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Abstract 

A typical inverse problem encountered in petroleum industries 

is referred to as history matching. In the early days, history 

matching was undertaken by manually changing sensitive 

reservoir parameters until a reasonable match between 

observed and simulated pressure and production data are 

obtained.  In recent years, the use of assisted history matching 

has become prominent among academia and the industry and 

has significantly shortened the time required for manual history 

matching. However, assisted history matching requires several 

time consuming simulation runs which might take days to 

weeks, especially for large and complex reservoir models. In 

this paper, we presented a new approach to history matching. 

The approach employs 3-level fractional factorial design, 

artificial neural network and inverse solution methods to 

further reduce the computational time required and improve 

performance. In the inverse solution method of training a neural 

network architecture, the training input and output data are set 

to be historical and reservoir data, respectively. This allows to 

directly simulate the trained neural network and avoid the use 

of objective function and optimization algorithm. The efficacy 

of the developed approach was evaluated using a benchmark 

reservoir model case study which was originally developed for 

investigation of three-phase three-dimensional Black-Oil 

modelling techniques under the 9th SPE comparative study 

project. The proposed approach has required 27 simulation runs 

of randomly generated realizations.  The historical data was 

generated by running the true case for a period of 900 days 

under constraints. The result of the case study has successfully 

demonstrated the efficacy of the proposed algorithm for history 

matching.  

Keywords: history matching; reservoir modeling and 

simulation; artificial neural network; inverse solution method; 

factorial design 

 

INTRODUCTION  

A numerical reservoir model is used to describe how fluids 

flow in porous media and how parameters such as pressure, 

temperature and saturation affect their behavior. Geological 

geophysical, petrophysical and many other kinds of data are 

used to build a numerical model. However, these data only 

provide discrete measurement and different interpretations are 

possible. A numerical model can be used to predict the future 

reservoir performance and based on different scenarios select 

the optimal way to produce hydrocarbons cost efficiently while 

leaving less oil behind. Before using numerical models for such 

purposes, we need to make sure that it is representative of the 

real reservoir. Therefore we need to compare the real reservoir 

historical production data with the simulated production data.  

Traditionally, engineers change reservoir parameters using trial 

and error method using their experience, knowledge and good 

judgment. The search continues until an acceptable match is 

found. However this is found to be time consuming and often 

daunting task and at the very end we only get one calibrated 

model. In recent years, assisted history matching (AHM) that 

employs the use of cost functions and optimization algorithms 

has been developed. The cost function can be formulated 

directly or indirectly by using proxy models. Three types of 

objective functions are practiced for history matching. These 

are simple least square (Eqn.  1), weighted least square (Eqn.  

2), and generalized least square (Eqn.  3).  

 

 𝑂𝐹 = (𝑑𝑜𝑏𝑠 − 𝑑𝑐𝑎𝑙)𝑇(𝑑𝑜𝑏𝑠 − 𝑑𝑐𝑎𝑙)  Eqn.  1 
 𝑂𝐹 = (𝑑𝑜𝑏𝑠 − 𝑑𝑐𝑎𝑙)𝑇𝑤(𝑑𝑜𝑏𝑠 − 𝑑𝑐𝑎𝑙) Eqn.  2 

𝑂𝐹 =
1

2
(1 − 𝛽){(𝑑𝑜𝑏𝑠 − 𝑑𝑐𝑎𝑙)𝑇𝐶𝑑

−1(𝑑𝑜𝑏𝑠 − 𝑑𝑐𝑎𝑙)} +
1

2
𝛽 {(𝛼 − 𝛼𝑝𝑟𝑖𝑜𝑟)

𝑇
𝐶𝛼

−1(𝛼 − 𝛼𝑝𝑟𝑖𝑜𝑟)} Eqn.  3 

where: 

𝑤 = Diagonal matrices of measurement weight 

𝑑𝑐𝑎𝑙𝑐 = Simulated output 

𝛼 = Initial model parameters 

𝐶𝛼 = Covariance matrix of model parameters 

 

𝑑𝑜𝑏𝑠 = Observed data 

𝐶𝑑 = Covariance matrix of data 

𝛽 =  Weighing factor of belief in the initial   model 
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The choice and computation of cost function structure presents 

a significant challenge to the engineer.  During the direct 

formulation of the cost function the governing spatial and 

temporal differential equations are computed directly by using 

a numerical scheme. This is very time consuming and 

cumbersome procedure which requires several computational 

hours.  However, during indirect AHM proxy models that 

represent the numerical reservoir model are used. 

In the late 1960’s optimal control theory has been used for 

history matching [1-3]. One of the first studies on history 

matching was done by Coats et.al (1968). They used gradient 

optimization method to obtain good fitting solutions. Another 

technique based on conditioning of three-dimensional 

stochastic channels to pressure data in single-phase reservoirs 

was used to automate the history matching by Bi et al. (2000). 

They used well-test pressure data and well observations of the 

channel thickness and the depth of the top of the channel to 

condition a stochastic channel. The channels were defined by 

a set of geometric random variables that describe the location, 

size and shape [4].  Yasin et al. (2011) proposed a stochastic 

population based method to generate multiple realizations of 

the models. The objective was to apply Ant Colony 

Optimization to minimize the mismatch in flowing wellbore 

pressure and water-oil-ratio. The technique was demonstrated 

by using the PUNQ-S3 benchmark reservoir model [5]. Singh 

et. al (2014) argues many of the algorithms proposed do not 

integrate the static and the dynamic model and that most 

algorithms suffer from slow convergence. They have instead 

proposed an ensemble-based history matching using Markov-

chain Monte Carlo (MCMC) based algorithm. Efficient 

sampling using streamline trajectories was employed during 

the application of ensemble based MCMC algorithm on a 

sector model to match water cut on a well – by – well bases 

[6]. Other algorithms employed for history matching include 

Chaotic Optimization (Mantica, 2002) [7] and Particle Swarm 

Optimization  (Rwechungura et. al, 2011) [8]. All in all, it is 

evident that there is a growing interest in the capacity and 

advancement in history matching and general optimization.  

The use of proxy models significantly reduces the 

computational cost required to run the numerical simulators. 

The role of the proxy models is to replace the performance of 

the numerical simulator. These proxy models are often 

developed using response surface method. Two important 

models are commonly used in response surface methods [9]. 

These are shown in Eqn.  4 and Eqn.  5. 

 
𝑦 = 𝛽0 + ∑ 𝛽𝑖𝑥𝑖

𝑘
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Eqn.  5 
 

 

where:  

𝑦 = Dependent variables such as pressure and production rate 

𝑥𝑖 = Independent variables such as reservoir rock and fluid 

properties 

∈= A random error assumed to have a zero mean 

 

The purpose of considering such model structures is that it 

allows to establish a relationship between the dependent and 

independent variables for a given set of constraints. They also 

allow to determine significance of each independent parameters 

and find optimum setting of these independent variables that 

result in optimum response over a certain solution space. The 

independent variables consist of uncertain reservoir 

parameters. Several uncertain variables are required to be 

captured in the development of a proxy model, in order to get a 

good history matched model. Often, up-scaled reservoir 

parameters are the target for calibration. However, Trani et.al. 

2016, has demonstrated the importance of independently 

capturing fine-scale heterogeneities from other uncertain 

reservoir properties even if the fine-scale heterogeneities do not 

uphold a large control on reservoir response. They developed a 

new procedure where fine-scale heterogeneities are modelled 

using properties attached to surfaces and updated 

independently from other uncertain reservoir properties present 

during assisted history matching [10].  

While the effort and computational time are reduced 

significantly by using response surface modeling approaches, 

we still require several simulation runs to develop these proxy 

models. For instance, in order to develop a proxy model of a 

reservoir with eight uncertain reservoir parameters using the 

central composite design in 5 blocks and one center point per 

block requires eighty-five simulation runs. Nonetheless, the 

final proxy model cannot be guaranteed to provide the best 

estimate of the numerical reservoir model. In addition, during 

history matching, the solution depends on how the objective 

functions are formulated and the type and characteristic of the 

optimization algorithms used. In this study, we propose an 

algorithm which is based on artificial neural network (ANN) 

and inverse solution method (ISM). In the algorithm, a few 

simulation runs of different reservoir realizations are first made 

using 3-level fractional factorial design. Then, a suitable neural 

network architecture is selected and trained using input and 

output data from numerical simulator. The inputs are 

production and pressure data obtained from the simulator 

output and the output are reservoir parameters to be adjusted. 

By selecting the input and output in such a manner, we will 

avoid dependency on cost function and optimization algorithm.  

 

METHODOLOGY 

Algorithm for assisted history matching 

In this section, we present an algorithm or workflow for using 

artificial neural network in an inverse solution mode to solve 

the problem of history matching.  
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Step 1: Identify sensitive reservoir rock and fluid properties. 

Step 2: Use 3-level fractional factorial design to generate 

multiple realizations. 

Step 3: Run simulations using the samples in Step 2.  

Step 4: Organize a spatio-temporal data  

Step 6: Train a neural network architecture  

1. Select inputs (production and pressure data) and 

outputs (reservoir parameters) 

2. Randomly divide the data into modeling, validating 

and testing data. 

3. select number of hidden layers 

4. Choose a training algorithm 

5. Training using the algorithm selected in Step 6.1.  

6. Calculate mean square error (MSE) and Coefficient 

of determination (R) 

7. If MSE and R are acceptable then stop the iteration 

else go back to steps 6.2 and 6.3.  

8. End  

Step 7: Simulate the trained network using historical data. 

Step 8: Include average of calculated reservoir parameters into 

the reservoir simulator input file. 

Step 9: Run reservoir simulation and compare simulated 

output with historical data. 

Step 10: stop if history match is successful else go to Step 2 

and generate more realizations. 

Description of the case study reservoir model 

The case study which is used to demonstrate the efficacy of the 

proposed algorithm is obtained from the 9th SPE comparative 

study project. The model was originally developed to study 

three-phase three-dimensional Black-Oil modelling technique. 

It has a total of 9000 grid blocks with 24, 25 and 15 grid blocks 

arranged in x, y, and z rectangular coordinates. The 

permeability distribution is heterogeneous whereas the porosity 

distribution is homogeneous in every layer. The oil-water 

capillary pressure is exposed to rapid variations under small 

saturation changes. There are 25 producers and a single water 

injector which is completed below oil-water contact. Figure 1 

and Figure 2 present the structure of the 9th SPE comparative 

study project model. The dimensions of the grid blocks are 300 

feet in both the X- and Y -directions. The first cell is at a depth 

of 9000 feet subsea at the center of the cell top. The remaining 

cells dip in the X-direction at an angle of 10 degrees. There is 

no dip in the Y -direction. The values of porosity and thickness 

for each layer in the model are constant. The complete 

description of the reservoir model can be obtained from [11]. 

In this study, the original model was used to generate historical 

data. We use a 3-level fractional factorial design of eight 

sensitive parameters and generate 27 realizations to collect data 

for neural network training.   

 

 

Figure 1: 3D structure of the case study model and it permeability distribution 
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Figure 2: 3D structure of the case study model and its porosity distribution 

 

Artificial neural network 

ANN was developed more than sixty years ago when the first 

attempted networks originated in the late 1950s. Artificial 

neural networks are multiprocessor computational models 

inspired by biological neural networks such as brains. They 

have been employed in several applications with high 

uncertainty. Examples include forecasting of foreign currency 

exchange [12], financial forecasting [13], predicting shelf life 

of foods [14], energy production in solar photovoltaic 

installations [15], planning and decision making under 

uncertainty [16], role assignment [17] etc.   A neural network 

consists of a large number of highly interconnected processing 

elements (artificial neurons), which are described by the 

number of neurons and layers and their connectivity. Through 

neurons and connectivity weights, the relationships between 

inputs and outputs are modelled. In other words, the outputs 

can be expressed as the function of the inputs and weights. The 

weights represent the strength of the respective signals. Figure 

3 presents components of a simple neuron. It consists of Input 

layer, a bias term, a summation function, transfer function and 

an output layer. The output ‘a’ is found by Eqn.  6.  

𝑎 =  𝑓(𝑤1𝑝11 + 𝑤2𝑝2 +  𝑤3𝑝3 + … + 𝑤𝑅𝑝𝑅

+  𝑏) 

Eqn.  6 

 
Figure 3: Components of Simple Neuron 

 

where: wi = weights, b = bias term, a = output and Pi = inputs 

Oftentimes multiple layers of neurons are required to 

successfully capture the dynamics of a system. The structure 

of such multiple layers of neurons is shown in Figure 4. Once 

the structure is established then output can be computed by 

finding the weights of Eqn.  7 using optimization algorithms.   
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                             𝑎3 = 𝑦 =  𝑓3(𝐿𝑊3,2 𝑓2(𝐿𝑊2,1 𝑓1(𝐼𝑊1,1𝑝 +  𝑏1)  + 𝑏2)  +  𝑏3)  Eqn.  7 
 

 

 

Figure 4: Multiple layers of neurons 

 

Artificial neural networks are excellent at modelling non-

linear behaviors. This was proven in one of Reis work, the use 

of ANN has solved the issues of non-linearities when 

conducting risk analysis on the Campos Basin which cannot 

be solved using Risk Surface Modelling. Existing neural  

network  architectures  are generally divided  into  three  

categories:  feed- forward,  feed-backward,  and  self-

organizing  neural  networks  [18]. The feed-forward back-

propagation (BP) multilayered neural network is the most 

commonly used architecture and is recommended for most 

applications because a feed-forward network with one hidden 

layer and enough neurons in the hidden layer can fit any finite 

input-output mapping problem (Beale et al., 2010). Figure 5 

presents the architecture of a typical feed-forward neural 

network with one hidden layer and multiple neurons. 

 

 

Figure 5: Single hidden layer and multiple neurons neural 

network model structure 

Through the years, the use of ANN to solve the history 

matching problem has become more popular. Zangl et al. 

(2006) trained an ANN as a proxy model by reducing the 

number of simulation in a gas storage model. This gave a 

reasonable result and had reduced cost of computation 

compared with numerical reservoir simulation outcomes [19]. 

Cullick et al. (2006) on the other hand used ANN as a proxy 

model to perform history matching. They implemented two 

workflows for automated history matching. The first one 

employs optimizing a misfit function using a global optimizer 

and the second one uses nonlinear proxy neural network and 

experimental design technique. They have confirmed that the 

later approach is an excellent one when used within the trained 

parameter space [20].  Silva et al. (2008) characterized the 

application of global optimizers combined with ANNs to 

address the history matching problem. The results show how 

ANN is able to reduce the computational effort in history 

matching process [21]. Sampaio et al. (2009) used feed-forward 

neural networks with nonlinear proxies of reservoir simulation 

to speed up history matching. Their work mapped reservoir 

model responses such as water production, bottom hole 

pressure etc. and used as a substitute of reservoir simulation 

runs during the history matching process [22].  

The degree of success in using ANN based models is diverse 

and sometimes uncertain because the outcome could just be as 

good or as bad as using statistical techniques [23]. It requires a 

subject matter expertise in both areas of petroleum engineering 

and artificial intelligence to address application of ANN in 

petroleum engineering problems such as history matching. 

These knowledge play an important role in keeping the physics 

to solve the problem. Statistical method has long neglected the 

usage of physics, which deems it as an impractical approach. 

Despite recent advancements in computational hardware and 

software in reservoir modelling, uncertainty quantification and 
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optimization with application to many of the workflows in 

reservoir simulation are yet to be improved. Therefore, 

engineers are consistently looking for ways to reduce the 

computational load associated to simulation studies. Hence, the 

application of computationally efficient proxy-models gain a 

lot of attention. Zubarev (2009) showed how these proxy 

models becomes disadvantageous with increasing complexity 

of the solution space and number of uncertainties. However, 

proxy model still acts as a computationally cheap alternative to 

full scale numerical simulation model. Well based and grid 

based surrogate reservoir models (SRM) were developed for 

replacing numerical reservoir models and assist during 

optimization and sensitivity analysis studies of different 

scenarios [24-27]. 

 

RESULT AND DISCUSSION 

Simulation of sample realizations 

Twenty seven realizations were generated by changing eight 

sensitive reservoir parameters using 3-level fractional factorial 

design. The eight sensitive reservoir parameters and their 

respective original and range of values are shown in table 1 

 

 
 

Table 1: Uncertain reservoir parameters for history matching of the SPE9 comparative study project reservoir model 

Parameter PERMX 

Multiplier 

PERMY 

Multiplier 

PERMZ 

Multiplier 

PORO 

Multiplier 

Swn Krwn Sgn Krg 

(n-1) 

Low  1 1 1 0.5 0.812 0.44 0.75 0.6 

High 10 10 10 2.5 0.92 0.6 0.9 0.9 

 

 

A 3-factor fractional factorial design has resulted in 27 

realizations. These realization have been simulated using 

ECLIPSE reservoir simulator and results for field oil 

production rate, field water production rate, field gas 

production rate, total field oil production, field pressure, and 

field gas-oil ratio are collected as a function of time.  

ANN modeling  

At this stage, a spatio-temporal data that consists of the time, 

reservoir properties and production and pressure terms, is 

organized and prepared for training a neural network 

architecture. The input data consists of production and pressure 

data while the target is consisted of time and reservoir 

parameters. A neural network architecture that has 10 hidden 

layers is chosen for training. The dataset is split into training, 

validation and testing data. The training data are presented to 

the network during training and the network is adjusted 

according to its error. The validation data are used to measure 

network generalization and to halt training when generalization 

stops improving. The testing data have no effect of training and 

so provide an independent measure of network performance 

after training.  

 

Figure 6: Coefficient of determination calculated during (a) 

training, (b) validation, (c) testing and (d) overall 

The neural network architecture which consists of six input 

neurons, ten hidden neurons and 9 output neurons is trained by 

using the Levenberg-Marquardt training algorithm. The 

performance of the trained network is measured using the 

coefficient of determination as shown in Figure 6. It can be seen 
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that the R-values are close to one for all the datasets and 

indicate the good performance of the neural network.  

 

History matching  

In the previous step we already obtained a trained neural 

network model which can directly be simulated to give 

reservoir parameters. The input required to simulate the 

network is the production and pressure history.  By simulating 

the trained neural network model, we obtain a new set of 

porosity and permeability multipliers and end point relative 

permeability and saturations. These new properties are used to 

run a new simulation case in order to compare with the true 

reservoir model. The results are presented in Figure 7 through 

to Figure 12 . It can be seen that the predicted outputs has 

closely match with the simulation output of the true case.  

 

 

 

Figure 7: Comparison of historical and predicted field oil production rates 

 

Figure 8: Comparison of historical and predicted Field gas production rates 



International Journal of Applied Engineering Research ISSN 0973-4562 Volume 12, Number 11 (2017) pp. 2952-2962 

© Research India Publications.  http://www.ripublication.com 

2959 

 

Figure 9: Comparison of predicted and historical field water production rates 

 

Figure 10: Comparison of historical and predicted field total oil production 
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Figure 11: Comparison of predicted and historical field average pressures 

 

Figure 12: Comparison of predicted and historical field average gas-oil ratios 

 

CONCLUSION  

A neural network architecture in an inverse solution mode was 

proposed to calibrate a reservoir model. The input and target 

data for training the neural network architecture was obtained 

by generating 27 different realizations using 3-level fractional 

factorial design. A case study approach, which involves the 9th 

SPE comparative study project model, was used to demonstrate 

the efficacy of the proposed algorithm. In the inverse solution 

setting, the inputs were designed to be time, production and 

pressure data while the targets were reservoir and fluid 

properties that were selected based on sensitivity analysis. A 

comparison of the history matched model and the historical 
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data were made and it is found that the history matching process 

can be considered successful, with a small margin of error. The 

use of neural network architecture in an inverse solution mode 

has allowed to directly simulate the trained neural network 

without the requirement of an objective function and 

optimization algorithm.   
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