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Abstract 

In the petroleum industry, field development decisions are based on three-dimensional reservoir models. 

These reservoir models in turn depend on a good history match between observed and simulated production 

to forecast reservoirs’ behavior. Human knowledge of any reservoir is limited and as a result proposed 

models have large uncertainties. During production, observations from reservoir like production rate, bottom 

hole pressure provide us crucial information about the subsurface fluid flow. History matching aims to model 

the reservoir properties by perturbing model parameters and then use these updated models to predict 

future behaviour of reservoir. This thesis compares geostatistical history matching of a semi synthetic 

reservoir - the Watt Field – at two scales. Stochastic sequential simulation and co-simulation were used as 

model perturbation technique. An upscaling procedure was also carried out on the reservoir to have different 

grids sizes so as to aid comparison. The upscaling showed good results which was validated by production 

curves after flow simulation. The results from geostatistical history matching, showed that the fine scale 

produced a better match quality over the coarse scale. It represented the general pattern more than the 

coarse scale and had more production curves closer to the history data than the coarse scale. One 

disadvantage of the fine scale is the computational processing time which took 39h11m as compared to the 

coarse scale which was 09h17m. 
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1. Introduction 

Oil and gas reservoirs are complex geological 

structures with uncertainties. These uncertainties 

most times arise from models being used without 

detailed knowledge of all-important parameters. 

When dealing with reservoir simulation, rock 

parameters, such as porosity or permeability, are 

very important, but are not well known. In almost 

every case, natural systems are way too complex 

to describe properly on a conceptual model level. 

The economic viability of oilfield development 

projects is greatly influenced by the reservoir’s 

performance under the current and future 

operation conditions (Rwechungura et al., 2011). 

To achieve an efficient reservoir management 

process, it is essential to evaluate the past and 

present reservoir performance to forecast its 

future. A technique for handling this is history 

matching. History matching is the act of adjusting 

a model of a reservoir until it closely reproduces 

the past behavior of a reservoir. It is a phase in 

the modelling and simulation process and the 

main objective of history matching is to build 

reservoir models capable of predicting the future 

performance of the reservoir accurately. 

Over the years, different methods have been 

proposed for history matching and extensive 

works have been carried out. This work is focused 

on comparing of geostatistical history matching at 

different scales. Here, coarse models will be 

generated from the fine scale and will be tuned to 

match the observed production data. This 

approach uses a Direct Sequential Simulation 

(DSS) as model perturbation technique (Mata-

Lima, 2008). The method is applied to a semi-

synthetic reservoir called “Watt Field” developed 

by the Herriot Watt Uncertainty Quantification 

Group (Arnold et al., 2013). 

2. Literature 

History Matching 

History matching can be defined as the process 

of conditioning reservoir simulation models to 

dynamic data (Aanonsen, 2005). The goal of 

history matching is to get better reservoir models, 
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with simulation results closer to the observed 

data, so that future reservoir prediction based on 

these models are more reliable and accurate. It is 

a difficult and time-consuming process. For a 

model to be matched well, it should honour all 

data both static and dynamic, as well as be 

consistent with the priori geological knowledge 

(Aanonsen, 2006). 

The importance of history matching during the 

development and management of a petroleum 

reservoir cannot be downplayed because these 

models are used to support the decision-making 

process. It also helps to characterize a reservoir 

more accurately. 

The main idea behind most history matching is to 

perturb the model parameter space following the 

next sequence of steps (Marques, 2015): 

1. Knowing some data: Prior knowledge and 

observation from well (porosity, permeability), 

models from a reservoir model are created that try 

to describe the spatial distribution of the 

subsurface properties of interest; 

2. Run a dynamic simulation in the previous 

models to obtain the simulated production history 

per existed well; 

3. Compare the production data from this 

realization with the real historical production data 

through an objective function. The simulation that 

minimizes the objective function is accepted; 

4. Create a perturbation in the initial model 

with the information obtained from the objective 

function and repeat all the previous steps until a 

minimum value to the objective function is 

achieved. 

These steps are represented in the general 

framework below. 

 

Figure 1: History matching Framework (Adapted 

from Marques, 2015) 

3. Methodology 

The methodology for this work has been basically 

divided into two major stages. They are as 

follows: 

1. Upscaling: Creation of the coarse model 

from the fine model using analytical method such 

as the Power law averaging to get the mean of 

fine grid properties and use it for the coarse grid 

properties: then, run a fluid flow simulation on the 

new upscaled grid to compare results from 

production data with the initial data;  

2. Geostatistical history matching of the 

models (fine and coarse). The GHM methodology 

is based on the works of Mata-Lima (2008). 

The model, a semi-synthetic case field was built 

borrowing reservoir conditions from an actual oil 

field in the North Sea. Due to the lack of real data, 

uncertainty is generated and propagated 

throughout the reservoir model (Arnold et al, 

2013). 

Upscaling 

The use of upscaling is of great benefit to 

reservoir engineers for simulating reservoir 

performance and optimizing oil recovery. An 

upscaled model can be used to identify the 

location of by-passed mobile oil for recompletion, 

placement of horizontal wells, infill drilling, and 

other sweep-improving measures (Qi et al., 2005) 

Qi et al., (2005), divided upscaling into four stages 

generally. 



3 
 

1. Physical model investigation: to study 

and understand the features 

(heterogeneous and homogenous) of 

the geological model; 

2. Up-gridding: to construct a coarse grid 

system that is compatible with the 

physical model; 

3. Scaling up the properties: this is 

averaging of the heterogeneous 

properties. 

4. Result qualification: this is to validate the 

results by a means of comparison. 

 

Figure 2: Concept of upscaling (Upscaling of grid 

properties in reservoir simulation, 2013) 

Geostatistical History Matching 

The geostatistical history matching applied under 

the scope of this thesis follows Marques (2015). 

The geostatistical history matching workflow is 

summarized in the following sequence of steps 

(Figure 3): 

1. Create a set of stochastic models with equal 

probability of occurring from a reservoir 

property with DSS (simulate porosity then 

co-simulate permeability). This is 

conditioned to the well-log data and spatial 

continuity to ensure it honours the model:  

2. Run a dynamic flow simulation to obtain the 

production history for each reservoir model 

simulation; 

3. Evaluate the production data from the 

realizations with the real production data 

through an objective function. This objective 

function compares the values of each well 

at different times.  

4. Repeat all steps again using the best 

composed imaged from iteration 1 as soft 

data and secondary variable. This continues 

until the minimum objective function is 

achieved or until the set of predefined 

iterations is reached. 

This will be done with prior information that is, 

the well-log data (porosity and permeability) 

and the production data which will be used as 

reference in the misfit evaluation. 

 

Figure 3: Geostatistical history matching detailed 

workflow 

This method allows us to generate multiple 

models. The difference between the historical 

production data and the simulated data 

decreases as the iterative process evolves and 

also the patterns of spatial continuity are seen in 

the simulated models. 

4. Case Study and Results 

Data Set Description - Watt Field Reservoir 

The Watt field reservoir was used as case study 

under the scope of this thesis. It is a semi-

synthetic reservoir based on a mixture of real field 

and synthetic data to describe a realistic field 

example. It was developed by the Uncertainty 
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Quantification Group of the Heriott – Watt 

University (Arnold et al., 2013). 

The model spans across 12.5km by 2.5 km 

square surface area, in the East-West direction. It 

has a thickness of around 190m, much of which 

is below the oil water contact. The field is located 

around 1555m subsurface with an initial reservoir 

pressure of 2445psi as measured from repeat 

formation test and well test data. The OWC is 

identified from wireline and RFT data at a 

constant 1635m subsurface. The field 

development plan is also synthetic resulting in an 

artificial production response. 

Petrophysical Properties 

Permeability is one of the most influential factors 

for understanding fluid flow in porous media. The 

permeability is heterogeneous also with an 

average value of 526 mD in X and Y direction, 

while it is 52 mD in Z direction. Figure 4 shows the 

permeability distribution in the x direction of the 

Watt field reservoir model. 

 

Figure 4: 2D view of permeability model 

 

Figure 5: Fine grid Permeability histogram 

The porosity distribution in the reservoir is 

heterogeneous with a mean value of 0.20. Figure 

below shows the porosity distribution. 

 

Figure 7: Fine grid Porosity histogram 

Results and Discussion 

The upscaling was done so as to have different 

scales to enable the comparison of the GHM and 

this is the result. The fine grid is defined by 

533,660 blocks discretized by [226x59x140] cells 

with 100mx100mx5m each and the upscaled 

coarse grid is defined by 135,600 blocks 

discretized by [113x30x140] with 

200mx200mx5m each. The reduction scale factor 

for each direction x, y is 2. 

 

Figure 8: 3D view comparison of Watt Field 
Reservoir permeability 

Figure 6: 2D view of porosity model. (High porosity 
regions are in orange-red) 
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Figure 9: Permeability histogram of Watt Field 
Reservoir (pink) fine scale (blue) coarse scale 

Figure 10: 3D view comparison of Watt Field 
Reservoir porosity (left) fine scale (right) coarse 
scale. 

 

Figure 11: Porosity histogram of Watt Field 
Reservoir (green) fine scale (yellow) coarse scale 

After upscaling the Watt field reservoir, fluid flow 

simulation for both scales were carried out. Some 

differences were noticed and are discussed 

below. 

Firstly, the fluid flow simulation time drastically 

reduced on both the Tnavigator® software as well 

as the eclipse software where the simulations 

were ran. For the fine grid reservoir, the CPU time 

was fifty-two (52) minutes and that of coarse grid 

was five (5) minutes. This infers that an upscaled 

grid (i.e. coarser model) has a less CPU time. 

Secondly, slight differences in production data are 

noticed. The field oil production total (FOPT) of 

the coarse grid is slightly higher than that of the 

fine grid as can be interpreted in Figure 12. This 

also has an effect on the oil production rate 

(FOPR) as there is a higher production rate in the 

coarse grid. The water production rate (FWPR) is 

higher in the fine grid than in the coarse grid which 

is expected since the reservoir is measured by the 

same liquid rate for both reservoir sizes. The field 

average pressure (FPR) is more or less the same 

for both the fine and coarse grids. 

With these curves and statistics seen we can say 

the upscaling is validated as the upscaled model 

of 200m*200m*5m closely matches the initial 

model of 100m*100m*5m. The decline curve still 

shows that they are generally the same. 

 

Figure 12: Field Oil Production Total and Field 
Oil Production Rate for both reservoir scales. 

The coarse grid (blue) had increased oil 
production total as against the fine grid (red) 

(left) and also an increased oil production rate 
(FOPR) as against the fine grid (right 

 

Figure 13: Field Water Production Total and Field 

average pressure for both reservoir scales. In this 

case, the coarse grid (blue) had lower water 

production rate (FWPR) as against the fine grid  
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The production data that will be used for history 

matching are Oil Production Rate, Water 

Production Rate and also Bottom Hole Pressure 

for each well from the historical data. The misfit 

depends on these variables. 

History Matching Results. 

For this stage, a total of 6 iterations with 18 

simulations each (a total of 108 stochastic 

realizations) was carried out. The permeability 

and porosity generated from the first and last 

iterations and the best fit model are shown here. 

The geostatistical history matching in the fine 

grid ran for a total of 39h11m. The first 

simulation (iteration 1 simulation 1) does not 

represent the spatial distribution of the reservoir 

effectively and the misfit has high values, 

however with the increase of the number of 

iterations the spatial reproduction improves. 

Figure 14 shows the variation in simulated 

models. The histogram of each model shows that 

the higher value in the reference model are not 

observed in the simulated models and this in turn 

affects the results obtained. 

 

Figure 14: Permeability of Watt Field (From top 
to bottom) reference model, Iteration 1 

simulation 1(1) Iteration 6 simulation 18(108), 
Best-fit model obtained after GHM. 

 

Figure 15: Permeability histogram comparison; 
(top left) reference model (top right) First 

simulation (1) bottom left last simulation (108) 
(bottom right) best fit model 



7 
 

 

Figure 16: Porosity of Watt Field (From top to 
bottom) reference model, Iteration 1 simulation 
1(1) Iteration 6 simulation 18(108), Best-fit model 

obtained after GHM. 

 

Figure 17: Porosity histogram comparison; (top 
left) well l), reference model (top right) First 

simulation (1) bottom left last simulation (108) 
(bottom right) best fit model 

For the coarse grid, we run the model with 6 

iterations and 18 simulations. The computational 

time reduced to 09h17m which is an 

improvement mathematically. The minimum 

misfit is observed in iteration 6, simulation 11. The 

permeability and porosity generated from the 

first, last and the best fit model are also shown 

below in Fig. 4.26. 

 

Figure.18: Permeability of Coarse scale Watt 
Field (frame 1) reference model, (Frame 2) 

Iteration 1 simulation 1(1) (Frame 3) Iteration 6 
simulation 18 (108) Best-fit model obtained after 

GHM (Frame 4) 

 

Figure 19: Coarse grid permeability histogram 
comparison; (top left) well l), reference model 
(top right) First simulation (1) bottom left last 
simulation (108) (bottom right) best fit model. 
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Figure 20: Porosity of Coarse scale Watt Field 

(frame 1) reference model, (Frame 2) Iteration 1 
simulation 1(1) (Frame 3) Iteration 6 simulation 

18 (108) Best-fit model obtained after GHM 
(Frame 4) 

 

 

Figure 21: Coarse grid porosity histogram 
comparison; (top left) well l), reference model 
(top right) First simulation (1) bottom left last 
simulation (108) (bottom right) best fit model 

 

Plots of production curves as well as plots of misfit 

are shown here to explain match quality and 

convergence obtained. 

The production data from the simulated reservoir 

models match considerably well the production 

data from the historical model. We can see the 

first simulation (1) in blue compared to the last 

simulation (108) in yellow (Figure below). This 

explains the convergence being reached. 

 

Figure 22: History matching variables Well 1 Fine 

scale (left) coarse scale (right). Reference model 

(black), First simulation (blue) last simulation 

(brown), best fit model (yellow). (Top) WBHP 

(middle) WOPR (bottom) WWPR 
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Figure 23: History matching variables Well 5 Fine 

scale (left) coarse scale (right). Reference model 

(black), First simulation (blue) last simulation 

(brown), best fit model (yellow). (Top) WBHP 

(middle) WOPR (bottom) WWPR 

For the coarse grid, the GHM did not produce a 

good match. For all the wells we observed a better 

match in the fine grid compared to the coarse grid. 

However, there is a convergence from iteration to 

iteration and the simulated curves at the last 

iteration are in general within the sigma range. 

From Figure 22 and 23 above, it can be inferred 

that the simulated responses for well 1 and well 5 

do not closely match the observed production 

data. 

The result in this coarse scale history matching 

generally shows a poor match compared to the 

fine scale (Figure 24). Although, we can see a 

convergence, and the minimum misfit value is 

higher when compared to the fine scale. These 

high misfit value means that the deviation 

between history and simulated data is outside 

admissible error. However, the coarse grid is able 

to converge at much smaller computational costs 

and can be used in further steps of the geo-

modelling workflow as an initial model. 

 

Figure 24: comparison between the two OFs, 
fine scale (blue), coarse scale (red). 

5. Conclusion 

The main goal of the work was to upscale a 

reservoir model ensuring that it remains 

geologically consistent with reference model, then 

perform a geostatistical history matching at the 

different scales using co-DSS of porosity and 

permeability data from well log and compare 

results. 

With stage 1 implementation of the methodology, 

the upscaling produced really good results as the 

coarse grid was geologically consistent with fine 

grid (reference model). Also the production 

curves after fluid flow simulation showed a high 

accuracy rate both in field and well variables. 

On the GHM, The fine scale had a better match 

than the coarse scale but takes longer time to 

achieve a good match. The main advantage of the 

coarse scale over the fine scale is the processing 

time: It was noticed that CPU time of fine scale 

was cut down by over 80% in the coarse scale. 

This is a great improvement especially in a real 

life situations where senior management of 

companies depend on history matching results to 

forecast production and proceed with field 

development. Table 8 below shows Processing 

time for both scales. 
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Table 1: History Matching Processing Time 

Scale Model Simulation 

number 

CPU 

time 

Fine Scale 108 09h17m 

Coarse Scale 108 39h11m 

Further studies on this area could be focused 

towards prediction of reservoir behaviour with 

other types of parameter perturbation or towards 

its integration with seismic inversion. The 

methodology can also be tried on other case 

studies. 

For Watt Field reservoir, it is concluded that not 

all wells have direct impact on the field 

performance. By studying the results further, not 

all the wells seen converged entirely. A 

recommendation would be addition of appraisal 

wells to aid experimental data as the reservoir is 

large and six (6) wells are a bit difficult to model 

with. This will reduce uncertainty and will help 

achieve better reservoir behaviour prediction. 

Also water production match could and should be 

studied further to improve match quality by other 

perturbation parameters or by change of 

production implementation strategy. 

In general, the implementation of the 

geostatistical history matching with co-simulation 

is very promising since the results from areas of 

influence are consistent with the simulated 

models. In the coarse models, the major patterns 

are replicated even though it is without great 

detail. The iterative optimization assures 

simultaneously the match between simulated and 

historic production data. The well influence areas 

may be defined by the evaluation of the 

connectivity of the channels since the reservoir is 

dynamic the fluids have preferential fluid paths 

and in non-stationary geological features such as 

the thickness, width and shape of deltaic 

reservoirs a small change can have huge impact 

on production forecast and match. 
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