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Abstract

Proxy models are becoming more widely used as ¢haysimplify highly complex processes with reasdmaloccuracy.
Process such as production history matching, watlgment, risk analysis, for example, generallpine large number
of reservoir simulations and large computation&ref To minimize this problem some techniques sashSpline,
Neural Networks, Kriging and Experimental Desigayvé been presented in the literature to be usegrasges to
reservoir simulator. Due to the importance of teeisions related to the development and manageaiggtroleum
fields, the development of proxies with high accyraan be a decisive aspect in a project. The ss@deapplications
of Neural Networks in several research fields ssgdlee investigation of appropriated architectuiede used as
proxies to reservoir simulator. In this article ebwroxies to reservoir simulator, based in Netirauation
Techniques, are presented. These proxies preseghaccuracy to reservoir simulator. Five diffdrarchitectures of
Neural Networks were studied and applied in tweecstadies related to history matching. The resabtained showed
the large potential of application of the technigjirdroduced.
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1. Introduction

In the last years is growing the development okaeshes related to generation of proxies to reservo
simulators. Neural network based proxies, for examjs being very used in several process involviagervoir
simulation (Singh, 2005; Reis, 2006; Zangl, 2006TAuwaini, 2006). The common methodologies gemgraded for
the elaboration of the proxies are: thin planengplkriging; experimental design and artificial redunetworks. There
are two principal criteria for evaluation of progi€l) The proxies must exactly reproduce the ddiiaiwthey used in
the their elaboration; (2) The correlation betw#n data produced by the proxies and the realitl@aatisfactory if
the value is between 0.7 and 0.8. In this articke presented the results of researches relategplication of several
different types of Artificial Neural Networks asqgxies to reservoir simulators. It is showed thaedained types of
Artificial Neural Networks are able to yield progief high accuracy. Two case studies related ttoHisviatching are
examined, a synthetic case and a real case. Thsss were used only as data source for the prgemsration. The
proxies were not effectively applied in the histamgitching process.

2. Methodology

The methodology developed in this research preseat®llowing main steps:
(1) To create knowledge base with reservoir sintat
(2) To train, to test and validate Artificial Neufetworks with the reservoir simulations of theolwiedge base;
(3) To apply the proxy in the simulation parameters
(4) To compare the results of the proxy with resoftthe reservoir simulator.
In this methodology, reservoir simulations compadeowledge base. The simulations of this knowlduge are used
in the training, test and validation of the ArtiitNeural Networks. When the Neural Networks aiséned, tested and
validated these networks constitute proxies. Tipesgies are applied in parameters of reservoir Eitimns which were
not used to create the proxies and the resulte@mpared with the results of the reservoir simulatdong with the
work are showed comparisons between results olotefimen proxies and from the reservoir simulatortwo case
studies related to History Matching. In order togmte the proxies, several Artificial Neural Netkgwere used:

(1) Radial Basis Network (RBN) - The RBN is a knomeural Network, often applied to approximate
functions, Orr [1995]. The basic architecture af RBN which we implemented consists in a networtk wiree layers:
(1) The first layer is an input layer; (2) The seddayer is an hidden radial basis layer, with ¢fanfunction e-n2,
where n is the distance between the input vectdrvagights of the links, multiplied by a bias; (e third layer is an
output layer with a linear function. Two types bistbasic architecture were implemented:

Type 1: With a fixed number of neurons in the hidden ratiasis layer. This number is equal to the numbeaaiples
in the training set;
Type 2: With the neurons in the hidden radial basis lagkted at each interaction until the minimal sumased error.

(2) Adaptive Neuro Fuzzy Inference System (ANFIS)his fuzzy inference system was applied for theada
modeling. From a set of Input/Output data related tnultiple input simple output system a fuzzeiehce system was
produced. The parameters of this system were dstilmaith base in Neuro-adaptive learning techniqudsese
techniques operate as in the conventional learainthe Neural Networks, but they use a combinatiérihe least
squared estimation and back-propagation algoritarsy [1993].

(3) Fuzzy System with Subtractive Clustering (FSS@iven a set of Input/Output data of a multiphput
simple output system, a cluster analysis was meglizy using the technique of subtractive cluste@hgu [1994]. The
centers of the clusters were used to define thesrof a fuzzy inference system. That is, a fuzfgrénce system was
structured with base in rules extracted by usirdgraative clustering of a set of Input/Output data.

(4) Generalized Regression Neural Network (GRNNThis Neural Network has been used in many
applications to approximate functions. We implemtaetfollowing architecture of this Neural Networknetwork with
three layers: (1) The first layer is an input lay@) The second layer is an hidden radial bagisrlavith the number
neurons equal to the number of samples in theingiset; (3) The third layer an output layer. Thepait layer of this
network has a linear function, but the input otlimear function is the output of the second layeitiplied by weights
submitted to a normalization function Shoiad e{2004].

3. Case Study — History Matching

3.1. Casel

In this case, a synthetic reservoir derived fronE P was used. The characteristics of the resefopithis
case are described in Maschio et al. [2005] anMaschio and Schiozer [2004]. The reference model wsed to
generate a synthetic history and the coarse medel be adjusted constrained to the history geeérhirough the fine
grid. The matching parameters used were the hdarpermeability of the six layers, with 27 multgrs between 0.3
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and 2.5. The objective function (difference betwsienulated and observed data) was composed bydter vate of the
4 producer wells.

3.2. Case 2

Case 2 is derived from a real reservoir. The mharacteristics of the case is also describe in Maset al.
[2005] and Maschio and Schiozer [2004]. The obyecfunction was composed by field pressure, fietddewrate and
field oil rate. The matching parameters (all ofnthan the field domain) was porosity and net to grdsoth with 9
multipliers ranging between 0.7 and 1.3, horizonparmeability with 9 multipliers between 0.4 andrtical
permeability with 9 multipliers between 0.3 and.2.5

4. Comparisons of the proxies with the reservoir simulator

In this section are showed graphical representatidrthe comparisons between the proxies and serveir
simulator. As mentioned above, the two cases suatie related to History Matching. So that objecfunctions (FO)
were obtained from reservoir simulations to adjpatameters of the reservoir model. The associatmataeen
parameters and the values of the objective fundtiamain, to test and validate the proxies arelu§éhen the proxies
were trained, tested and validated are comparedethdts of the objective functions obtained froroxies with the
results of the objective functions obtained froreer@oir simulator. Figures 1, 2, 3 and 4 are rdlateCase 1. Figures
5, 6, 7 and 8 are related to Case 2. In these €3ghe blue curves represent the responses afsbevpir simulator and
the green curves represent the responses of thieprdlote that the proxies present high accuracy.
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Figure 1 - Adaptive Neuro Fuzzy Inference SysteiNFFS), Case 1
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Figure 3. Radial Basis Network (RBN) - Type 2, Case
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Figure 5. Fuzzy System with Subtractive Cluste(lR§SC) - Case 2
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Figure 6. Radial Basis Network (RBN) - Type 2, Case
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Figure 7. Generalized Regression Neural NetworkNER Case 2
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Figure 8. Radial Basis Network (RBN) - Type 1, Case

The number of reservoir simulations used for tladetation of the proxies in all the cases was iofé¢o 50 %
of the available simulations. This meant a consildier reduction of simulations. The proxies elakedtatan be applied
in studies that require a very large number ofmasesimulations, for example optimization studitsthese studies the
proxies can work directly with optimization methofisr example genetic algorithm, with consideratdduction of the
reservoir simulations.

5. Conclusion

In this article are showed that proxies to resersinulators with high accuracy can be obtainedfértificial
Neural Networks. Different neural networks wererakaed in two case studies of history matching: rettsstic case and
a real case. The proxies showed good agreemem &otution obtained from simulator, which permit€onclude that
for cases tested, it could be used in the optiaizaprocess. The use of neural networks is an E®marea in the
processes involving reservoir simulations.
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