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A B S T R A C T  

The decision-making in field development must be well informed and robust. This process is influenced by 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 levels of precision (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. The first case study the implementation of a vertical well and its location is optimised. In the second case study 

the new well is horizontal, and its location and direction are optimised. The uncertainty estimation of optimal solutions is quantified 

using a combination of neighbourhood algorithm with Bayesian inference, i.e. neighbourhood algorithm Bayes (NAB).  

Keywords: History Matching, Multi-objective Particle Swarm Optimisation, Bayesian Inference, Well Optimisation.

1. Introduction 

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. 

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 
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history matching loop to obtain acceptable results with 

relatively low computational costs. 

The uncertainty is quantified using the posterior 

probability associated to the generated models given by 

the Bayesian Analysis using NAB, a Bayesian extension of 

Neighbourhood Algorithm. 

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.  

2. Methodology Workflow 

This work 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.  

A new well is added in two different benchmark 

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.  

The proposed methodology is divided into four main 

steps (Fig.1): 

1. Assisted history matching: Generation of 
multiple reservoir realisations by perturbing reservoir 
parameters with the aim of matching the production 
data from the field. In the first case study, 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 from the first 
iterations with the highest misfit. For case study 2the 
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-matched 
models) were selected. In both case studies, history 
matching process was assisted by PSO; 

2. Bayesian Analysis: infer the appropriate 
posterior probability of the history-matched models 
which are going to be essential to calculate the forecast 
uncertainties and important to guarantee a good 
uncertainty estimation of optimal solutions.(Erbas and 
Christie 2007).; 

 

 

Fig. 1-Generalised methodology applied in this work. 

. 

The optimisation procedure was done in two distinct 
ways (Fig.2): 

3. Optimisation of a new well location: To place a 
new infill well its location was optimised using each 
selected model, and it was performed by means of a 
multi-objective approach that allows minimising the 
water produced and to maximise the total oil production; 

4. Optimisation under uncertainty: 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. This was also done by 
means of a multi-objective approach using PSO. 
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Fig.  2-Workflow diagram of the optimisation phase. 

 

2.1. Case study 1 

The methodology described above is going to be 

applied first in benchmark reservoir model, PUNQ-S3.  

2.1.1. History Matching  

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. 

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 aim is to 

minimise both objectives: 

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 

 

These objectives were chosen based on the work 

developed by (Hutahaean et al. 2017). 

In Tab. 1 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). 

Tab. 1-Prior porosity and horizontal permeability ranges. 

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] 

 

2.1.2. Bayesian Analysis 

After producing a set of history-matched models, 

NAB resample all the models and infer the posterior 

probability of each one of them.  

The PPD inferred for each model is computed based 

on the total misfit values and in a multi-objective case 

these misfit values are calculated over all misfit 

components. In the first case study, a multi-objective 

method is applied so there is a necessity of 

approximating the PPD by clustering the resampled 

models from NAB clustered using a standardised 

parameter space (Hutahaean 2017). 

This process involves the following important steps: 

i) Estimation of the posterior probability 

distribution for each matched-model using 

NAB. 

ii) Standardised parameter space. 
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To cluster the resampled ensemble of models a 

standardised parameter space is 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 Eq. 1: 

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 Pareto model (PM). 

Each PM is 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 is computed as defined by 

Eq. 2: 

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 are allocated based on the nearest 

neighbour model of each cluster centre (lowest value of 

Equation 4.3) as stated in Eq. 3 

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

being 𝐼𝑗 the I-th model that belongs to cluster with 

the centre of 𝑃𝑐. 

iv) Sum of probabilities of each model in each 

cluster to assign a new probability to each 

cluster centre. 

After, the probability of each cluster centre is 

recalculated by summing the posterior probability of 

each model present in each cluster, giving Eq. 4: 

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. 

2.1.3 Production and Optimisation of a new well 

The new well location is going to be optimised in each 

model and then under uncertainty, across multiple 

model realisations using PSO in both methods. 

The models’ selection is divided into well-matched 

models and poorly-matched models. The models from 

the Pareto Front are going to be 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. The poorly-matched models are going to 

be models with high misfit values (low likelihood) from 

the first iterations of the history matching simulation. 

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 is used employing the PSO algorithm. Two 

objectives are 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.  

Fig.3 shows the area under optimisation and the 

parameterisation used. 

 

Fig. 3-Area under optimisation and range of values for the new 
well. 

(4) 

(2) 

(3) 

                                         

(1) 
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2.2. Case study 2 

The methodology is also going to be applied in a semi-

synthetic case study developed by the Uncertainty 

Quantification Group of Heriot-Watt University, The 

Watt Field. 

2.2.1.  History Matching  

223 models were already generated by a zonation-

based geostatistical history matching coupled with 

adaptive stochastic sampling and was part of Barrela 

(2016) work. 

The model that was used to history match (HM) the 

observed data was FM2_CO1_G1_TS1_OBJ_RP_1. 

From the ensemble of generated models two sets of 

10 models are going to be selected to optimise the new 

well location Note that the poorly-matched models will 

belong to the first iterations whereas the well-matched 

models are from the last iterations. 

This case study does not have a truth case scenario. 

Its uncertainty is the result of different geological 

scenarios that can be constructed. Seven models were 

generated being the reference cases (Tab.2). 

Table 2-Base case scenarios and its initial oil-in-place values. 

Name Model FOIIP (stb) 

Prior model 1 FM3_CO1_G1_TS2_OBJ_RP_0 1.28E9 

Prior model 2 FM2_CO1_G1_TS2_OBJ_RP_0 1.28E9 

Prior model 3 FM1_CO1_G1_TS2_OBJ_RP_0 1.28E9 

Prior model 4 FM3_CO3_G1_TS3_OBJ_RP_1 7.64E8 

Prior model 5 FM2_CO3_G1_TS3_OBJ_RP_1 7.64E8 

Prior model 6 FM1_CO3_G1_TS3_OBJ_RP_1 7.63E8 

Prior model 7 FM2_CO1_G1_TS1_OBJ_RP_1 8.54E8 

 

2.2.2. Production and Optimisation of a new well 

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 are going to be 

optimised, specifically the alpha, beta, delta alpha and 

delta beta angles that rotate the wellbore in 3D, and the 

location of T1 (Fig.4 and 5). 

 

Fig. 4-Illustration of angles (a) alpha and (b) beta for T1-T2 
part of the wellbore. 

 

Fig. 5-Illustration of T1-T2 and T2-T3 possible orientations. 

Tab. 3 show the fixed parameters and its values. and 

Tab 4 shows the range of values used in optimisation 

Tab. 3-Values for the fixed parameters. 

Parameters Value 

Length 1 900 ft. 

Length 2 900 ft. 

T1Z 5128 ft. 

Tab. 4-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. 

 

The production of the field started in January 2011. 

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.  

Fig 6 show the area under optimisation. 

 

Fig. 6-Oil saturation map from the top layer with the area 
under optimisation 

3. Results and discussion 
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3.1. Case study 1 

In multi-objective history matching 500 simulations 

were performed using MOPSO algorithm  

Fig. 7 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. 

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 Fig.7 (c).  

. 

 

Fig. 7-Evolution of the misfit for (a) objective 1, (b) objective 2 and (c) the sum of misfits.

From 500 history-matched models, 141 models were 

resampled using NAB. 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.  

Fig 8 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. 

 

Fig. 8-(a) Number of models in each cluster and (b) the recalculated posterior probability for each of PM.
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Fig. 9-Parameter values versus misfit with the resampled models highlighted.) 

In Fig 9 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.  

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 Fig.9 the convergence of the history 

matching parameters can also be interpreted. The 

history matching process do not influence some of the 

parameters. Those are signed with a red circle. For the 

other parameters the convergence is present.  

After the probabilities calculation, the new well 

location was optimised in each model and then was 

optimised under uncertainty, across multiple model 

realisations.  

Nine compose the history matching Pareto Front 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. 

Optimisation was also 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. The truth 

case (TC) was also optimised as reference.  

Fig.10 shows the values of FOPT and FWPR resulted 

from the Pareto front solutions from each separate 

history-matched model’ optimisation, plotted in the 

objective space. 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. 

All the solutions found by the optimiser for the well-

matched models encapsulate 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 

 

Fig. 10-Pareto Front solutions from the optimisation of all 
models in the objective space

 

Regarding the well locations resulted from the optimal 
solutions, Fig 11 show three grids representing the area 

under optimisation for the TC (a), the well-matched 
models (b) and the poorly-matched models (c). Each grid 
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has 48 cells representing a well location and the colour 
bar representing the frequency that each solution 
appears in the optimisation Pareto front. The yellow 
circles pattern is the pattern of optimal solutions 
resulted from TC optimisation and is overlapped in grids 
(b) and (c) 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. 

It is possible to conclude that the poorly and the well-

matched 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.  

 

Fig. 10- Optimal solutions from optimisation of (a) TC, (b) well-matched model and (c) poorly-matched models. 

 

Fig. 11-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. 

Fig.12 show the same as Fig. 11 but in this case the 

posterior probability is considered for the well-matched 

models’ optimal solutions. 

Fig 13 show the optimal solutions resuted from 

optimisation under uncertainty.  

 

Fig. 12-Optimal solutions from optimisation under uncertainty 
on a gird. 

This optimisation was done across the well-matched 

models to obtain the optimal on average. The result is 

smoother when compared with the results obtained in 

optimisation individually. Fig 14 show the Bayesian 

credible intervals for each optimal solution of 

optimisation under uncertainty. Each bar corresponds to 

a different well location from the optimal solutions. It is 

evident the lower uncertainty associated with the dark 

pink well location as its P10 and P90 values differ from 

each other in 0.23 million stb. 

 

Fig. 13-Bayesian credible intervals for ach optimal solution. 

Fig. 15 show the uncertainty associated with 

optimisation. Only the optimisation under uncertainty 

confirm the reliability of forecasting by encapsulating the 

truth case value within probabilistic forecast credible 

interval (P10-P50-P90)
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Fig. 14-Uncertainty associated with optimisation

3.2. Case study 2

Fig.16 shows the optimisation results, in terms of 

FWPR and FOPT for Watt Field. These values correspond 

to the end of the sixth year. The production values 

obtained from the optimal solutions of the base 

scenarios are presented and indicated in the figure. 

 

Fig. 15-Pareto Front solutions from the optimisation of all 
models in the objective space. 

Fig. 17 show the 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) 

 

Fig. 16-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. 

Fig.18 show the result of gathering all BS, well-

matched models and poorly-matched models’ grids and 

summing the frequency of the wells. All the optimal 

solutions from the seven BS, 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.  

 

Fig. 17-Distribution of all solution of (a) BS, (b) well-matched models and (c) poorly-matched models. 

 

4. Conclusions and Future Work 

The motivation behind the presented work was to 

study the influence of history matching in the field 

development plan. For that two benchmark case studies 

were used. 

 For PUNQ-S3 reservoir model, in terms of production 

values, the optimal solutions resulted from optimisation 

of the well-matched models encapsulate the values of 

FOPT and FWPR of the TC optimisation. On the other 

hand, the optimal solutions of the poorly-matched 

models show low FOPT and FWPR values. 

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. 
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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. 

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 the Watt Field, 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. 

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 apply an 

algorithm that prevents the new well from being in the 

same position or near to the existent wells. 

Since Watt Field is a relatively large field it is possible to 

consider adding more than one well, optimising their 

location and configuration. 
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