 17.37 13.50 22.29 

In the following sub-sections, the details of the three main steps of the applied methodology are 

presented as well as the obtained results obtained for this case study. 

4.2 History Matching  

Initially, history matching was performed. Given the observed history from the field (16.5 years of 

production data), the history matching loop tried to match the WBHP, WWCT and WGOR variables for 

all wells. The set of model realisations were generated using a multi-objective approach assisted by an 

extension of PSO (MOPSO), resulting in a more diverse set of matched-models to generate a more 

robust optimisation forecast.  
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In Table 2 the prior values of porosity and horizontal permeability used in history matching are described. 

This parameterisation was used by (Pereira 2017) in his work where he tried to generate models through 

history matching that matched both dynamic and static data (i.e., historical production and geological 

features). The parameterisation values used as input for history matching are present in Appendix A. 

Table 2- Prior porosity and horizontal permeability ranges for the different zones. 

Zone Porosity Range (fraction) Horizontal Permeability (mD) 

Channels (layers 1,3,5) [0.12 ; 0.30] [14 ; 1170] 

Floodplain (layers 1,3,5) [0.01 ; 0.12] [0.70 ; 178] 

Homogeneous layer 2 [0.01 ; 0.17] [0.70 ; 201] 

Homogeneous layer 4 [0.01 ; 0.22] [0.70 ; 514] 

Based on the six production wells (PRO 1, PRO 4, PRO 5, PRO 11, PRO 12, and PRO 15) and the 

variables used two objectives functions were formulated and applied in the multi-objective history 

matching. The first objective was to minimise misfit of WGOR for producers 4, 5, 11 and 15 and of 

WBHP for producer 12 and the second objective was to minimise misfit of WBHP for producers 1,4,5,11 

and 15, of WWCT for producers 1, 4, 5, 11, 12 and 15 and of WGOR for producers 1 and 12: 

These objectives were chosen based on the work developed by (Hutahaean et al.2017) where they tried 

to improve the history match performance by grouping the objectives depending on the conflict between 

them. In Equation 8 is described the group of two objectives used which correspond to the group with 

the lowest conflict. In multi-objective history matching 500 simulations were performed using MOPSO 

algorithm with the following parameters: 

▪ Number of particles: 20 

▪ Initial inertia: 0.729  

▪ Cognitive component, c1: 1.494 

▪ Social component, c2: 1.494 

Figure 13 shows the misfit progress of the history matching run. In red and yellow are, respectively, the 

poorly-matched and well-matched models chosen to optimise the new well. 

Objective 1: WGORPRO4, PRO5, PRO11, PRO 15 + WBHPPRO12 

Objective 2: WBHPPRO 1, PRO 4, PRO 5, PRO 11, PRO 15 + WWCTPRO 1, PRO 4, PRO 5, PRO 11, PRO 12, PRO 15 + 

WGOR PRO1, PRO 12  

 

 

 

(8) 
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Figure 13- Evolution of the misfit for (a) objective 1, (b) objective 2 and (c) the sum of misfits. 

As demonstrated through the convergence, there is an improvement in the obtained misfits along the 

run in (a), (b) and (c). After 200 iterations it is possible to see a convergence in the total misfit (Figure 

13 (c)).  

4.3 Bayesian Analysis 

After producing a set of 500 history-matched models, NAB resampled all the models and infer the 

posterior probability of each one of them. Figure 14 shows all the generated models from history 

matching and 141 resampled models from NAB in the objective space, meaning that NAB did not 

resample the models with high misfit value once they have a posterior probability of zero. Consequently, 

as expected, the history-matched Pareto Front models were resampled by NAB as they have a high 

likelihood, being a good choice for optimisation phase.  

 

Figure 14-(a) All the generated history-matched models and the NAB resampled models in the objective space. 
(b) Zoom-in of the green area. 

Afterwards, there was a necessity to approximate the PPD for each Pareto Model (PM) by clustering, 

as described in Hutahaean (2017). The resampled models from NAB (141 models) were clustered using 

a standardised parameter space, being each PM from history-matching Pareto Front the centre of each 

cluster (9 clusters). To decide in which cluster each model is going to be assigned, the Euclidean 

distance between the models and each cluster centre was calculated and the models were allocated 
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based on the lowest value for that distance. Then, the probability of each cluster centre was recalculated 

by summing the posterior probability of each model in each cluster.  

This process involves the following important steps: 

i) Estimation of the posterior probability distribution for each matched-model using NAB. 

ii) Standardised parameter space. 

To cluster the resampled ensemble of models a standardised parameter space was required to ensure 

equal range of values in each model parameter, setting the same scale for the distance calculation 

between each cluster centre and each model. This standardisation is done applying Equation 9: 

𝑍𝑖𝑗 =
𝑋𝑖𝑗 − 𝜇𝑖

𝜎𝑖
 ; 𝑖 = (1,2, … , 𝑛𝑝), 𝑗 = (1,2, … , 𝑁𝑇), 

being 𝑍𝑖𝑗 the standardised value of parameter i in model j, 𝑋𝑖𝑗 is the value that is being standardised, 

the original value of parameter i in model j, 𝜇𝑖 and 𝜎𝑖 is the mean and standard deviation, respectively, 

of the distribution of parameter i in all 𝑁𝑇 models with 𝑛𝑝 model parameters. 

iii) Calculate the Euclidean distance between each model and each PM. 

Each PM was defined as the centre of each cluster and to decide which models compose each cluster 

the Euclidean distance between the PM to each model in the standardised parameter space was 

computed as defined by Equation 10: 

𝑑(𝑃𝑐 , 𝑄𝑗)𝑃𝑐≠𝑄𝑗
= √∑(𝑃𝑐,𝑖 − 𝑄𝑗,𝑖)2

𝑛𝑝

𝑖=1

, 

where 𝑃𝑐 is the fixed cluster centre (𝑁𝑅 clusters), c is the number of cluster (c =  (1,2, …   𝑁𝑅)) and 𝑄𝑗 

is the other models that are not PM, i.e. are not cluster centres, 𝑗 = (1,2, … , 𝑁𝑇 −  𝑁𝑅). 

iv) Allocate each model to each cluster considering the value calculated in 3. 

Then, the models were allocated based on the nearest neighbour model of each cluster centre (lowest 

value of Equation 4.3) as stated in Equation 11: 

𝑃�̅� = { 𝐼𝑗| 𝑎𝑟𝑔𝑚𝑖𝑛𝑗∈(1,2,…,𝑁𝑇) 𝑑(𝑃𝑐 , 𝑄𝑗)}, 

being 𝐼𝑗 the I-th model that belongs to cluster with the centre of 𝑃𝑐. 

v) Sum of probabilities of each model in each cluster to assign a new probability to each cluster 

centre. 

                                         

(9) 

(10) 

(11) 
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After, the probability of each cluster centre is recalculated by summing the posterior probability of each 

model present in each cluster, giving Equation 12: 

𝑃𝑝𝑐
=  ∑ 𝑃𝑘,𝑐(𝑚|𝑂)

𝑛𝑐

𝑘=1

, 

where 𝑃𝑝𝑐
 is the recalculated probability for the 𝑝𝑐 PM, 𝑛𝑐 is the number of models in cluster c and 

𝑃𝑘,𝑐(𝑚|𝑂) is the posterior probability of each model in cluster c. 

Since the nine PM were used as cluster centres, nine clusters were created. Figure 15 shows the results 

of clustering, the number of models in each cluster and the recalculated probability of each PM. Clusters 

2 and 5 have higher probability compared to the others and cluster 8 has a relatively higher probability 

considering the rest of the clusters. The expected result was to have the higher probability values for 

the models nearest to the origin which represents higher likelihood.  

 

Figure 15-(a) Number of models in each cluster and (b) the recalculated posterior probability for each of PM. 

When dealing with high and low values of likelihood, the expectation is to have models with low misfit 

values and consequently high likelihood hence a high posterior probability. The problem here is that 

when clustering these models it is possible that a model with lower likelihood has a higher posterior 

probability value and, on the other hand, when a high likelihood model is clustered in a parameter space, 

its posterior probability can decrease (Hutahaean 2017).  

In Figure 16 the plots Parameter versus Misfit were created and the resample models by NAB were 

highlighted distinguishing the models of the different clusters using lighter colours when the cluster’ 

probability is low and darker colours when the probability is high.  

(12) 
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Figure 16-Parameter values versus misfit with the resampled models highlighted. 
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Analysing all the plots one can conclude that the resampled models have the lowest misfits, a result that 

was expected. The respective values of the parameters are also distributed in the lowest values of misfit. 

From this figure the convergence of the history matching parameters can also be interpreted. One can 

see that there are parameters that do not home so they have low influence in the history matching 

process. Those are signed with a red circle. For the other parameters the convergence is present.  

4.4 Production and Optimisation of a new well 

The new well location was optimised in each model and then was optimised under uncertainty, across 

multiple model realisations.  

The models’ selection was divided into well-matched models and poorly-matched models (Figure 13). 

History matching generated 500 models from which nine compose the Pareto Front (Figure 17) and all 

of them were selected for optimisation representing the well-matched models as their extent can 

approximate the front in the objective space and they provide a diverse set of models for optimisation.  

 

Figure 17- Nine models from the multi-objective history matching Pareto Front selected for optimisation. 

According to the main objective of this thesis, optimisation must be run also in models with high misfit 

values (low likelihood) and for that nine models from the first iterations of the history matching simulation 

with the worst misfit (high values) were chosen.  

In Figures 18 and 19 the top layer of the 18 models used in optimisation is showed. The differences 

between the poorly- and the well-matched models are highlighted in terms of petrophysical properties 

(porosity and permeability). The distribution of these properties is fairly distinct not only between the two 

set of models but also between the models present in the same group. This means that the models used 

in optimisation are diversified. 
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Figure 18- Porosity distribution for the 18 chosen models for optimisation.  

Figure 18 shows that the poorly-matched models have distinct porosity distributions among them. On 

the other hand, all well-matched models show similar distributions. In the channels, in the most cases, 

the channel located at the top of the reservoir has higher porosity and the channel in the middle has the 

lowest porosity value. 
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Figure 19- Permeability distribution along the x-axis for the 18 chosen models for optimisation. 

Comparing the permeability values (Figure 19), the poorly- and well-matched models have similar 

distributions and it is not possible to draw a conclusion about the channels.  

Figure 20 shows the initial oil-in-place for the nine well-matched and poorly-matched models. The values 

of FOIP are higher for the well-matched models than for the poorly-matched models. Also, the poorly-

matched models present great variability of FOIP values. 
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Figure 20- Initial oil-in-place for the well-matched and poorly-matched models. 

After having been producing for 16,5 years a new vertical well was added in PUNQ-S3 to increase the 

oil recovery. This new well is going to produce for the next seven years, with no periodic shut-in. The oil 

production will be continuous with a maximum oil production rate of 150 SM3/day. All producer wells are 

going to produce with a limiting factor set by the maximum gas-oil ratio (GOR) of 200 SM3/day and when 

reached the oil rate will be reduced by a factor of 0.75 with minimum 120 bars of grid block pressure.  

To tackle optimisation, a multi-objective methodology was used employing the PSO algorithm (the same 

parameterisation applied in history matching). Two objectives were set: to maximise the field cumulative 

oil production (FOPT), being the value variable and to minimise the maximum value of the field water 

production rate (FWPR) which corresponds to cost.  

Figure 21 shows the area under optimisation, between the existent wells, and the range of values (cell 

number) where the new well can be located.  Moreover, all the layers were considered for perforation. 

Constraining this area also ensure that the new well is not drilled in inactive cells, which means, outside 

the reservoir area, nor overlaps the existent wells by having the same well head location of one of the 

current wells.  

 

Figure 21- Area under optimisation and the possible range of values for the new well. 

To place a new well a multi-objective optimisation was run for each of the 9 poorly-matched models, for 

each of the 9 well-matched models and for the truth case (TC). For each model, 500 flow simulations 
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were completed, and a new Pareto front was created (Figure 22). It is important to point out that the 

resulted Pareto front from optimisation is different from the one resulted from history matching once the 

objectives used in both cases are different. In history matching the aim is to minimise both objectives 

(Equation 8) and in optimisation the goal is to maximise the FOPT and minimise the FWPR which are 

going to affect the appearance of the Pareto front.   

 

Figure 22- Optimised models and the Pareto Front from the truth case optimisation. 

The values of FOPT and FWPR resulted from the Pareto front solutions from each separate history-

matched model’ optimisation are plotted in the objective space in Figure 23. The set of points in green 

represent the poorly-matched models and the ones in blue represent the well-matched models. The set 

of points in each model represents the Pareto Front solutions resulted from optimisation and each point 

represents both production values of one optimal solution (i.e. the well location). These production 

values correspond to the 7th year. 

 

Figure 23- Pareto Front solutions from the optimisation of all models in the objective space. 
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As demonstrated in the figure above, all the solutions found by the optimiser for the well-matched models 

are clustered near to the TC in the higher values of FOPT and FWPR, covering the optimal solutions 

from the truth case. On the contrary, regarding the poorly-matched, the optimal solutions are clustered 

in the lowest values. Furthermore, it is possible to see that the optimisation from the models that are 

above the solutions from the TC are economically worse compared with the truth case (i.e. pessimistic 

models) and from the models that are below are economically better (i.e. optimistic models) once they 

produce less water for the same amount of oil produced. 

There are 48 possible locations to place the new well (considering i and j directions). Each location is 

represented by a square (cell) in the following grids. The truth case scenario was optimised as a 

reference and, because the optimality is going to be measured by the frequency, a colour bar represents 

the frequency that each solution appears in the optimisation Pareto front (Figure 24). 

 

Figure 24-Pareto optimal solutions from optimisations of the truth case scenario 

The pattern of optimal solutions in the figure above, given by the different yellow circles, is replicated on 

the following 18 grids (9 for the well-matched models and 9 for the poorly-matched models) in order to 

visualise and to better understand the solutions that are coincident. The lightest yellow represents one 

solution in that cell and the darkest yellow the cell which has the most frequent solutions.  

Figure 25 shows nine grids, which represents the possible well locations for the nine well-matched 

models, meaning that each grid symbolises the area under optimisation for each model. In each grid, 

all the optimal solutions from the optimisation Pareto front of each well-matched models are displayed. 

Moreover, the pattern of different yellow circles is overlapped expressing the optimal solutions resulted 

from optimisation of the truth case. As expected, the optimisation of well-matched models resulted in 

similar solutions to the ones found by the optimiser in the TC. With an average of 40%, the solutions 

found by the well-matched models are the same found by the TC. In addition, five of the nine models 

show that their most frequent optimal solution is coincident with the most frequent solution found by the 

TC (darker yellow circle). 
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Figure 25- Optimal solutions from the optimisation of each well-matched models on a grid. 

In poorly-matched models’ case, the spatial distribution of the optimal solutions is represented in Figure 

26. Likewise, the frequency of the optimal solutions in the optimisation Pareto front for each model is 

symbolised using a scale of colours and the pattern of the TC optimal solutions (Figure 24) is repeated 

over the optimised models to better identify the common solutions.  

 

Figure 26-Optimal solutions from the optimisation of each poorly-matched models on a grid. 

Considering the figure above one can see that the optimisation of models with high misfit can result also 

in solutions similar to the ones found by the optimiser in the truth case scenario. In this case, 30% of the 

solutions found by all nine models are the same found by the TC. In this case only one model has their 
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most frequent optimal solution coincident with the most frequent solution found by the TC (darker yellow 

circle). 

Figure 27 show the sum of all nine grids from poorly- and well-matched models displayed in only one 

grid. This was done considering all models equally probable.  

 

Figure 27-Optimal solutions from optimisation of equally probable (a) well-matched models and (b) poorly-
matched models gathered in one cell. 

When the optimal solutions are added in one grid, considering all models equally, it is possible to 

conclude that although all models have similar optimal solutions to the TC, the poorly-matched models 

have more frequent wells in the locations that are more frequent in the TC (dark yellow circle). This 

means that the well location is more important if it has high frequency. 

Figure 28 also shows the sum of all nine grids from poorly- and well-matched models displayed in only 

one grid but in this case the posterior probability is considered for the well-matched models’ optimal 

solutions. The poorly-matched models were not resampled by NAB and because of that they are 

considered equally probable and its grid (Figure 28 (b)) is the same as above. 

 

Figure 28-Optimal solutions, gathered in one cell, from optimisation considering the posterior probability of (a) 

well-matched model and the (b) poorly-matched models equally probable. 

Comparing with Figure 27 it is possible to conclude that in Figure 28 (a) there are some well locations 

(cells) in white (zero frequency) that were painted in Figure 27 (a) (frequency higher than zero). This is 

due to the posterior probability of some models is so low that the importance of their optimal solutions 

is low comparing to the solutions from the optimisation of models with higher posterior probability. On 

the other hand, the optimal solutions from the models with high posterior probability have a greater 

weight so there are cells with darker blue instead of a lighter blue as in Figure 27 (a). 
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In this case the poorly- and the well-matched models have more frequent wells in the locations that are 

more frequent in the TC, which was not what occurred when we considered the models equally-

probable. 

Optimisation under uncertainty 

To obtain the optimal solutions on average over the nine realisations, we took into account the posterior 

probability calculated by NAB as described in previous section 4.3 and a multi-objective optimisation 

was performed by imposing the assigned calculated model probability.  

In Figure 29 the optimal solutions from the Pareto Front resulted from optimisation are illustrated. As 

already stated, the different colours represent the frequency which that solutions appear in the Pareto 

Front and the pattern of yellow cycles will indicate how many and what solutions are the same found by 

the optimiser in the TC scenario.  

 

Figure 29- Optimal solutions from optimisation under uncertainty on a gird. 

Figure 29 shows that the spatial distribution of the optimal solutions (well location) is smoother when 

compared with the results obtained in optimisation individually. This means that at most one location 

only appears twice. As expected, the solutions found by the optimiser are similar to the ones found in 

the TC.  

Gathering the recalculated probability obtained from clustering and the respective FOPT for each well 

location (optimal solution) the Bayesian credible intervals (P10, P50 and P90) can be estimated by 

plotting the cumulative probability versus FOPT as explained in section 2.3.1. The results from 

optimisation under uncertainty give, for each optimal solution, the production and the corresponding 

probability. Since we choose the nine models from the history matching Pareto Front, to optimised under 

uncertainty, for each optimal solution we have nine FOPT values and the probabilities are the ones 

calculated by NAB in section 4.3. Joining the probabilities values and the FOPT values, it is possible to 

construct the cumulative distribution function for each well location. 

In the following figure, the Bayesian credible intervals for each optimal solution are illustrated being the 

upper value corresponding to P10 value, the lower to P90 value and the line between these two values 

corresponds to the value of P50. These intervals represent the uncertainty associated with the different 

well locations (optimal solutions). This means that the FOPT value for each well at the end of the 7th 
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year may be between the respective P90 and P10 values. Each bar corresponds to a different well 

location from the optimal solutions from optimisation under uncertainty and the colours associate the 

bars to the respective location in the grid.  The numbers below each bar are the respective index which 

are also identified in the grid to clarify where is the well location for each bar. The white circles are the 

production values (FOPT) resulted from the TC optimisation for the corresponding well locations. The 

white bar overlapped in bars 5 and 6 represent the range of values (maximum and minimum) of more 

than one solution resulted from TC optimisation in that location. In this case the optimisation of the TC 

and under uncertainty only have seven locations in common as optimal solutions.  

 

Figure 30-Bayesian credible intervals for each optimal solution. 

The dark pink well location shows lower uncertainty associated as its P10 and P90 values differ from 

each other in 0.23 million stb but the FOPT value for that well location found by the optimiser for the TC 

is not covered by the uncertainty range. Although the aim is to have low uncertainty, we do not expect 

that the uncertainty interval does not cover the TC optimal solution.  

 For the other optimal solutions, the range of uncertainty is greater, going from 5.1 to 5.8 million stb, 

approximately and for 3, 4, 5, 6, 9 and 18 locations the production values encapsulate the value or range 

of values of the optimal solutions from the TC optimisation.  

In the seven locations in common with the TC it is possible to see that the respective FOPT from the TC 

optimal solutions are below the P50 values. This fact happens because the TC is more heterogeneous 

than the models used. 

In order to understand the uncertainty in optimisation, the maximum and minimum values of FOPT 

resulted from optimisation of the well-, poorly- matched models and the TC were displayed as well as 

the average of P90, P50 and P10 for the optimisation under uncertainty (Figure 31). Here we want to 

confirm the reliability of forecasting by confirming the encapsulation of the truth case value within 

probabilistic forecast credible interval (P10-P50-P90). 
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Figure 31- Uncertainty associated with optimisation. 

As shown in the figure above, the FOPT values resulted from the optimisation of the poorly-matched 

models are much smaller than the other optimisations. On the other hand, the range of FOPT values 

are similar for the optimisation under uncertainty, the optimisation of the well-matched models and the 

optimisation of the truth case scenario. Moreover, the uncertainty associated with the optimisation of the 

TC is smaller. This can be justified by the fact that the TC is used as a reference, because it has 

properties (porosity and permeability) closer to the reality, so the uncertainty in this case is low. 

Considering the uncertainty in the optimal solutions associated with the optimisation under uncertainty 

is possible to understand that it encapsulates the uncertainty associated with the TC, which does not 

occur for the well- and poorly-matched models’ optimisation.  
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5. Case study 2 

5.1 The Watt Field model description 

The Watt Field is a semi-synthetic case study developed by the Uncertainty Quantification Group of 

Heriot-Watt University. Also known as IPE-1, it is a realistic field example seen through appraisal into 

the early development life stage, comprising real field and synthetic data, from a North Sea oil field 

(Arnold et al. 2013). This field is based on a mixture of real and synthetic data: the top structure and the 

wireline data are based on real field data and the fluid properties, relative permeability, and capillary 

data are synthetic. The production response was also created. 

Due to difficulties in forecasting the reservoir behaviour, there has been a development of benchmark 

problems, however the issues addressed are more focused on property distribution and upscaling, 

uncertainty prediction, history matching and production optimisation. The key is to try to extend that 

study to a multi-level and hierarchical approach. 

Uncertainty begins at the direct and indirect measurements; lack of knowledge deriving from lack or not 

good quality data and it can be propagated throughout the entire reservoir modelling workflow. Due to 

this, it is important to ponder the interpretational choice and which technique is going to be used to 

model a given feature of the reservoir since the final outcome and the reservoir description quality are 

going to be affected.  

According to the authors, this case study was established to consider interpretational uncertainty, 

integrated throughout the reservoir modelling workflow, giving the hypothesis of developing new 

methods to attend features that are not included in traditional history matching methodology, including, 

simultaneously, qualitative uncertainties. It assists the following interpretational choices (Arnold et al. 

2013): 

▪ Top structure seismic interpretation – seismic interpretation of the top structure defines 

the enclosure size and can be ambiguous from the data and the depth conversion. 

▪ Fault network definition – fault location, dimensions and the connectivity of the network 

defines the partitioning of the reservoir. 

▪ Grid resolution – pay off between number of iterations and resolution of the model to 

capture the reservoir features adequately. 

▪ Facies modelling approach – choice of algorithm to populate model with properties. 

▪ Facies interpretations – how the facies are estimated from well logs through cut-offs. 

▪ Petrophysical property prediction from the available well data – how to predict 

permeability and porosity across the reservoir. 

▪ Relative permeability data. 
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By combining several different interpretational choices, a set of geological scenarios can be explored, 

and uncertainty can be address. Table 3 comprises the various hypotheses of interpretational choices 

for the Watt Field case study regarding grid resolution, top structure, fault model and facies cut-offs, 

facies modelling approach and relative permeability data. 

Table 3- Possible uncertain choices for Watt Field case study (Arnold 2012). 

Model property Description File name 

Grid 

100 m by 100 m by 5 m G-1 

Total of 81 
 

different 
 

combinations 
 

of 
 

these 
 

properties 

100 m by 100 m by 10 m G-2 

200 m by 200 m by 5 m G-3 

Top Structure 

1 TS-1 

2 TS-2 

3 TS-3 

Fault Model 

1 FM-1 

2 FM-2 

3 FM-3 

Facies Model 
(Cutoffs) 

0.6 CO-1 

0.7 CO-2 

0.8 CO-3 

Modelling approach 

 
Data is provided for different possible field depositional models based on 
different outcrop analogues. Data from these sources could be used in 

the construction of the geological model 
 

Relative permeability 
data 

Coarse sand relperms 

RP_0_1 
 

RP_0_2 
 

RP_0_3 
 

Fine sand relperms 

RP_1_1 
 

RP_1_2 
 

RP_1_3 
 

Simulation model 

100 m by 100 m by 5 m 100 100 5 

100 m by 100 m by 10 m 100 100 10 

200 m by 200 m by 5 m 200 200 5 

The reservoir initial depth is located, approximately, at 1555m subsurface and covers a surface area of 

12.5 km by 2.5 km, extending to East/West direction, with a 190m thickness, much of which is below 

the OWC (identified from wireline and RFT data at a constant 1635m subsurface). 

The OWC level and the three possible top structures (Yellow – TS1, Red – TS2, Blue – TS3) are 

illustrated in Figure 32. 
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Figure 32- Top-view of the OWC level and Top Structures for the Watt Field (Arnold 2012). 

Initial appraisal phase was made by a set of 6 wells (from A to F). For all wells, core and neutron density 

porosity data were provided while porosity and permeability data were only available for A and C from 

which the remaining wells permeability is going to be predicted. To reproduce the uncertainty in choosing 

the true relative permeability behaviour, each facies (coarse and fine) have a set of three relative 

permeabilities to choose from. 

The seismic data, in time domain, was used to identify major faults and the top structure, converting 

them, after, in depth. Due to uncertainty, three possible tops, with three possible structural models, were 

provided, resulting in nine top surface compositions (Figure 33). Combining these nine options with 

more three different model grid resolutions (coarse, intermediate and fine) and three different facies 

interpretations, results in 81 possible simulation models to choose from. 
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Figure 33- Fault network definition for Watt Field (Arnold et al. 2012). 

The reservoir production is made through 16 horizontal wells, located across the central parts of the 

reservoir. Around the edges of the reservoir, five horizontal and two vertical injectors are developed, 

giving pressure support, assisting in production. Moreover, to maximise the distance from OWC 

horizontal multi-lateral wells were selected, increasing oil production rates and minimising water cuts. 

In addition, production history data was generated from a true case model, based on a synthetic 

development scenario, for a period of 2903 days (8 years), counting with 15% of random Gaussian noise 

to simulate the measurement errors in the data.  

Table 4 and Table 5 demonstrate the operation parameters for all wells, both producer and injector: 

Table 4- Operation parameters for all producer wells of the Watt Field. 

Well Name 
Producer 

Type 
Start of 

Production 
Control Mode 

Flow Rate 
(stb/day) 

BHP target 
(psia) 

Well 1 OIL, GAS 01/01/2011 Liquid Rate 8000 1000 

Well 1A OIL, GAS 01/01/2011 Liquid Rate 8000 1000 

Well 1B OIL, GAS 01/01/2011 Liquid Rate 8000 1000 

Well 2 OIL, GAS 07/11/2011 Liquid Rate 6500 1000 

Well 2A OIL, GAS 07/11/2011 Liquid Rate 6500 1000 

Well 3 OIL, GAS 05/06/2011 Liquid Rate 8000 1000 

Well 3A OIL, GAS 05/06/2011 Liquid Rate 8000 1000 

Well 4 OIL, GAS 01/01/2011 Liquid Rate 8000 1000 

Well 4A OIL, GAS 01/01/2011 Liquid Rate 8000 1000 

Well 5 OIL, GAS 10/03/2012 Liquid Rate 8000 1000 

Well 5A OIL, GAS 10/03/2012 Liquid Rate 8000 1000 

Well 6 OIL, GAS 01/01/2011 Liquid Rate 8000 1000 

Well 7 OIL, GAS 11/06/2012 Liquid Rate 8000 1000 

Well 8 OIL, GAS 05/06/2011 Liquid Rate 8000 1000 

Well 9 OIL, GAS 01/01/2011 Liquid Rate 6500 1000 

Well 10 OIL, GAS 12/09/2012 Liquid Rate 7000 1000 
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Table 5- Operation parameters for all injector wells of the Watt Field. 

As already discussed, this case study does not have a truth case scenario. Its uncertainty is the result 

of different geological scenarios that can be constructed (prior models). These scenarios are a 

combination of interpretational choices of grid resolution, top structure, fault model and facies cut-offs, 

facies modelling approach and relative permeability data (Table 3). The truth case scenario is used as 

a reference to compare the results from optimisation, for well location and production values.  

For a fixed grid (G1) and the model approach OBJECT, the prior models were created combining these 

two properties and the three fault models (FM1, FM2 and FM3), the three top structures (TS1, TS2 and 

TS3), the three facies model (cutoffs) (CO1, CO2 and CO3) and coarse and fine sand relperms (RP_0 

and RP_1, respectively). 

From the 54 built models, seven were chosen as reference. Three models with the lowest values of field 

initial oil-in-place (FOIIP), corresponding to the worse scenario, three with the highest values of FOIIP 

being the best scenario and one with FOIIP in the middle (Table 6).  

Table 6- Base case scenarios and its initial oil-in-place values. 

Name Model FOIIP (stb) 

Prior models 1 FM3_CO1_G1_TS2_OBJ_RP_0 1.28E9 

Prior models 2 FM2_CO1_G1_TS2_OBJ_RP_0 1.28E9 

Prior models 3 FM1_CO1_G1_TS2_OBJ_RP_0 1.28E9 

Prior models 4 FM3_CO3_G1_TS3_OBJ_RP_1 7.64E8 

Prior models 5 FM2_CO3_G1_TS3_OBJ_RP_1 7.64E8 

Prior models 6 FM1_CO3_G1_TS3_OBJ_RP_1 7.63E8 

Prior models 7 FM2_CO1_G1_TS1_OBJ_RP_1 8.54E8 

The initial oil-in-place values for the prior models 1, 2 and 3 are higher compared to the others (Table 

6). Knowing that the grid was the same for all scenarios, the reason for higher values in the three first 

prior models may be due to TS2. In the following figure (Figure 34), TS2 presents higher thickness which 

Well Name 
Injector 

Type 
Control 
Mode 

Flow Rate 
(stb/ day) 

BHP target 
(psia) 

Flow Rate 
(stb/ day) 

BHP target 
(psia) 

INJ 1 WATER Flow Rate 12500 3500 19000 3500 

INJ 2 WATER Flow Rate 15000 3500 19000 3500 

INJ 3 WATER Flow Rate 15000 3500 19000 3500 

INJ 4 WATER Flow Rate 15000 3500 19000 3500 

INJ 5 WATER Flow Rate 15000 3500 19000 3500 

INJ 6 WATER Flow Rate 15000 3500 19000 3500 

B WATER Flow Rate 10000 3500 11000 3500 
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may result in more oil in place. Also, these three base case scenarios have in common the coarse sand 

relperms (RP_0) and the facies model (CO1). 

 

Figure 34- Pay zone thickness maps for the three top structure scenarios (Arnold et al. 2013) 

Figure 35 and Figure 36 show the porosity and permeability maps of the seven prior models at the top 

of the reservoir. 
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Figure 35- Porosity distribution for the seven prior models. 

 

Figure 36- Permeability distribution for the seven prior models. 
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In both figures there is a clear pattern in porosity and permeability distributions for the prior models 1, 2 

and 3 and for 4, 5 and 6 since the top structure (TS) and the facies model (CO) are common. 

In the following sub-sections, the details of the main steps of the applied methodology are presented as 

well as the obtained results for this case study. 

5.2 History Matching   

As described in the methodology workflow, a new well location was optimised using models with different 

history matching performances. 223 models were generated by a zonation-based geostatistical history 

matching coupled with adaptive stochastic sampling and was part of Barrela (2016) work. Table 7 

describes the perturbed parameters and its prior distributions. 

Table 7- Prior distribution ranges (Barrela 2016). 

Property Parameter Variable Name 
Distribution 

Type 
Prior Range 

Fault Transm. All Fault Transm. 
$ftrans 

(2,3,5,6,7,8,9) 
Uniform [0.0,1.0] 

Permeability 

Horizontal Range $permrange1 Discrete Uniform [40,80] 

Vertical Range $permrange2 Discrete Uniform [10,30] 

Facies 2 Proportion $perm_fac_2 Uniform [0.7,1.0] 

Facies 1 Mean $perm_mean_1 Uniform [-1.5,1.5] 

Facies 2 Mean $perm_mean_2 Uniform [1.5,3.0] 

Porosity 

Horizontal Range $pororange1 Discrete Uniform [40,80] 

Vertical Range $pororange2 Discrete Uniform [10,30] 

Facies 2 Proportion $poro_fac_2 Uniform [0.0,0.3] 

Facies 1 Mean $poro_mean_1 Uniform [0.15,0.19] 

Facies 2 Mean $poro_mean_2 Uniform [0.19, 0.23] 

Figure 37 shows the fluid flow response for FOPR (stb/day) and FWPR (stb/day) for the five best models.  

 

Figure 37- Fluid flow response for (a) FOPR and (b) FWPR for geostatistical history matching coupled with 
adaptive stochastic sampling. 
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By doing multidimensional scaling and then clustering the models based on the Euclidian distance two 

sets of 10 models were selected to optimise the new well location. One set where the poorly- matched 

models are comprised and other composed by the well-matched models. Note that the poorly-matched 

models belong to the first iterations whereas the well-matched models are from the last iterations. Figure 

38 and Figure 39 show, respectively, the porosity and permeability distribution of the top layer of all 20 

models. 

 

Figure 38- Porosity distribution map for (a) poorly-matched and (b) well-matched models. 

 

Figure 39- Permeability logarithmic distribution map (mD) for (a) poorly-matched and (b) well-matched models. 
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Analysing Figure 38 it is possible to conclude that all well-matched models have a similar porosity 

distribution with higher values in the upper left corner. This occurs due to the GHM being already 

converged for the models in the last iterations. This effect also happens for the permeability distribution. 

For the poorly-matched models, although there is no distribution pattern for porosity, the last five models 

have a similar permeability distribution. 

 

Figure 40- Initial oil-in-place for the well-matched and poorly-matched models. 

Figure 40 shows the initial oil-in-place values for the well-matched and the poorly-matched models. Both 

set of models have similar initial oil-in-place and low variability of values.  

In Figure 41 the FOPT and FWPR forecast until March 2019 is represented for poorly-matched (curves 

in blue) and well-matched models (curves in orange). 

 

Figure 41-Production evolution during time for the well- and poorly-matched models: (a) FOPT and (b) FWPR. 

Analysing both plots, it is clear the difference in behaviour in the production evolution of the models. 

Here, it is noticeable the PSO algorithm performance once the production behaviour for the well-

matched models converge for the same behaviour in both plots (in orange). The ten poorly-matched 

models (in blue) present a clear difference in FWPR (Figure 41 (b)): on March 2019, five poorly-matched 
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models present values of water production rate above 350 hundreds stb/day whereas the other five 

models only produce around 200 hundreds stb/day. That behaviour also occurs for FOPT (Figure 41 

(a)). In both plots the curves corresponding to the well-matched models are located between the curves 

corresponding to the poorly-matched models. 

5.3 Production and Optimisation of a new well  

Contrary to the first case study, the well added in this case it is not vertical but horizontal as the ones 

already in the model. The new well incorporates three parts and its location in a defined region and its 

horizontal trajectory were optimised, specifically the alpha, beta, delta alpha and delta beta angles that 

rotate the wellbore in 3D, and the location of T1 (Figure 42). 

 

Figure 42- Illustration of the new well added. 

Focusing in T1 – T2 part of the well, alpha is the angle between X-axis and the projection of the wellbore 

trajectory on XY plane (Figure 43 (a)) and beta is the angle between the XY-plane and the wellbore 

trajectory (Figure 43 (b)), length 1 as the name suggests is the length of T1 – T2 part. Additionally, the 

spherical coordinates using the respective angles and length specify all points. 

 

Figure 43- Illustration of angles (a) alpha and (b) beta for T1-T2 part of the wellbore. 

To rotate the T2-T3 part in 3D to alpha and beta angles are added delta alpha and delta beta angles, 

respectively. Likewise, length 2 corresponds to the size of the T2-T3 part. The following equations are 
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applied to transform T2 (Equations 13, 14 and 15) and T3 (Equations 16, 17 and 18) coordinates from 

spherical to cartesian. 

 

 

 

 

 

 

Due to the size of the field and the considerable number of wells already implemented in it, an area for 

the possible T1 location was selected. Furthermore, to make this choice an important property of the 

field was taken into account. In Figure 44 the reservoir top layer (roof) is represented, showing its oil 

saturation distribution at the time the new well is added and the area where it is possible to place the 

new well.  

 

Figure 44- Oil saturation map from the top layer with the area under optimisation highlighted. 

Table 8 shows the range of values used in optimisation. The angle values were chosen considering the 

possible rotation of each part of the wellbore. For alpha, all the potential angles in the cycle were 

admitted (angles between 0 and 2π) to enable T1-T2 part to be oriented in any direction of the field in 

the XY plane as demonstrated in Figure 45 (a). Regarding the beta angle, the feasible interval ensures 

(13) 𝑇2𝑋 = 𝑇1𝑋 + (𝑙𝑒𝑛𝑔𝑡ℎ1 × cos (𝑎𝑙𝑝ℎ𝑎)  × cos  (𝑏𝑒𝑡𝑎)) 

𝑇2𝑌 = 𝑇1𝑌 + (𝑙𝑒𝑛𝑔𝑡ℎ1 × sin  (𝑎𝑙𝑝ℎ𝑎)  × cos  (𝑏𝑒𝑡𝑎)) (14) 

𝑇2𝑍 = 𝑇1𝑍 + (𝑙𝑒𝑛𝑔𝑡ℎ1 × sin  (𝑏𝑒𝑡𝑎)) (15) 

𝑇3𝑍 = 𝑇2𝑍 + (𝑙𝑒𝑛𝑔𝑡ℎ2 × sin  (𝑏𝑒𝑡𝑎 + 𝑑𝑒𝑙𝑡𝑎_𝑏𝑒𝑡𝑎)) (18) 

𝑇3𝑌 = 𝑇2𝑌 + (𝑙𝑒𝑛𝑔𝑡ℎ2 × sin  (𝑎𝑙𝑝ℎ𝑎 + 𝑑𝑒𝑙𝑡𝑎_𝑎𝑙𝑝ℎ𝑎)  × cos  (𝑏𝑒𝑡𝑎 + 𝑑𝑒𝑙𝑡𝑎_𝑏𝑒𝑡𝑎)) 
(17) 

𝑇3𝑋 = 𝑇2𝑋 + (𝑙𝑒𝑛𝑔𝑡ℎ2 × cos (𝑎𝑙𝑝ℎ𝑎 + 𝑑𝑒𝑙𝑡𝑎_𝑎𝑝ℎ𝑎)  × cos (𝑏𝑒𝑡𝑎 + 𝑑𝑒𝑙𝑡𝑎_𝑏𝑒𝑡𝑎)) (16) 
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the mobility of T1-T2 part in Z direction, which allows it to go for positive, or negatives values in the Z-

axis (Figure 45 (b)). As shown in Figure 45 (c), the delta alpha angle is added to alpha in order to rotate 

the T2-T3 part in XY plane, which can take positive or negative values depending on T2-T3 orientation. 

Lastly, the angle between the T2-T3 part and Z-axis is given by the sum of delta beta and beta angles, 

which permits this part to go up or down in the Z-axis, depending on the value of that sum (Figure 45 

(d)). For the possible locations of T1 (X and Y values), as said before, the existent wells and the oil 

saturation were taken into account and the size of the area in the figure above is given by the following 

T1X and T2Y values. 

Table 8 - Range of values of the optimised parameters. 

Parameters Range 

Alpha [0 ; 2π] radians  

Beta [-0.07 ; 0.07] radians  

Delta_alpha [-0.7 ; 0.7] radians 

Delta_beta [-0.01 ; 0.06] radians  

T1X [1334458 ; 1339020] ft. 

T1Y [282988 ; 285611] ft. 

 

Figure 45-Illustration of T1-T2 and T2-T3 possible orientations. 

In the opposite, length 1, length 2, T1z are fixed parameters and its values are presented in Table 9. 

Table 9- Values for the fixed parameters. 

Parameters  Value  

Length 1 900 ft. 

Length 2 900 ft. 

T1Z 5128 ft. 
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The production of the field started in January 2011 as described in Table 4. After two years of production, 

the new well was added to increase oil production and it will produce for six years and two months 

(March 2019). Its control mode is done by liquid rate and it will produce with a maximum oil production 

rate of 7000 stb/day.  

Analogously to the first case study, optimisation was performed using MOPSO algorithm joining, in this 

case, a learning algorithm called Random Forest (RF) to help avoid the solutions in which the well exists 

out of the layer and to speed up the results convergence. Both algorithms are characterised by the 

following parameters: 

MOPSO: 
 

▪ Number of particles: 20 
▪ Initial inertia: 0.729 
▪ Cognitive component, c1: 1.494 
▪ Social component, c2: 1.494 

 

RF: 
▪ Learning interval: 100 
▪ Decay: 0.1 
▪ Number trees: 100 
▪ Max depth: 0 
▪ Min points:1 

 

A multi-objective optimisation assisted by the PSO algorithm was performed in order to find an ensemble 

of possible well locations. Optimisation was run for the 20 models by maximising the FOPT and 

minimising the FWPR. In addition, the optimisation was run in the base cases. For each model, 500 flow 

simulations were completed, creating a new Pareto Front for each model (Figure 46). All the optimal 

solutions present on the Pareto Front are going to be analysed. 

 

Figure 46- Example of a set of optimised models and the Pareto Front resulted from optimisation. 

Figure 47 shows the optimisation results for the seven prior models, in terms of FWPR and FOPT. These 

values correspond to the end of the sixth year. Each model is represented by more than one point 

indicating the optimal solutions found by the optimiser for each model.  

Between the seven models the optimal solutions present different values. Prior models 6 and 7 have 

their optimal solutions in the higher values of FWPR and in the lower values of FOPT, comparing to the 

rest of the prior models. 
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Figure 47- Pareto Front solutions from the optimisation of the BS in the objective space. 

Likewise, Figure 48 show the optimisation results, in terms of FWPR and FOPT. The blue symbols 

correspond to well-matched models and the pink to poorly-matched models. Each symbol in each colour 

represents one of the 20 models (10 well- and 10 poorly-matched models), so there are 10 blue symbols 

and 10 pink symbols. Each model is represented by more than one point indicating the optimal solutions 

found by the optimiser for each model. In addition, the production values obtained from the optimal 

solutions of the base scenarios are presented and indicated in the figure. 

 

Figure 48-Pareto Front solutions from the optimisation of all models in the objective space. 

Considering Figure 48 one can distinguish between the two different groups of points (blue and pink). 

The blue set of points (representing the optimal solutions of the 10 well-matched models) are clustered 
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in the bottom right-hand corner, comprising values between 309 and 325 million of stb of FOPT and 

between 310 and 389 hundred of stb/day of FWPR. The optimal solutions of the poorly-matched models 

represented by the pink set of points are distributed above and below the optimal solutions of the 10 

well-matched models. There are pink optimal solutions in the lower values of FWPR (all in 200 hundred 

of stb/day, approximately) and between 318 and 335 million of FOPT (stb) and the other pink solutions 

are between 391 and 440 hundred of stb/day of FWPR and between 395 and 312 million of stb of FOPT. 

The optimal solutions found by the well-matched and poorly-matched models encapsulate the optimal 

solutions from 4 prior models, meaning that the optimal solutions cover the best and worse scenarios. 

Figure 49 presents the values of FOPT (a) and FWPR (b), produced until March 2019, for the seven 

prior models with the new well added (in orange). These values are an average of the values resulting 

from the optimal solutions. Moreover, those values are also present for the same scenarios without the 

new well (in blue) until the same date. In (c) are the values of the oil recovery factor (RF) (in percentage) 

based on the initial oil-in-place.  

 

Figure 49-Comparison between (a) FOPT, (b) FWPR and (c) oil recovery factor values for the prior models with 
and without the new well on March 2019. 

Analysing the figure above (Figure 49 (a)) it is clear a higher difference between the values of FOPT 

with and without the new well for prior models 4 and 5. This fact confirms an increase in the recovery 

factor (Figure 49 (c)) by 8% for prior model 4 when adding the new well and 7% for prior model 5. At the 
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same time, when adding the new well both prior models present a larger decrease in FWPR (Figure 49 

(b)) which was one of the optimisation objectives.  

As previously concluded in Figure 48 the resulted optimal solutions for prior model 6 with the new well 

present the lowest values of FOPT and the highest values of FWPR which is confirmed by the orange 

bars in (a) and (b). Comparing that values with the blue bars it is clear the low impact of adding the new 

well once the recovery factor increases by 1% (Figure 49 (c)). In addition, the values of FOPT and FWPR 

for prior models 4, 5 and 6, which are the base scenarios with the lowest values of FOIP, without the 

new well, are similar (Figure 49 (a) and (b)) which results in the same value of recovery factor (Figure 

49 (c)). 

For prior models 1, 2 and 3 the values of FOPT are similar with and without the new well, so adding the 

new well does not have much impact once only increases the recovery factor by 1% (Figure 49 (c)). In 

(b) it is possible to conclude that the three scenarios produce more water when adding the new well.  

The same plots present in Figure 49 were obtained for the well-matched and poorly-matched models. 

In Figure 50, Figure 51 and Figure 52 the values correspondent to the new well added (blue bar) are 

the average of the optimisation results given by the optimal solutions.  

Figure 50 presents a comparison between the FOPT values from the forecast (without the new well, in 

orange) and from the optimal solutions resulted from the optimisation of the new well (new well added, 

in blue). 

 

Figure 50-Comparison between FOPT values for the (a) well-matched and (b) poorly-matched models with and 
without the new well on March 2019. 

As expected, for the well-matched models (Figure 50 (a)), FOPT values are higher with the new well 

added for the 10 different models. Even though the values of FOPT with and without the new well are 

fairly constant, the difference in total oil production is more evident for model 3, 6 and 10.   

In Figure 50 (b), FOPT has distinct values for the different models. Models 6, 7, 8, 9 and 10 present 

higher FOPT values (with and without the new well) than models 1, 2, 3, 4 and 5 like demonstrated in 
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Figure 48. Although all models show an increase in production, in model 1 the average of FOPT given 

by the optimal solution result in a lower value than the forecast. 

Figure 51 shows a comparison between the FWPR values from the forecast (without the new well, in 

orange) and from the optimal solutions resulted from the optimisation of the new well (new well added, 

in blue).  

 

Figure 51-Comparison between FWPR values for the (a) well-matched and (b) poorly-matched models with and 
without the new well on March 2019. 

Comparing the resulted FWPR values for the well-matched models (Figure 51 (a)) one can conclude 

that the water production rate is practically the same. The average of FWPR values from the models 

with the new well show a small increase when compared with the same values without the new well. 

This small increase in water produced is justified by the increase of oil production. 

As in the previous figure (Figure 50 (b)), there are evident distinct FWPR values for the poorly-matched 

models. With or without the new well, models 1, 2, 3, 4 and 5 present higher values of FWPR than the 

other models. This means that the models 6, 7, 8, 9 and 10 show higher values of FOPT and lower 

values of FWPR, being the opposite for the rest of the models. Models 1 and 5 produce less water when 

optimised with the new well.   

Figure 52 presents a comparison between the recovery factor of FOPT from the forecast (without the 

new well, in blue) and from the optimal solutions resulted from the optimisation of the new well (new well 

added, in orange).  
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Figure 52- Comparison between the recovery factor of FOPT for the (a) well-matched and (b) poorly-matched 
models with and without the new well on March 2019. 

Analysing Figure 52 it is possible to conclude that the ranges of recovery factor values are greater for 

the poorly-matched models with and without the new well. This means that the uncertainty associated 

with the recovery factor is greater for the poorly-matched models. 

Since it is an optimisation of a horizontal well, the results are demonstrated by representing which cells 

cross the well and the frequency that this occurs. Figure 53 is an example of a partial 2D section of the 

reservoir showing the new well (W8) and its configuration.  

 

Figure 53- Partial 2D section of the reservoir showing the new well (W8). 

In a grid, which represents the area in the reservoir where the new well can be located, the idea is to 

colour the cells in that the optimal solutions found by the optimiser for each model (well locations) appear 

considering the frequency. Each square in Figure 54 represents one cell (i, j) in the reservoir and there 

are 255 cells (17 x 15) in each grid.  
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Figure 54- Grid with all the possible new well locations. 

In each grid, the optimal solutions resulted from the respective model’s optimisation (Pareto Front) are 

represented and the frequency colour bar represents how many times the wells appear in each cell. The 

spatial distribution of the optimal solutions (well locations) from the prior models, well- and poorly-

matched models are presented in Appendix B.  

The result of gathering all prior models, well-matched models and poorly-matched models’ grids and 

summing the frequency of the wells is present in Figure 55. Here all optimal solutions from the seven 

prior models, the ten well-matched models and the ten poorly-matched models are in one respective 

grid to better understand the spatial distribution of the wells.  

 

Figure 55- Distribution of all solution of (a) prior models, (b) well-matched models and (c) poorly-matched models. 

Figure 55 shows that the optimal solutions (well locations) found by the optimiser for the prior models 

are distributed along the second and third quadrants, being more frequent in third quadrant. The well-

matched models’ solutions are more located in the third and fourth quadrants and for the poorly-matched 

models the solutions cover almost all second, third and fourth quadrants. Thus, by analysing the figure 

above it is possible to conclude that, although the most frequent cells are in the fourth quadrant for the 

poorly-matched models, the wells are more spread in the grid and cover the second as third quadrant 

as the prior models. For the well-matched models the wells are more concentrate in the third and fourth 

quadrants having only one quadrant in common with the prior models. 
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6. Conclusions and Future Work 

This thesis studies the influence of history matching in the field development plan. First, history matching 

was applied to generate an ensemble of models. As the models are not equally probable, the posterior 

probability of the history-matched models was inferred to be the base for the uncertainty forecast 

calculation. After that, the models’ selection was done based on their values of misfit, considering two 

different groups: models that match the observed data and have low misfit values, named the well-

matched models and models that were resulted from the first iterations being poorly-matched models. 

Finally, a new well was added, and its location and configuration were optimised using a multi-objective 

PSO as the algorithm that helps to search the parameter space and the optimal solutions given by the 

different history-matched models were compared in terms of oil and water production (FOPT and FWPR, 

respectively) and in terms of well location and configuration.   

For PUNQ-S3 reservoir model, in terms of production values, the optimal solutions resulted from 

optimisation of the well-matched models have similar values of FOPT and FWPR to the resulted 

solutions of the TC optimisation. On the other hand, the production values obtained in the poorly-

matched models’ optimisation are lowest values of oil and water production. The maximum values of 

FOPT and FWPR that the poorly-matched models with the new well can produce are around 3.6 sm3 

and 200 sm3/day, respectively, whereas these values are 5.8 sm3 and 700 sm3/day for the TC and 6.1 

sm3 and 900 sm3/day for the well-matched models.  

In terms of well location, 40% (average) of the solutions found by the optimiser for the well-matched 

models are similar to the ones found for the TC. For the poorly-matched models this value is 30% 

(average).  

Summing all nine grids from poorly- and well-matched models and displaying in only one grid, 

considering all models equally, show that although all models have similar optimal solutions to the TC, 

the poorly-matched models have more frequent wells in the locations that are more frequent in the TC. 

When this is done considering the posterior probability for the well-matched models, the poorly- and the 

well-matched models show more frequent wells in the locations that are more frequent in the TC. 

Even though the optimisation of the new well location can result in similar optimal well locations using 

well- or poorly-matched models, the production values (FOPT and FWPR) are very different for both 

group of models. So, relying in poorly-matched models can discourage drilling a new well.  

Comparing the P10, P50 and P90 values of the optimal solutions (well locations) resulted from 

optimisation under uncertainty with the values of FOPT for the same well locations resulted from TC 

optimisations one can conclude that for all locations (in common with the TC) the P10 and P90 interval 

encapsulate the value or range of values of the optimal solutions from the TC optimisation. This fact 

does not happen for one location that shows the lowest uncertainty. Although the aim is to have low 

uncertainty, we do not expect that the uncertainty interval does not cover the TC optimal solution. 
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The calculated values of P10, P50 and P90 for the optimal solution of the TC show low uncertainty, 

which was expected once TC is used as a reference. The resulted optimal solutions of the well-matched 

models and under uncertainty are similar than TC whereas for the poorly-matched models that values 

are low and show low uncertainty associated. The uncertainty associated with the optimisation under 

uncertainty encapsulates the uncertainty associated with the TC, which does not occur for the well- and 

poorly-matched models’ optimisation. 

For Watt Field reservoir model, the well-matched models show a high impact when adding the new well 

in terms of FOPT. For the poorly-matched models the behaviour is the same except for one model which 

produces (on average) less with the new well added which is not an expected result. The impact on 

FWPR is not relevant but, as expected, the average values are slightly higher with the new well added 

due to the increase on oil production. This behaviour does not occur in two poorly-matched models 

which present lower water production values (on average) with the new well added.      

In terms of recovery factor values, the addition of the new well does not have a great impact once at the 

most it only increases 2% for the well-matched models and 1% for the poorly-matched models. 

Comparing the maximum and minimum values of RF for the 10 poorly- and well-matched models, with 

the new well added, one can see that there is a difference of 5% in the poorly-matched models whereas 

there is only a difference of 2% in the well-matched models. This means that the poorly-matched models 

give higher uncertainty in terms of recovery factor comparing with the well-matched models. 

Regarding the well location, the optimal solutions found by the optimiser for the prior models are mostly 

distributed along the second and third quadrants, being more frequent in third quadrant. For the well-

matched models the solutions are more located in the third and fourth quadrants and for the poorly-

matched models the solutions cover almost all second, third and fourth quadrants. Although the most 

frequent cells are in the fourth quadrant for the poorly-matched models, the wells are more spread in 

the grid and cover the second as third quadrant as the prior models. For the well-matched models the 

wells are more concentrate in the third and fourth quadrants having only one quadrant in common with 

the prior models. 

As future work, in the first case study the poorly-matched models used to optimise the new well location 

were chosen from the run’ first iterations and with the worst misfit. So, selecting the poorly-matched 

models only based on the first iterations, not taking into account the misfit value could be a good 

approach to better understand the influence in the optimal solutions.  

Since Watt Field is a relatively large field it is possible to consider adding more than one well, optimising 

their location and configuration. The posterior probability of the history-matched models should be 

calculated, and the optimisation done under uncertainty.  

Further work can be done applying the same methodology for both case studies but not constraining 

the new well location, so the algorithm can search on all model surface. Here it would be interesting to 
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apply an algorithm that prevents the new well from being located in the same position or near to the 

existent wells.  
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Appendix A- Uncertainty Quantification Parameters 

The parameterisation used for history matching was based on 24 parameters, from which 12 are for 

porosity and 12 are horizontal permeability multipliers, correspondent to each zone of the reservoir.  

To calculate the range of values for the porosity parameters ($𝑝𝑘𝑖, $𝑝𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑, $𝑝2 and $𝑝4) 

equations A.1 (channels a, b and c for layers 1, 3 and 5), A.2 (background floodplain zone), A.3 

(homogeneous layer 2) and A.4 (homogeneous layer 4) were applied, knowing the range of values of 

∅𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 𝑎,𝑏,𝑐, ∅𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑓𝑙𝑜𝑜𝑑𝑝𝑙𝑎𝑖𝑛, ∅ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑜𝑢𝑠 𝑙𝑎𝑦𝑒𝑟 2 and ∅ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑜𝑢𝑠 𝑙𝑎𝑦𝑒𝑟 4 from Table 2: 

∅𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 𝑎,𝑏,𝑐 = ($𝑝𝑘𝑖  × 0.15) + 0.15 , 

where 𝑘 represents the channels (a, b and c) and 𝑖 the correspondent layers (1,3 and 5), 

∅𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑓𝑙𝑜𝑜𝑑𝑝𝑙𝑎𝑖𝑛 = ($𝑝𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 × 0.1) + 0.05 , 

∅ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑜𝑢𝑠 𝑙𝑎𝑦𝑒𝑟 2 = ($𝑝2 × 0.1) + 0.05 , 

∅ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑜𝑢𝑠 𝑙𝑎𝑦𝑒𝑟 4 = ($𝑝4 × 0.1) + 0.05 , 

Regarding the horizontal permeability multiplier parameters, the range of values was obtained using 

equations A.5 (channels a, b and c for layers 1, 3 and 5), A.6 (background floodplain zone), A.7 

(homogeneous layer 2) and A.8 (homogeneous layer 4). 

𝐾ℎ 𝑐ℎ𝑎𝑛𝑛𝑒𝑙𝑠 𝑎,𝑏,𝑐 = $𝑀𝑢𝑙𝑡𝑖𝑝𝑘𝑖 (10(0.77+9.03($𝑝𝑘𝑖 ×0.15+0.15))) 

𝐾ℎ 𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 𝑓𝑙𝑜𝑜𝑑𝑝𝑙𝑎𝑖𝑛 = $𝑀𝑢𝑙𝑡𝑖𝑝𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 (10(0.77+9.03($𝑝𝑏𝑎𝑐𝑘𝑔𝑟𝑜𝑢𝑛𝑑 ×0.1+0.05)))   

𝐾ℎ ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑜𝑢𝑠 𝑙𝑎𝑦𝑒𝑟 2 = $𝑀𝑢𝑙𝑡𝑖𝑝2 (10(0.77+9.03($𝑝2 ×0.1+0.05)))   

𝐾ℎ ℎ𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑜𝑢𝑠 𝑙𝑎𝑦𝑒𝑟 4 = $𝑀𝑢𝑙𝑡𝑖𝑝2 (10(0.77+9.03($𝑝4 ×0.1+0.05))) 

The range of parameters values resulted from the equations above are presented in Table A-1 (adapted 

from (Floris et al. 1999)).  
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Table A-1- Uncertainty Quantification Parameters for porosity and horizontal permeability. 

Zone Porosity Parameter 
Horizontal Permeability 

Multiplier Parameter 

Layer 1 

Channel a $pa1 [-0.2 ; 1.0] $Multipa1 [0.2 ; 0.4] 

Channel b $pb1 [-0.2 ; 1.0] $Multipb1 [0.2 ; 0.4] 

Channel c $pc1 [-0.2 ; 1.0] $Multipc1 [0.2 ; 0.4] 

Background floodplain $pbackground [-0.4 ; 0.7] $Multipbackground [0.1 ; 2.5] 

Homogeneous layer 2 $p2 [-0.4 ; -0.3] $Multip2 [0.1 ; 24] 

Layer 3 

Channel a $pa3 [-0.2 ; 1.0] $Multipa3 [0.2 ; 0.4] 

Channel b $pb3 [-0.2 ; 1.0] $Multipb3 [0.2 ; 0.4] 

Channel c $pc3 [-0.2 ; 1.0] $Multipc3 [0.2 ; 0.4] 

Homogeneous layer 4 $p4 [-0.4 ; 1.7] $Multip4 [0.1 ; 0.9] 

Layer 5 

Channel a $pa5 [-0.2 ; 1.0] $Multipa5 [0.2 ; 0.4] 

Channel b $pb5 [-0.2 ; 1.0] $Multipb5 [0.2; 0.4] 

Channel c $pc5 [-0.2 ; 1.0] $Multipc5 [0.2; 0.4] 
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Appendix B- Distribution of optimal solutions in a grid 

In Figure B.1 the optimal solutions resulted from the optimisation of the seven base case scenarios are 

represented in the respective grid.  

 

Figure B.1-Optimal solutions from the optimisation of each base case on a grid. 

In Figure B.2 the optimal solutions resulted from the ten well-matched models’ optimisation are 

represented in the respective grid.  

 

Figure B.2-Optimal solutions from the optimisation of each well-matched models on a grid. 
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In the same way, in Figure B.3, the optimal solutions resulted from the ten poorly-matched models’ 

optimisation presented, in the respective grid. 

 

Figure B.3-Optimal solutions from the optimisation of each poorly-matched models on a grid. 

 


