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Abstract 

A geologically consistent reservoir model that is able to properly reproduce the behavior of the 

simulated reservoir may be attained by geostatistical history matching. This process adjusts the 

parameters of the reservoir until the productions and pressures of the model resemble the history of 

productions from the existing well data. However, to simulate these values, it is necessary to run the 

model through a time-consuming numerical fluid flow simulator. Due to the long time wasted by this 

process, and the countless number of simulations necessary for a good history matching, there is the 

need of find a more efficient method to obtain the production curves of these simulations. This work 

studies the use of an algorithm of symbolic regression – a machine learning technique – as an 

alternative for the use of fluid flow simulators, in order to reduce the time spent with such simulations. 

Symbolic regression is a tool able of generating models representing mathematical equations based 

on the behavior observed by the analyzed reservoirs. With the use of these models it is possible to 

foresee, to a certain extent, the behavior of a reservoir for different configurations of the petrophysical 

properties, excluding the necessity for the time-consuming fluid flow simulators. This work starts with 

the study of the symbolic regression tool used in it, especially its capacity for the desired application, 

and then the partial replacement the fluid flow simulator on the simulation of porosity and permeability 

models of reservoirs, on a geostatistical history matching loop. 

Keywords: Geostatistical history matching; reservoir simulation; symbolic regression; direct 

sequential simulation; Watt-field 

Introduction 

As the oil and gas industry reach deeper and more difficult zones for exploration and production of 

petroleum, the cost for these operations tend to rise, especially for offshore productions. Therefore, it 

is necessary to obtain even more data with high quality to conduct a study and a deep analysis on the 

desired reservoirs. 

After a hydrocarbon reservoir is discovered and enough data is obtained from it, one of the main studies 

conducted, if not the main one, is the simulation of the fluid flow within the given reservoir. Having as 

basis a static model with the spatial distribution of the properties in study, it is possible to perform such 

simulations with the use of numerical fluid flow simulators, are capable of giving a good estimation for 

the productions of water, oil and gas, as well as the pressures inside the reservoir. Using these 

estimations, it is possible to conduct an economic evaluation of the reservoir, in order to define the 

viability of a production project. 

However, in order to obtain a good model for the reservoir, it is necessary to execute an iterative 

process of history matching. This process consists in the adjustment of the model’s parameters (i.e., 
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the spatial distribution of the subsurface petrophysical properties) until its productions, obtained with a 

fluid flow simulator, are similar to the values observed in the actual reservoir production history. Due 

to the fact that these simulations can be extremely slow, a satisfactory history matching may take days 

to be achieved, even for relatively simple reservoirs.  For this reason, it would be convenient to find an 

alternative for this process that could be more efficient, but equally as good. A possible candidate lies 

within the use of algorithms of machine learning, that can reduce considerably the time spent with such 

simulations. 

Machine learning is an artificial intelligence field in computing science that has as its objective the 

construction of models that can learn from and make predictions on data. In the scope of petroleum 

engineering, this field is still recent and little explored, yet there are a few studies of certain techniques 

(e.g. Artificial Neural Networks and Support Vector Machines) in reservoir engineering (Rojas et al., 

2012). 

Symbolic regression is one of the algorithms that use the concept of machine learning. This is a type 

of regression that generates symbolic models that describe the existing relations within a dataset. This 

algorithm is inspired in the principles of natural selection, evolving artificially the models by selecting 

the best ones that will be used to breed the next generation (Vladislavleva et al., 2009). 

This work has as its purpose the adoption of symbolic regression as an alternative for the use of fluid 

flow simulators in geological history matching methodologies, in order to reduce the time spent during 

this process. For the given issue, the algorithm should receive a few models of porosity and 

permeability, as well as the predictions for pressure and productions obtained from the fluid flow 

simulators, to then generate a mathematical model that is capable of reproducing these predictions on 

other petrophysical models of the given reservoir.  

Methodology 

The implementation of the symbolic regression was executed with GPTIPS2 (Genetic Programming 

Toolbox for the Identification of Physical Systems), an open source software platform based on Matlab. 

This toolbox was chosen as it is simple and highly customizable, granting researchers the possibility 

to add their own implementations of code. Symbolic regression was chosen as the substitute for fluid 

flow simulators in a geostatistical history matching methodology due to its flexibility and excellent 

results, many of which surpassing other famous machine learning methods such as Artificial Neural 

Networks and Support Vector Machines in other areas not related to geoscience. (Searson, 2015). 

The generation of mathematical models resulting from symbolic regression is achieved with two 

different datasets: training and validation datasets. Training dataset is the one used for the generation 

of the models (this is the one in which the relationships existing between the productions/pressures 

and the variables will be analyzed). In the scope of this work, the productions and pressures will be 

estimated through tridimensional models of porosity, permeability and production time. On the other 

hand, the validation dataset will be the one used to confirm the quality of the mathematical model found 

through symbolic regression by testing it on other models (different than the training dataset). In order 

to validate a model, it is necessary that it provides realistic values for productions and pressures, 
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hence, it is expected curves with shapes and values similar to the ones obtained from fluid flow 

simulators. 

In order to implement the proposed methodology, it is necessary to perform an upscaling on the model 

of the reservoir studied. The petrophysical models of porosity and permeability own a value for each 

cell of the 3D model that represents the reservoir. Considering that these models have hundreds of 

thousands of cells, and that each cell represents a variable for the equation model generated by the 

symbolic regression, it is necessary to conduct an upscaling of these models, so the number of 

independent variables during the simulation can be reduced. This step of pre-processing is necessary 

to minimize the computational cost of the proposed methodology, keeping in mind that there should 

not be a compromise between this reduction and the detail lost in the characterization of the 

petrophysical properties of interest.  

The usual process of a geostatistical history matching requires the continuous use of fluid simulators 

in order to obtain the productions and pressures for each set of porosity and permeability models 

generated through the stochastic sequential simulation. The results achieved are then compared to 

the actual historic of production for the wells and the difference leads the iterative process to 

convergence. The main limitation of such methodology is the time spent during the fluid flow simulation 

step. With the symbolic regression on the geostatistical history matching, it is expected to reduce this 

time wasted without losing the ability to adjust the simulated productions of the petrophysical models 

to converge to the geological reality. The steps adopted for this methodology are the following: 

1. Initially the direct sequential simulation (Soares, 2001) generates a predetermined number of 

models of porosity, which are used as a secondary variable for the direct co-simulation with 

join distributions for the same number of models of permeability, using well data as 

experimental data; 

2. The first 10 pairs of models of porosity and permeability are used in a numerical simulator of 

fluids and the simulated productions/pressures are obtained; 

3. After the tenth simulation, a series of preprocessing steps are conducted that involves the 

upscaling of the model and the configuration of the file needed to be used to train the 

mathematical models; 

4. The file obtained on step 3, composed with the data from the 10 previous pairs of models, is 

used in the symbolic regression algorithm. After that, the resulting mathematical model is 

saved to be used on the following step. This step is repeated for each variable of 

production/pressure of the well that will be used during history matching. For the reservoir 

studied, this step was repeated 48 times (3 variables and 16 wells); 

5. For the next simulations (after the 11th), the mathematical models obtained on the previous 

step are applied in order to obtain the desired productions and pressures. This is the step that 

substitutes the use of fluid simulators. The use of these mathematical models as a 

replacement for the numerical simulator allows a reduction on computational time; 

6. The quality of each porosity and permeability model is evaluated by an objective function that 

compares the productions generated both by the fluid simulators and the symbolic regression 

models; 
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7. The petrophysical models that generate the closest productions/pressures to the real ones for 

each influence area of the existing wells are selected to conduct the generation of new models 

on the next iteration by the direct sequential co-simulation (co-DSS). The values from the 

objective function are transformed in correlation coefficients that will control the convergence 

of the iterative process. 

A simplified scheme of this algorithm is illustrated in Figure 1. At the end of all iterations, the graphics 

for the simulations of each iteration, the values from the objective function and the best petrophysical 

model obtained are analyzed and compared to the same results obtained from the traditional cycle of 

geostatistical history matching.  

 

Figure 1 – Simplified diagram for the proposed methodology of geostatistical history matching with the 

integration of symbolic regression. 

Examples of applications 

1) Simple synthetic reservoir 

Before start the study on the main reservoir, a test on a simple synthetic reservoir was conducted in 

order to verify the use of symbolic regression as a method to predict the productions and pressures of 

a given hydrocarbon reservoir from tridimensional subsurface models. This reservoir was composed 

of 6400 cells (each with its own porosity/permeability value) with a dimension of 20x20x16 on the i-, j- 

and k- directions, respectively, and 5 total wells (4 producers and 1 injector). After upscaling, there 

were 100 cells in total, resulting in 201 variables for the symbolic regression models (100 

porosity/permeability values and 1 for production time). Two cases will be presented for this reservoir: 

1.a.) WOPR Well P3: 10 genes/5 gene depth (complex model) 

In this case, the complex model that can be visualized in Figure 2 achieved from the symbolic 

regression was able to closely reproduce the productions obtained from the fluid flow simulators. Both 

in the Equations (1) and (2), x1 represents the production time, x2 to x101 represent permeabilities and 
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x102 to x201 represent porosity values. These results can be validated from Figure 2, in which the graph 

shows the production predictions (orange) for models that were not used for the training of the 

mathematical model. The lines in blue represent the same simulated productions using the numerical 

fluid simulator. Observe how similar both curves are to each other, showing how well the results from 

the fluid simulators can be reproduced. 

 

Figure 2 – WOPR Well P3: Predictions for test data (validation) for the complex model. 

 𝑊𝑂𝑃𝑅𝑐𝑎𝑠𝑜 1
𝑃3 = 3290 + 1,88 ∗ (𝑥177 + 𝑥101 − 𝑥172−𝑥1) + 1,01 ∗ (|𝑥64 − 𝑥1|) − 

0,541 ∗ (𝑥66 − 𝑥63 − 𝑥177 − 𝑥142) − 4, 6 ∗ 10−4 ∗ (𝑥48 − 𝑥1) − 

(|𝑥48 − 𝑥1|) +  0,804 ∗ (𝑥198 ∗ 𝑥𝑥1 + 𝑥177 ∗ 𝑥42 − 𝑥59 − 𝑥82) − 

7,3 ∗ 10−4 ∗ (𝑥101
2 ∗ 𝑥98 + 2𝑥80

2 ) + 1,41 ∗ (𝑥1
2 ∗ 𝑥157 ∗ 𝑥177 ∗ 𝑥178) − 

1,27 ∗ (|𝑥97 − 𝑥1|) + 1,2 ∗ 10−3 ∗ (𝑥109 + 𝑥1)2 

(1) 

1.b.) WOPR Well P3: 3 genes/3 gene depth (simple model) 

In order to verify the capacity of the tool with a less adequate parametrization than in the previous 

case, a much simpler mathematical model (Error! Reference source not found.) was found by the 

symbolic regression and was used to try estimate the same productions. Once again, the results show 

excellent correspondence between the productions for the models simulated using symbolic 

regression and using the fluid flow simulators, as it can be seen in Figure 3. 

When comparing both graphics from Figure 2 and Figure 3, it is noticeable that the complex model had 

actually worse results than the simpler model. The root mean square error and the maximum absolute 

error on the first case were higher than on the second (224,7 against 166,4 and 734 against 394,9, 

respectively). This is an indicative of the possibility for problems of overfitting when there is an excess 

of complexity in the mathematical models. 
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 𝑊𝑂𝑃𝑅𝑐𝑎𝑠𝑜 2
𝑃3 = 3350 − 3,18 ∗ (𝑥154

2 ∗ 𝑥42 + 𝑥42 ∗ 𝑥118 ∗ 𝑥113+2𝑥180 + 𝑥1) + 

0,142 ∗ (𝑥46 ∗ 𝑥97 ∗ 𝑥150 ∗ 𝑥182) + 8,3 ∗ 10−4(𝑥1
2 − 𝑥64 ∗ 𝑥52) 

(2) 

 

 

Figure 3 – WOPR Well P3: Predictions for test data (validation) for the simple model. 

2) Watt-field 

Watt-field is a semi-synthetic case study based on a braided-river depositional environment (Barrela, 

2017). The model of the original reservoir has the dimensions of 226x59x40 cells on the i-, j- and k- 

directions, respectively. For the symbolic regression, the reservoir was upscaled to the dimensions of 

45x14x20 cells on the i-, j- and k- directions, respectively. For the history matching of this reservoir, it 

was performed 20 simulations for each one of the 6 total iterations for the methodology with the 

symbolic regression, and 18 simulations for each of the 6 iterations on the traditional methodology. For 

both methodologies, with or without the symbolic regression, the same input data was used. 

The reservoir presents 6 injection wells around the 16 producers used for the history matching. The 

match is performed through 3 variable: Well Bottom Hole Pressure (WBHP), Well Oil Production Rate 

(WOPR) and Well Water Production Rate (WWPR). Figure 4 shows in details the position for all 22 

wells of this reservoir, as well as the influence zones for each well calculated from Voronoi polygons. 

These are the areas used to locally generate the best models from each iteration that will condition the 

next one. 

The results can be analyzed from the evolution over the iterations of the behavior of the production 

curves for the study variables. The example in Figure 5 compares the convergence between the 

original and proposed methodologies for one of the variables (WOPR) on well 8. The blue lines 

represent the simulated productions for the different petrophysical models, while the black line 

represents the real observed productions from the well data; the red line is the maximum acceptable 
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limit for a satisfactory match. During the first iteration, on both cases, the simulated productions are 

distant from the real ones. However, by the sixth iteration, the majority of the curves have converged 

to the real one, as most of the curves are within the acceptable limits of difference. 

 

Figure 4 – Placement of the 22 wells (16 producers and 6 injectors) on the Watt-Field reservoir (Barrela, 
2017). 

 

 

Figure 5 – Watt-Field WWPR Well 7: comparison of the convergence for the traditional algorithm (left) and 
the proposed methodology (right). 
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On this example for the proposed methodology with symbolic regression, all 20 simulated productions 

obtained from the fluid flow simulators or the symbolic regression models are very similar. This 

indicates that the regression was able to reproduce well the behavior of the wells. It is also interesting 

to notice that, in this case, the convergence of the petrophysical models on the proposed methodology 

was better than the traditional history matching cycle. By comparing the values for the objective 

function for this variable and well, the lowest value obtained for the original algorithm was 1.13*103 

STB/Day and the average of 6.27*103; for the algorithm with symbolic regression, these values were 

0.66*103 STB/Day and 5.89*103 STB/Day, respectively. While most production curves were in general 

within the maximum limits of difference for the proposed methodology, only some models from the 

traditional algorithm had similar results. This is an excellent indicative from this work that shows that 

the time economy does not necessarily reflect on bad results. 

From the graphic in Figure 6, it is possible to compare the lowest value obtained for the global objective 

function for each one of the 6 iterations from the geostatistical history matching processes. In both 

cases, it noticeable a negative trend along the iterations. In some iterations it is possible to observe an 

increase for the global objective function value, but these punctual phenomena do not pose as a 

problem, as long as the general trend indicates a decline on the values. 

 

Figure 6 – Watt-Field: Comparison between the proposed methodology (blue) and the original 

methodology (red) of the lowest value for the objective function achieved in each iteration. 

Nonetheless, when both curves are compared, the original algorithm presents slightly better results 

than the algorithm with symbolic regression. This does not mean that these results could not be 

inverted if more iterations were conducted. It is also important to emphasize that this difference is not 

significative and that the reduction of the computational time wasted in the proposed methodology 

allows the generation of more simulations per iteration in less time than the original methodology. This 

increase in the number of models is expected to reduce the value of the objective function by allowing 

a better exploration of the parameters of the model on the search space. 
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Another approach to compare both methods is by analyzing the number of wells in which the history 

matching yielded decent results. Table 1 shows this comparison. The criteria adopted considered the 

comparison between the first and last iteration for each variable (if there was a considerable 

improvement along the iterations) and the maximum acceptable limits of difference between the 

simulated and real productions/pressures (the curves in the last iteration should be, in general, within 

the limits). It is possible to verify that the methodology with the symbolic regression is as efficient as 

the original methodology. The analysis also indicates that it is easier to perform the history matching 

in some wells than in others, as most wells that had a good match on the original methodology also 

yielded similar results for the proposed methodology. If more iterations were conducted, the results 

could have been even better. 

Table 1 – Comparison between the traditional and proposed methodologies of number of variables that 

show a good match. 

Wells Traditional 

Methodology 

Proposed 

Methodology 

Wells Traditional 

Methodology 

Proposed 

Methodology 

1 3 1 4a 3 3 

1a 1 3 5 3 3 

1b 1 3 5a 3 1 

2 1 1 6 3 3 

2a 3 3 7 3 3 

3 1 1 8 3 3 

3a 1 1 9 1 1 

4 3 3 10 1 1 

 

Finally, in Figures 7 and 8 it is possible to compare the best models found for the permeability after all 

six iterations for both methodologies. There are similarities between both models depending on the 

zone considered. The differences are expected due to the nature of the study, highly stationary and 

heterogeneous. They are a consequence of the nature of history matching, that provides several 

models well-adjusted as this is not a problem with unique solution. The existence of several different 

models allows a study of probability for projects and, consequently, risk reduction for decision making.  

 

Figure 7 – Horizontal section extracted from the best permeability model obtained from the history 
matching with symbolic regression 
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Figure 8 – Horizontal section extracted from the best permeability model obtained from the history 

matching without symbolic regression 

Final Remarks 

This work demonstrated the possibility to partially replace fluid flow simulators on a history matching 

process by using an algorithm of symbolic regression. Despite being an innovative proposal in a little 

explored field for the petroleum industry, the results obtained were very satisfactory when compared 

to the traditional methodology analyzed in this work. The use of symbolic regression in geosciences is 

still on early stages, but that only increases the potential for the results achieved in this thesis. 
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