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ABSTRACT 

Multi Data Reservoir History Matching 

Klemens Katterbauer 

Reservoir history matching is becoming increasingly important with the growing demand for 

higher quality formation characterization and forecasting and the increased complexity and 

expenses for modern hydrocarbon exploration projects. History matching has long been 

dominated by adjusting reservoir parameters based solely on well data whose spatial sparse 

sampling has been a challenge for characterizing the flow properties in areas away from the 

wells. Geophysical data are widely collected nowadays for reservoir monitoring purposes, but 

has not yet been fully integrated into history matching and forecasting fluid flow. In this thesis, I 

present a pioneering approach towards incorporating different time-lapse geophysical data 

together for enhancing reservoir history matching and uncertainty quantification. The thesis 

provides several approaches to efficiently integrate multiple geophysical data, analyze the 

sensitivity of the history matches to observation noise, and  examine  the  framework’s  

performance in several settings, such as the Norne field in Norway. The results demonstrate the 

significant improvements in reservoir forecasting and characterization and the synergy effects 

encountered between the different geophysical data. In particular, the joint use of 

electromagnetic and seismic data improves the accuracy of forecasting fluid properties, and the 

usage of electromagnetic data has led to considerably better estimates of hydrocarbon fluid 

components. For volatile oil and gas reservoirs the joint integration of gravimetric and InSAR 

data has shown to be beneficial in detecting the influx of water and thereby improving the 

recovery rate. Summarizing, this thesis makes an important contribution towards integrated 

reservoir management and multiphysics integration for reservoir history matching.  
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1. Introduction   
In the last two centuries the world's economy has seen a tremendous transformation, starting 

with the industrial revolution, that has spurred an unprecedented demand for natural resources 

[1]. Beginning with the utilization of coal as the primary source of energy in the early 1800s, oil 

has become one of the most important energy resources1 for fueling cars, generating electricity, 

and for the petrochemical industry [2]–[4]. The reasons behind transforming oil and later gas into 

a world-shaping commodity lie in the fact that compared to coal, oil and gas are cleaner and 

easier to use with a price-to-energy ratio that is comparatively low. Following the development 

of the process for producing liquefied natural gas (LNG) [5], [6] and hydraulic fracturing [7], 

natural gas has, within the last two decades, become a major commodity feeding the world's 

energy needs. This has spurred the quest for resources at an unprecedented scale. While oil has 

undergone significant price fluctuations during the course of the last century, where there was 

little incentive to invest in improving well technology and reservoir understanding, there has 

been a significant change in the industry in the last two decades. With the depletion of 

conventional reservoirs and the necessity to extract oil and gas in ever more remote locations, 

oil prices have risen significantly after a trough during the 80's and early 90's as can be seen in 

Figure 1. 

 

                                                 

1 Starting with the refining of kerosene from crude oil in Russia and the oil boom induced by the 
drilling of the first modern oil well by Drake in 1859. 
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Figure 1: Nominal and real crude oil prices from 1861 to 2013. (www.eia.gov) 

While the price increases in the 70's were mainly due to the sanctions and the establishment of 

OPEC, recent price increases are mainly driven by the economic fundamentals of developing 

countries like China, Brazil, Mexico and India requesting an ever greater amount of natural 

resources, and in particular oil. Even with renewables increasingly taking on a greater share of 

the world’s energy mix, oil and gas are still expected to account for more than 50 percent of the 

world's energy demand for the coming decades [8]. 

Major investments are currently under way in the oil and gas industry to find new oil reserves 

and improve the production of existing fields with new technology. The goal is to make previously 

explored areas economically feasible. This is illustrated by the shale gas revolution in North 

America that was made possible via hydraulic fracturing [9] and the vast exploration projects that 

are conducted off the coasts in Brazil, Africa and the South China Sea [10]. Saudi Arabia has 
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experienced a recent boom in exploration activities with offshore exploration in the Red Sea 

gaining momentum, in addition to the drive for the development of unconventional reserves for 

fueling the country’s’ energy demand [11]. While this has been an important aspect, an even 

more important concern has been the extension of field life cycles and the increase in the 

recovery factor for existing reserves. Therefore, generating accurate production forecasts is a 

substantial area of concern for the oil and gas industry, as inaccurate production forecasts may 

not exploit reservoirs in an optimal way, which may lead to substantial losses of revenues and 

resources.  

Computer simulators (or models) have over the last 30 years assumed growing importance in 

reservoir engineering [12]–[15]. Models are mathematical descriptions of physical systems that 

describe the relation between the different model parameters, its impact on the behavior of the 

physical system, and predict the future behavior of the physical system [14]. In the oil and gas 

industry, reservoir models have been widely employed for forecasting production, optimizing 

production strategies, analyzing water flooding, and EOR projects [16]. Modern reservoir models 

aim at modeling the flow of the hydrocarbons within the reservoir and typically involve a number 

of parameters. While the development of these models is primarily performed by means of lab 

experiments, these may only crudely approximate the dynamics in the subsurface reservoir [14]. 

Therefore these models are generally imperfect, as they may not incorporate all the physical 

processes relevant for subsurface flows, or the model parameters and variables in the reservoir 

may considerably deviate from those obtained in the experiment [17]. For subsurface reservoirs 

the  formation’s  permeability  and  porosity  may, amongst others, vary significantly throughout the 

reservoir formation and not be accurately determined from an experiment. This is especially 



4 

 

relevant for the permeability of the formation that may be rather heterogeneous throughout the 

formation, and hence needs to be estimated using reservoir data [18]–[20]. Accurately estimating 

the  reservoir’s  parameters  is  challenging  due to the complex geologies, limited data and complex 

fluid propagation patterns. The limited amount of data is particularly challenging for newly 

developed fields that may not be optimally developed, hence negatively affect the overall 

recovery. This makes the development of a reliable reservoir model with existing production data 

rather difficult, as this would require that at least 5% of the oil initially in place (OIIP) is already 

recovered [13], [21]. Mature fields represent an equivalent challenge due to the overwhelming 

amount of data that have to be incorporated into the reservoir simulator. Mature reservoirs may 

have an excess of a hundred producing wells, millions of active grid cells and production data 

gathered for many decades [22]. 

The process of adjusting the model parameters in a reservoir simulation until the model 

reproduces the past behavior of the reservoir is called history matching [23]. History matching is 

a common technique utilized by oil and gas companies to determine the amount of hydrocarbon 

reserves, obtain accurate estimates of principal reservoir parameters such as permeability, 

porosity and saturation, and perform forecasts of the reservoirs' development for optimizing 

reservoir strategies. Therefore, reservoir history matching has assumed a critical role in reservoir 

engineering and has been paramount for the characterization of subsurface reservoirs [23]. With 

the rising number of parameters in reservoir models and the consequently increasing complexity, 

data assimilation methods, particularly the Ensemble Kalman Filter (EnKF), have attracted 

significant interest [24] and have been widely applied for reservoir history matching applications 

[6], [23], [25]–[30]. While production data have been the main source of information, the sparsity 
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of these observations has posed a significant challenge for achieving accurate history matches 

and parameter estimates. With reservoir monitoring via geophysical techniques becoming more 

frequent, incorporating these data into history matching became a key focus for reservoir 

engineers [26], [31], [32]. 

Electromagnetic (EM), besides seismic and gravimetry techniques, have all played a major role in 

the oil and gas industry in recent decades, both for exploration and reservoir monitoring 

purposes. Until recently, resistivity well logging was the most popular method for determining 

the water saturation around the wellbore and, amongst others, determines the Oil-Water-

Contact (WOC). Resistivity logging falls within the category of EM techniques in that an electric 

current is induced into the formation, and the strength (resistivity) of the opposing force of the 

electric current is measured. A considerable disadvantage of well logging tools is that their 

recordings are only of local nature, hence retrieval of reservoir properties beyond the vicinity of 

the borehole is rather limited and does not accurately determine properties farther away from 

the wells [33]. This limitation has led the industry to adapt seismic techniques as the methods of 

choice for refining the formation characteristics, detect faults and track fluid displacements. 

Seismic imaging techniques have long been the prime methods for exploring the internal 

structure of Earth and detect hydrocarbons [34]. With the routine employment of seismic 

reflection methods starting from 1927, seismic reflection is currently the most widely used 

subsurface imaging tool since almost a century [35], [36]. Besides the revolution of 3D seismic, 

full waveform inversion and digital recording [37], 4D-seismic has revolutionized the seismic 

technology by widening its scope from exploration to reservoir monitoring [38]. Advances in 4D 

seismic transformed the technique from being primarily a qualitative method to quantifying 
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estimates in the changes of reservoir properties [39], [40]. Gravimetric techniques have also been 

actively pursued, in particular for gas reservoir monitoring in offshore locations such as in the 

North Sea [41]–[44]. Interferometric Synthetic Aperture Radar (InSAR) is another monitoring 

technique for measuring ground deformation associated with the production from oil and gas 

reservoirs, and for determining reservoir depletion characteristics [45]–[49]. While these data 

have been used individually, they have rarely been integrated into the history matching process 

using flow information for improving the inversion process.  

The focus of this thesis is on the establishment of an efficient framework for reservoir history 

matching and uncertainty quantification, simultaneously integrating multiple 4D geophysical 

data, as well as the investigation of its performance in characterizing the reservoir. Specifically, 

the objectives addressed in this thesis are: 

1. Develop an efficient EnKF-based framework for history matching of multiple geophysical 

data sets including well, crosswell seismic, crosswell electromagnetic, gravimetry, and 

InSAR data. 

2. Demonstrate the capability of these systems with simple and realistic (Eclipse) reservoir 

models, applied to realistic reservoirs, such as the Norne field.  

3. A detailed study of the impact of the different 4D monitoring techniques on the final 

estimates.  

4. Reduce the uncertainty encountered in petrophysical transformations, in particular with 

respect to Archie’s   Law parameters, by including its unknown in the history matching 

process and analyze its impact. 
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5. Quantify the uncertainty of the estimated reservoir parameters to enable improved 

decision-making and analyze their sensitivity to the observation noise. 

6. Compare and analyze the performance of different EnKF-based methods for reservoir 

history matching applications incorporating multiple data sets. 

Based on these objectives I have developed ensemble-based history matching systems interfaced 

with geophysical methods for improving reservoir production forecasts, better characterizing the 

reservoir formation and avoiding the separate inversion of the geophysical data for reservoir 

attributes in certain instances. The performance of the system was demonstrated on several 

realistic case studies; the uncertainty in the estimates was quantified by computing the P10 and 

P90 estimates. The P10 and P90 estimates are the estimates where 10 % and 90 % of the 

estimates exceed this value. Furthermore, these case studies investigated different EnKF-based 

methods.  

The subsequent chapters discuss a comprehensive analysis of the challenges and opportunities 

of the integration of multiple geophysical data with production data for reservoir history 

matching applications. Chapter 2 outlines the theory of reservoir simulation, in particular black-

oil and compositional reservoir models, as well as the specific reservoir simulators. Chapter 3 

addresses the individual geophysical techniques, namely EM, seismic, gravimetry and InSAR, and 

outlines their advantages and disadvantages as well as the specific formulations considered in 

this thesis. This is then followed by a discussion of the history matching techniques and their 

implementation in chapter 4. Specifically, chapter 4 will outline the Bayesian framework behind 

the Ensemble Kalman Filtering methods, and present ways to quantify the sensitivity of the 

parameter estimates with respect to the observations. Furthermore, observation error variances 
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will also be estimated. Chapter 5 investigates the performance of integrating multiple 

geophysical data for reservoir history matching in both simple 2D and realistic 3D cases, and 

quantifies the impact of each observation set on the quality of the parameter estimates. From 

chapter 6 onwards, performance of different geophysical data are investigated separately on 

different case studies, including a sensitivity analysis of their parameter values. Specifically, in 

chapter 6 the direct integration of EM full waveform data and the impact of EM data on the 

estimation of individual hydrocarbon components are discussed. In chapter 7 the 

complementarity effects between gravimetric and InSAR data are investigated on a realistic 

volatile oil reservoir, using a dual-state EnKF. Finally, chapter 8 demonstrates the history 

matching capabilities of the incorporation of seismic data for the Norne Field in Norway for the 

developed framework. The thesis concludes with an overview of the main achievements reached 

and suggestions for future developments.  
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2. Reservoir  Modeling  and  Simulations 
In this chapter, the main theory behind reservoir simulation and models will be explained, 

followed by a short outline of the numerical discretization of reservoir models. The chapter is 

then concluded by an outline of the main reservoir simulators that were used in the dissertation 

and a comparison of the major commercial and non-commercial reservoir simulators. 

2.1 Introduction 

Reservoir simulation is an area of reservoir engineering dealing with the prediction of fluid flows 

within the reservoir and studying the impact of different field development strategies on the 

recovery efficiency of the reservoir. Reservoir simulations therefore intend to simulate the 

reservoir processes, taking into account the complex geometries of the subsurface geology [16]. 

Reservoir simulators are typically employed in new fields to design the well placement strategy 

that optimizes the recovery of the emplaced hydrocarbons. It is for these newly developed fields 

where reservoir simulations are most important while the least amount of information is 

available. For producing fields, reservoir simulations are conventionally used for updating the 

geological structure of the reservoir, adapting Pressue-Volume-Temperature (PVT) parameters 

and predicting the time frame of hydrocarbon depletion. The optimal recovery strategy is 

determined by modeling different enhanced oil recovery strategies (EOR) and their effect on the 

recovery efficiency.  
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2.2 Theory 

The current section will outline the main theory, starting out with single-phase flow, followed by 

two-phase flow, black-oil modeling and finally compositional modeling.  

2.2.1 Single-Phase Flow 

Transport  through  porous  rock  is  conventionally  based  on  Darcy’s  theory  that  relates  the  flow  

through a porous structure to the difference in the pressure levels at the end of the porous 

medium [50]. Specifically, Darcy (Figure 2) could show that the total flow through the medium of 

length L and cross-section area A is given by  

 
P
�

 � 2 1( )kA P PQ
L

, (1) 

where k  is the permeability of the porous medium, A  the cross-sectional area, P  the viscosity 

of the liquid, L  the length of the medium, Q  the total flow through the medium, and 2P  and 1P  

represent the pressure levels at the end sides of the medium.  

 

Figure 2: Graphical representation of Darcy's Law. 
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In  differential  form,  Darcy’s  Law  can  be  written  as   

 
P

 � �PKu , (2) 

where u  is  Darcy’s  velocity,  K  the u3 3 permeability matrix, P  is the viscosity of the fluid, P  is 

the pressure in the reservoir, and gravity effects are neglected.  

While   Darcy’s   Law   enables   the computation of the flow within the reservoir, a further 

relationship is necessitated to ensure that the mass of the modeled fluid system is preserved. 

Using the mass conservation law and no source condition, one can couple Darcy’s  equation  with 

 
IU Uw

��  
w
( ) ·( ) 0

t
u , (3) 

that states that the sum of the temporal mass change and the net mass flow in the system is 

equal to zero. In equation (3) I  denotes the porosity, and U  the density of the fluid. 

2.2.2 Two-Phase Flow  

While single-phase flow may be applicable to a variety of water reservoirs and a small number of 

oil and gas reservoirs, most oil and gas reservoirs encounter at least two phases (e.g. oil and 

water) that have to be modelled. In doing so, the system of equations needs to ensure that mass 

is preserved for both phases and that the saturation dependence of the permeability of the rock 

formation is taken into account. The latter point is illustrated via an example considering an oil 

reservoir that is subject to water injection. Initially, the reservoir is fully oil saturated and the 

permeability of the oil phase is the same as the permeability of the rock formation. As soon as 

water is injected into the reservoir the decrease in oil saturation also promotes a decrease in the 

permeability (i.e., the speed of propagation) of the oil phase. This concept is called relative 
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permeability, implying that the permeability of the phase is relative to its saturation level. 

Therefore the permeability for the individual phases can be separated into  

 D D rkK K , (4) 

where K  is the rock formation permeability and Drk  is the relative permeability of the phase D (

D  ,o w  where o  stands for oil and w  for water). For two-phase flow (oil and water) the system 

of equations governing the flow through porous media is given by [16] 

 > @O O O U O U
U U

§ ·
�  �  � � � � � �¨ ¸

© ¹
· , ( ) ( )ow

w o w w o o
w o

qq P g zu u K , (5) 

and  
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w

S qf S g z
t

u K , (6) 

where Uo  and Uw denote the density of the oil and water phase, Oo and Ow the mobilities where  

 D
D

D

O D
P

  , ,rk o w , (7) 

wf  is the fractional flow function of the water phase and DS  is the saturation of the phase D , 

being either oil or water with the condition �  1o wS S . The factor � o wq q q  represents the net 

density flux rate (i.e., injection and production, in metric units 3

kg
sm

 ) of the oil and water phase, 

u  is Darcy's velocity, g the gravity, K  represents the permeability tensor, and P  is the pressure 

within the reservoir. The above equations do not take into account capillary effects, implying that 

the pressure of the two phases is the same [16].  
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2.2.3 Black-Oil Model 

For a majority of oil and gas reservoirs, a black-oil formulation of the dynamics in the reservoir 

can be used, which assumes that oil has an API Gravity of 15 to 45. The properties of oil are to a 

small extent subject to changes in pressure and temperature. This implies that while there are 

phase transitions, the individual species are conserved resulting in the black-oil model described 

by  

 I
ª º§ · § ·w

� �� �  « »¨ ¸ ¨ ¸¨ ¸ ¨ ¸w « »© ¹ © ¹¬ ¼

1· 0V go V
o g

o g o g
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where for the gas, oil and water phases D D  , , ,g oS w  are the saturation levels, DU  represent 

the Darcy velocities and I  the porosity. DB  are the formation volume factors for the individual 

phases, sR  is the solution of gas in the oil phase, and vR  is the amount of vaporized oil in the 

gas phase. The Darcy velocities for the individual phases are computed as 

 � �D
D D D

D

U
P

 � �� �rk P g zU K , (11) 

where the parameters are defined as above, and DP  is the pressure of the phase D  , ,o w g . 

For most oil and gas reservoir, water is an important drive factor originating either from an 

aquifer or being injected at the surface. For electromagnetic data, the concentration of salt in 

the water is significant as it strongly influences the electrical conductivity of the formation; the 
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influx or injection of water into the reservoir may considerably alter the salt concentration 

levels of the connate water found in the reservoir formation. The mass of salt should also be 

conserved by the system, modified by the influx and outflux of fluids, so the equation for the 

salt concentration is given by [16] 

 � �U
P

ª º§ ·
 � � � �« »¨ ¸

« »© ¹ ¬ ¼
� ,

,

·pr w salt rw
w w salt w salt q

w w salt eff

V S c kd P g z c c
dt

q
B B

rT , (12) 

where Uw  is the water density, saltc  is the salt concentration, P ,salt eff  is the effective viscosity of 

the salt, rT  is the transmissibility tensor and rwk  is the relative permeability of the water phase, 

prV  is the pore volume, wq  is the water production rate, ,salt qc  is the salt concentration of the 

produced or injected water, wP  is the water pressure and g is the acceleration value associated 

with gravity. The black-oil model together with the mass conservation equation of the brine 

approximate the dynamics of fluid flow within the reservoir for a variety of conventional 

reservoirs.  

2.2.4 Compositional Model 

Although the black-oil model has been shown to accurately represent the fluid-flow dynamics in 

conventional reservoirs, new EOR strategies and complex condensate gas reservoirs necessitate 

a refined description of the flow of reservoir fluids. In particular, oil and gas typically consist of a 

variety of different hydrocarbon components that occur in either gas or liquid form (see Figure 

3). Compositional modeling moves beyond the pseudo-compositional modeling of black-oil 

models and ensures mass conservation for the individual components instead of the phases.  
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Figure 3: Graphical Illustration of a compositional model. 

The modeling approach therefore takes into account the effects of the different phase 

compositions and pressure levels of each component, where the exchange mechanism between 

the different hydrocarbon components is based upon an equation of state (EOS) model. The 

corresponding mass balances for the hydrocarbon components is given by 

 � � � �I U U U Uw ª º�  �� �¬ ¼w
·kg g g ko o o kg g g ko o oc S c S c c

t
U U , (13) 

where kgc  and koc  are the mass fractions of the k-th component for cN  components in the gas 

and oil phase, fulfilling  
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The fluid flow velocities for each phase are given by 
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An equation of state (EOS), conventionally the Peng Robinson equation of state, is used for all 

components for determining the pressure, temperature, composition dependent density and 

equilibrium concentration of the individual components [14], [51]. The viscosity of the oil and gas 

phases are typically obtained from experimental correlations incorporating the density of the 

individual components and phases [52].  

2.3 Numerical Discretization  

In order to solve the reservoir simulation models numerically, the continuous model has to be 

transformed into discrete parts that are subsequently processed by computers. The 

discretization of the reservoir models implies that the derivatives are approximated by an 

expression that depends on a space or time difference, and the discrete system is then solved to 

give a numerical solution of the reservoir flow within the reservoir [12], [15]. The choice of the 

discretization and the size of the space and time differences (discretization errors) significantly 

influence the accuracy of the numerical solution and therefore care has to be taken when 

selecting these parameters.  

The main numerical methods for solving reservoir models are finite-difference, finite-volume and 

finite-element techniques. Finite-difference methods use finite-difference equations to 

approximate the derivatives of the reservoir simulation models, and are amongst the most widely 

used numerical techniques for solving reservoir simulation models. The cell-centered finite-
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difference method in particular has proven popular and is schematically outlined on equation (3) 

for a single-phase flow in 1D using the following assumptions: 

x The density U  is constant throughout the reservoir and time independent. 

x The porosity I  fulfills I
I

I
 

w
w

1c
P

, where Ic  is a real constant called the compressibility 

factor with units �1(Bar)  . 

x The permeability matrix is isotropic, implying that  kK I  where k is a space dependent 

function. 

Equation (3) then becomes  

 II
w w
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w w

0P u
x

c
t

, (18) 

and the cell-centered finite difference equation discretizes the equation such that the pressure 

is P  located at the i-th grid point (i.e., center of the cell) and the Darcy velocity at the center in 

between as outlined in Figure 4. The fully discretized form of equation (18) is then given by 
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Figure 4: Cell-centered finite difference (CCFD) discretization of the mass conservation equation. 
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Finite-volume methods are methods for solving the reservoir model by using the divergence 

theorem for converting volume integrals containing a divergence term into surface integrals. The 

surface integrals are then evaluated as fluxes at the surfaces of each finite volume, and have the 

benign property of being automatically conservative schemes and relatively easily formulated to 

allow for unstructured meshes. Compared to finite differences, the discretization may however 

be more involved and requires the evaluation of the volume integrals.  

Finite element methods are other popular methods for solving reservoir simulation problems. 

The model domain is subdivided into simpler parts, called finite elements, via the usage of basis 

functions. Subsequently variational techniques are employed for solving the problem by 

minimizing the associated error function. This has shown to be attractive for numerically solving 

a wide variety of engineering disciplines due to their flexibility in handling complex geometries 

and their preferential convergence properties. Similar to finite volume methods they are 

considerably more complex to apply and solve as compared to finite difference methods.  

 

2.4 Reservoir Simulators 

Within this dissertation three different reservoir models and simulators were employed for 

modeling the flow of hydrocarbons within the reservoir. These are the Matlab Reservoir 

Simulator Toolbox (MRST) [53] and the Schlumberger Eclipse reservoir simulators E100 and E300 

[51]. 

The MRST based reservoir simulator is a 3D finite difference black-oil reservoir simulator [53] that 

couples a well model to a two-phase flow model for the oil and water phase governed by a 
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reduced form of the black-oil equations to two phases. The MRST was developed by SINTEF and 

is primarily a library where a number of routines can be utilized to simulate the propagation of 

two phases for 2D and 3D reservoirs [53]. The advantages of MRST are that restricting the 

reservoir dynamics to a two-phase flow provides a more comprehensive understanding of the 

effects of the reservoir heterogeneity on the reservoir fluid and also its impact on the geophysical 

data [53].  

For more realistic reservoir structures, the Eclipse E100 and E300 reservoir simulators were used. 

The Eclipse reservoir simulator is amongst the most widely used commercial reservoir simulators 

in the oil and gas industry and typically used as the standard when performing benchmark studies 

or   trying   to   compare   one’s   results.   Eclipse was originally developed by ECL (Exploration 

Consultants  Limited)  in  the  1980’s  and  quickly  became  widely  utilized by BHP and Statoil as well 

as other major oil and gas companies [51]. The company ECL was then subsequently bought by 

Schlumberger, which expanded the initial black-oil reservoir simulator E100 to the compositional 

simulator E300. In more recent years Schlumberger formed a partnership with Chevron and Total 

to develop a significantly faster simulator, called Intersect. For the history matching studies both 

E100 and E300 were used. Both E100 and E300 use a finite volume method for solving the system 

of equations for the specific reservoir geometry, and the Newton-Raphson iteration method for 

solving iteratively the produced nonlinear system of equations. For more specific details, the 

reader may refer to the user manual of Eclipse [51].  

Having outlined the reservoir simulators used in the dissertation, Table 1 provides a comparison 

of these with respect to other major commercial and non-commercial reservoir simulators. 

Eclipse (E100 and E300) are the most commonly used reservoir simulators in the industry, 
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however their comprehensiveness and gradual development have posed challenges in improving 

their performance and the integration of newer numerical techniques. For this reason, 

Schlumberger in collaboration with Total and Chevron has been working on a new reservoir 

simulator, called INTERSECT, that should remediate the deficiencies of Eclipse and improve 

computational performance. While Intersect has exhibited significant performance 

improvements, it is limited in the types of simulations it can perform up to now. Another major 

reservoir simulator is STARS developed by CMG that was developed with the goal to accurately 

model heavy oil and EOR flow problems. The simulator is the method of choice for simulating 

heavy oil recovery reservoirs, however it may be challenged by large scale reservoir models and 

complex geometries. Another popular reservoir simulator is Nexus by Halliburton, which has a 

similar performance to Eclipse, but may partially lack the easy integration with geological and 

history matching modeling software. In the area of non-commercial reservoir simulators, 

UTChem and MRST have been rather popular. UTChem is developed by UTAustin and focuses on 

the modeling of chemical EOR processes and its impact on the reservoir recovery. Although quite 

powerful in this area, the code is rather complex and requires considerable time to understand 

and adapt for personal applications. As explained above, MRST has the advantage of being simple 

to implement. It has a variety of functions, however suffers from the lack of functionality as well 

as performance related limitations caused by its implementation in Matlab.  

The successive chapters will explicitly outline which reservoir model was utilized for the 

corresponding studies. While two-phase flow models are a considerable simplification of the 

dynamics in the reservoir, they provide a vital insight into the basic dynamics in the reservoir, 

and can be then substituted by more complex models. 
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Simulator Company Strengths Weaknesses 
Eclipse Schlumberger 

(Commercial) 
x Handles a variety of different 

reservoir geometries 
x Both thermal, black-oil and 

compositional simulations 
x Easy integration into Petrel 
x Multiple packages available for 

history matching 

x Scaling rather poor 
x Lack of tutorials  

 

Intersect Schlumberger 
(Commercial) 

x Fast and efficient black-oil 
simulator 

x Capable of handling big data 
applications 

x Restricted to black-oil 
models 

x Challenges with bugs  
 

STARS CMG  
(Commercial) 

x Compositional simulation 
x Chemical EOR studies 
x Thermal simulation 

x Deficiencies in handling 
complex geometries 

x Slow computation 
Nexus Halliburton 

(Commercial) 
x Black-oil and compositional 

simulation 
x Good complex geometry 

handling 

x Lack of utilities and 
different modeling 
options 

UTChem UT Austin  
(Open Source) 

x Compositional modeling and 
EOR strategies 

x Easy to be extended and test 
x No associated charges 

x Lots of bugs 
x Limited to simple 

geometries 
x Limited functionality 

MRST SINTEF  
(Open Source) 

x Development of own reservoir 
simulations 

x Easy to learn and modify 
x Fully utilizes capabilities of 

Matlab 

x Slow and inefficient for 
large scale computations 

x Incurs the deficiencies of 
Matlab 

x Limited functionality 

Table 1: Comparison of different commercial and non-commercial reservoir simulators. 
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3. Geophysical  Methods 
This chapter introduces the main geophysical methods, namely electromagnetic, seismic, 

gravimetry and InSAR techniques. First, a general outline of the main geophysical imaging 

techniques is provided that is then followed by a detailed discussion of the four main methods 

used in this thesis. 

3.1 Introduction 

Geophysical methods are the main tools used for studying the physical properties of rocks in the 

subsurface and are found in all stages of the hydrocarbon recovery process, ranging from the 

exploration and drilling to reservoir monitoring and production enhancement. The main 

geophysical methods used in exploration and reservoir geophysics are 

1. Seismic methods (reflection seismology, seismic refraction, seismic tomography) 

2. Gravity techniques (gravity gradiometry) 

3. Magnetic techniques (aeromagnetic surveys) 

4. Electrical techniques (electrical resistivity tomography, induced polarization) 

5. Electromagnetic methods (magnetotellurics, ground penetrating radar, transient/time-

domain electromagnetics) 

6. Borehole geophysics (well logging) 

7. Geodesy and Remote sensing techniques (hyperspectral imaging, InSAR) 

While there is an abundance of other techniques, the attention in the thesis will be restricted to 

electromagnetic, gravity, InSAR techniques and seismic data attributes. Their application will be 
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discussed in greater detail. The connection between the reservoir simulations to the individual 

surveys is outlined in Figure 5. The main parameters that are transferred between the reservoir 

simulator and the geophysical models are porosity I , phase saturations ( , ,w g oS S S ), and the 

reservoir pressure P . In particular, the seismic petrophysical model (Gassmann  or  Biot’s  model) 

primarily depends on the porosity of the rock, as well as the phase saturations that impact the 

propagation properties of seismic waves. For  the  EM  model,  Archie’s  relationship, as explained 

below, uses values of the salt concentration saltc , porosity I , and water saturation wS  to 

determine the conductivity profile of the formation. For the gravimetric surveys, porosity I  and 

the phase saturations ( , ,w g oS S S ) are used in order to determine the formation density changes. 

The surface displacement model for linking InSAR with the reservoir variables is primarily 

dependent on the phase saturations as well as the pressure level in the formation.  

 
Figure 5: Graphical representation of the relationship between the reservoir model and the 

geophysical data. 
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3.2 Seismic data 

Seismic imaging is the most frequently employed geophysical imaging technique, with almost  

75 % of companies’   exploration   projects   being   invested   in seismic techniques [54]. Seismic 

techniques emit acoustic waves into the earth to reconstruct the  earth’s  subsurface  structure  

from the attenuation and reflection properties of recorded seismic signals. While extensively 

used for exploration purposes, 4D seismic gained prominence in monitoring the changes within 

a reservoir, with several recent studies utilizing them for reservoir history matching purposes 

[26], [55]–[58]. Skjervheim et al., [56] successfully incorporated inverted time-lapse seismic data 

and production data into the Ensemble Kalman Filter (EnKF) for reservoir model updating and for 

improving the permeability estimate of a North Sea reservoir. The method relies on the prior 

interpretation of the seismic data that may differ from the actual reservoir state. Leeuwenburgh 

et al., [55] utilized 4D seismic data by directly integrating seismic amplitude data into the forward 

modeling part, to avoid the need for inversion [59], [60]. The method outlined improvements in 

the matching of data and forecasting [59], [60]. In a more recent article, Leeuwenburgh et al., 

[26] history matched 4D seismic data were used for the tracking of the fluid fronts in a 3D 

synthetic example, showing consistent multimodel history matching via the combined use of 

production and seismic data. The seismic information was incorporated into the model by first 

inverting it for saturation levels and then using these attribute data for constraining the 

saturation using the EnKF. As for [56], prior-interpretation of the seismic data and the deduction 

of the saturation profiles may be critical for this approach. 

Time-Lapse surface seismic techniques have been applied for reservoir monitoring purposes to 

determine water flooding and provide more accurate geological descriptions [61], [62]. The 
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emitted seismic waves may experience different propagation patterns for the individual reservoir 

rocks that are detectable in the recordings at the receivers. Furthermore, changing fluid contents 

and distributions induce a change in the arrival times and amplitudes of the seismic waves that 

are then exhibited in the seismograms. Despite significant technological advances, seismic waves 

may face the challenge that their seismic contrast between different fluids is rather low and 

hence may be limited in their ability to map out hydrocarbon fronts. In the thesis, I have studied 

the incorporation of seismic data attributes obtained via Gassmann’s petrophysical relationship 

within a multi-data history matching framework.  

3.2.1 Petrophysical Transformation –Gassman Model 

In order to link the seismic data attributes to the reservoir dynamics and vice versa, Gassmann’s  

theory [63]–[65] was used in Chapter 5 and 8.  Gassmann’s  theory  was  developed  by  Gassmann  

[65]–[68] who studied the propagation of acoustic waves within a fluid-saturated rock and 

developed a mathematical framework for computing critical seismic parameters from fluid 

parameters. The fundamental assumption is that the wavelength of the acoustic waves is large 

compared to the size of the macroscopic elementary volume of the rock, and that the 

displacement is small enough so that the strain tensor is linear [63]. In addition, Gassmann 

assumes that the rock matrix is elastic and isotropic, the liquid phase is continuous, the rock 

matrix is solid, and the pores are disconnected. These assumptions are mostly valid for 

subsurface seismic imaging and the utilized frequencies. The P and S-wave profile are given by  
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where dryK  is the dry-rock bulk modulus, 0K  the bulk modulus of the mineral making the rock, 

P  the rock shear modulus, I  the porosity, U  the density of the saturated rock and flK the 

effective bulk modulus of the pore fluid [65]. The bulk moduli of the pore fluid is computed by 

Wood's Law [68], using 1.16 GigaPascal (GPa) for the oil phase [69], and 2.2 GPa for the water 

phase. Within the thesis, the dry-rock bulk modulus dryK  was assumed to be 12.5 GPa [70], and 

the bulk modulus of the mineral making up the rock 0K  was taken to be 76.8 GPa [71]. Finally, 

the shear modulus of the rock P  was assumed to be 10 MPa [72] and the porosity as well as 

saturation levels were obtained from the reservoir simulator.  
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3.3 Electromagnetic Survey 

Besides seismic, electromagnetic techniques have played a major role in the oil and gas industry 

in recent decades both for exploration and reservoir monitoring purposes. Beginning with the 

introduction of the Schlumberger array, which was a technique for prospecting metal ore 

deposits, by the Schlumberger Brothers in 1926 [73], electrical logging tools have been 

developing rapidly. In the 1930's Doll and Dechatre spurred the discovery of the spontaneous 

potential (SP) that assisted in distinguishing between permeable oil-bearing and impermeable 

non-producing beds via comparing the SP and resistivity data [74]. Based on these achievements 

and the introduction of the resistor and integrated circuits in the 1960's, resistivity logging has 

become widely employed due to its vast reliability and increased log data-gathering capacity that 

enabled fast processing and retrieval of formation characteristics [75]. It characterizes the 

formation by measuring how strongly it opposes the flow of electric current (resistivity) and 

requires that the pore spaces are filled by electrically conductive mud or water. For formations 

that are porous and exhibit a significant amount of salt water, the overall resistivity will be rather 

low, while for hydrocarbon formations or formations with very low porosity, resistivity values will 

be rather high. This is due to the fact that rock materials are essentially insulators, while the 

enclosed fluids are conductive with the exception of hydrocarbon fluids that exhibit almost 

infinite resistivity. Comparing the resistivity values over time further helps in determining the 

evolution of the hydrocarbon sediments. This enables improved understanding of the field 

formation and well-informed decision-making for efficient field development [13].  

With the development of controlled source electromagnetics and cross-well electromagnetic 

resistivity imaging, electromagnetic techniques have in recent years again gained popularity [76]. 
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Controlled source electromagnetics (CSEM) is an offshore geophysical technique that employs an 

electromagnetic remote-sensing technology for investigating the presence and extension of oil 

and gas reservoirs below the seabed. Employing a dipole source transmitting a time-varying 

electromagnetic field, the electromagnetic waves propagate into the earth and the presence of 

resistive subsurface layers is detected via receivers located on the seabed. The resistivity of highly 

hydrocarbon saturated rock is high, while for salt water saturated rocks the resistivity is low [77]–

[79]. Replacing hydrocarbons by saltwater leads to lower resistivity levels while the changes in 

the seismic P-wave velocity are rather small, making it harder to distinguish between these two 

phases for seismic techniques as compared to electromagnetic techniques.   

Cross-well electromagnetic tomography [80], [81] is another technique for reservoir monitoring 

purposes. Cross-well electromagnetic tomography was introduced in the early 1990's to 

overcome the lack of sensitivity of surface based EM techniques and improve interwell mapping 

[81]. De Pavia et al., [82] presented an overview of the progress that has been made in EM 

imaging technology, and Marsala et al. [83] demonstrated the ability of cross-well induction 

tomography to achieve accurate resolution for evenly spaced wells more than one kilometer 

apart. Similarly, controlled source electromagnetics proved useful in overcoming some of the 

challenges faced by seismic exploration, while improving existing mapping of the subsurface 

reservoirs [84]. Despite these significant advances, linking the retrieved electromagnetic data to 

a reservoir model has been a challenge.  
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3.3.1 Archie’s  Model 

In   this   thesis,   the   link   between   the   EM   data   and   the   reservoir   is   achieved   using   Archie’s  

petrophysical transformation. Archie's Law was formulated by Guus Archie in the 1940's [89]. It 

provides an empirical quantitative relationship between the brine saturation of rocks, electrical 

conductivity and porosity [90]. The law states that the logarithmic conductivity Vlog( )  is linearly 

related to the logarithm of porosity and saturation, mathematically stated as 

 V I � �log( ) log( ) log( ) log( )w wC m k n S , (23) 

with wC  being the scaled water conductivity, and I  and wS  the porosity and saturation, 

respectively. The original parameters estimated by Archie and commonly used in the literature 

are   2m n  and  1k  [91]. Research has however shown that although the original equation 

is valid, the parameters m and n strongly depend on the formation under consideration and may 

significantly deviate from the original values, in particular for carbonate reservoirs [92]. For all 

models, it was assumed that the conductivity of the injected water wC  (in Siemens) is given by 

the relationship [93]:  

 
�

�ª º§ ·
 u �« »¨ ¸ �© ¹¬ ¼

1

4
0.955

36475 82123 10
10 1.8 39w

wc

C
S T

 (24) 

with wcS  being the salt concentration (in ppm) and T (in Celsius) the temperature in the 

formation. 
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3.3.2 Full-Waveform Electromagnetic Modeling and Simulation 

In Chapter 6.1 an electrical model of the earth was generated from the petrophysical model to 

simulate the propagation of the EM waves and directly compare them to the observed EM 

signals. The idea is to directly integrate the EM data into the history matching process and thus 

avoid the potentially ill-conditioned EM inversion problem. After obtaining the conductivity from 

equation (23), realistic cross-well EM experiments obtained by solving Maxwell's equations were 

performed. Maxwell's equations are the fundamental equations of EM, representing the 

evolution of the EM field in a domain [94]. They are composed of Faraday's Law,  
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Ampere's Law, 
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and Gauss' Law for the electric field and magnetic field stated as 

 U�  · ,D  (27) 

 �  · 0,B  (28) 

with E being the electric field, H the magnetic field, D the electric permeability, B magnetic 

permeability, J the induced current and U  the electric charge. For a more detailed discussion 

about Maxwell Equations, the reader may refer to Peterson et al., [94] (see Figure 7 for an 

example). 
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Figure 6: Comparison of the formation factors I bF a  (a, b constants) for the different 
petrophysical transformations where V  nAFS  and A being a conductivity dependent factor. 

The different formation factors outline the importance of the appropriate conductivity 
transformation for relating the electrical conductivity to the water saturation of the formation.  

In order to deal with arbitrary heterogeneities a first order approach based on the Finite 

Difference Time Domain (FDTD) method using a Yee grid with Perfectly Matched Layer (PML) 

boundary conditions was applied [95]. This approach for solving Maxwell’s equations directly via 

FDTD compared to solving the wave equation (see e.g., [85], [96], [97]).  

The different EM solvers employed in chapter 6.1 differ in the dimension of the domain that is 

considered. For the 1D EM Solver, the emitted EM wave is assumed to propagate along a straight 

line that is in general not valid. EM fields emitted from cross-well EM tomography sources 

typically spread in all three dimensions and are expected to lead to a radiation pattern that 

significantly differs from a line propagation. While computationally efficient, the line 

approximation may lead to different recordings and may not be able to accurately track the 

attenuation caused by the heterogeneity within the reservoir [94]. The 2D EM solver assumes a 

propagation of the EM field in the horizontal plane that improves the ability to more accurately 
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capture the lateral heterogeneity as shown in Figure 7. A deficiency of the former method is that 

vertical propagation, and hence effects from vertical heterogeneities in the model, is neglected. 

This may represent the formation incorrectly, leading to inaccurate forecasts of the EM data, 

especially for highly heterogeneous reservoirs. The 3D EM solver takes into account full 

heterogeneity of the reservoir formation, overcoming the deficiencies of the 1D and 2D 

approaches. However, this also significantly increases computational complexity. Increased 

computational complexity may render 3D EM imaging computationally infeasible, and a 1D 

approach may be sufficient. It is ensured that approximately the same resolutions are attained 

for all solvers. The EM survey response is then incorporated into the observation operator of the 

history matching system. The specific source receiver setup is presented in section 6.1.3.  

  
Figure 7: Synthetic formation structure with water patches denoted by blue and hydrocarbons in 
red in (a) and the corresponding electric field in (b) showing the propagation of the electric field 
in the water, while the electric field gets significantly attenuated in the hydrocarbon saturated 

regions. 
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3.4 Gravimetry 

Gravimetric imaging has seen a revitalization in recent years for gas reservoir monitoring [43]. 

Gravimetric methods have long been employed for the exploration of hydrocarbons, using 

changes in the Earth's gravitational field to locate horizontal and vertical variations in the density 

of the subsurface rocks. Necessitating a strong density contrast between the different 

components of the geological structure, gravimetric techniques have been employed as an 

efficient and inexpensive technique for large scale explorations, but were limited in their 

resolution to detect reservoir changes [43], [98]. Technological developments have, however, 

enabled the measurement of gravity differences in the micro Gal range, hence determining 

density changes at the reservoir level [44]. These have been successfully employed for reservoir 

monitoring [41]–[44]. Specifically, time-lapse gravimetric reservoir monitoring for subsea ocean 

fields has picked up tremendously, starting with the attempt to monitor the Troll gas field in 

Offshore Norway by Ola Eiken [43], [99]. Coping with the measurement noise was the main 

challenge caused by the rough environment in which the surveys were conducted. Considerable 

improvement was achieved via the incorporation of a shock-protecting frame of the instrument. 

Together with advances in data processing, resolutions in the single digit micro Gal ranges were 

achieved, leading to gravimetric techniques becoming viable for gas reservoir monitoring [31], 

[43]. The gravimetric signal at a specific point P is dependent on the density distribution within 

the whole reservoir. However, using the equivalence principle, the mass density distribution at 

any point in space can be replaced by a distribution of mass per unit area that reproduces the 

same gravity anomaly as the real density distribution [41], [100]. This provides for an 

approximation of the gravimetric response at the surface induced by the reservoir via the 
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response from subsets of the reservoirs, partitioning the reservoir into a number of rectangular 

prisms. The gravimetric signal for the j-th prism is given by the expression for the gravitational 

attraction [101], mathematically stated as  
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In equation (29) , ( )l jg X  is the gravitational force component of the reservoir cell l at time 1t , 

� � , ,X x y z  , G the gravitational constant that equals � § ·u ¨ ¸
© ¹
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kg
, U ,

b
l j  is the cell bulk 

density at time kt   and  � �2 2 2r x y z . The values , , , , , ,x , , , , ,ub j lb j ub j lb j ub j lb jx y y z z  represent the 

bounding coordinates of the prism that are all measured relative to the observation point X . The 

component of the gravitational force � �lg X  at the point X  is then the summation of the 

individual gravitational force components over all prisms represented as  
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where M is the number of prisms. The changes in the reservoir are reflected in the change in the 

bulk density for each grid cell. The bulk density for each grid cell consists of the fluid filled void 

spaces and the density of the rock structure and can be represented via 

 U I U I U � �, , (1 )b fl m
l j j l j j . (31) 

In the density equation (31), I j  denotes the porosity, U ,
fl

l k  the fluid density of cell j, and Um  the 

rock-matrix density. The density of the fluid filling the void spaces in the rock is given by  

 U U U U� �, , , , , , ,
fl w w o o g g

l j l j l j l j l j l j l js s s , (32) 
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with , , ,, ,w o g
l j l j l js s s  respectively representing the water, oil and gas saturations for cell j, and 

U U U, , ,, ,w o g
l j l j l j  the water-, oil- and gas-cell densities at time 1t . The bulk density of the rock matrix 

is assumed to be 2,600 kg/m3 within the thesis [102]. The temporal gravity variation is then given 

by  

 '  � 0( ) ( ) ( )l lg X g X g X , (33) 

where lg  represents the gravity measurements at time lt  and 0g  denotes the baseline gravity 

measurements. Figure 8 shows an example of the change in the water saturation caused by water 

influx of a simple 2D reservoir and its impact on the gravity signal. The increase in the water 

saturation is well exhibited in the gravity anomaly response that is primarily due to the strong 

density contrast between the water and gas phase. While the example is rather simple and the 

gravity anomaly may be significantly less sharp in reality, it reveals the correlation between 

changes in the reservoir and the gravity response. For a more extensive discussion on gravimetric 

reservoir monitoring, the reader may refer to the theses of Stenvold [41] and Glegola [103]. 
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Water Saturation 

 
Gravity Anomaly 

 
Figure 8: Example of the water saturation profile of a 2D reservoir after 13 years and the 

subsequent gravity anomaly. 
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3.5 InSAR 

Remote sensing reservoir monitoring has assumed increasing importance for reservoir 

monitoring applications, being able to detect surface deformation changes from the production 

of hydrocarbons. In particular, Interferometric Synthetic Aperture Radar (InSAR) has been 

successfully employed for measuring ground deformation caused by tectonic and volcanic 

activities, achieving accuracy in the millimeter range over hundreds of kilometers. Besides 

monitoring the displacement caused by natural events such as earthquakes and volcanoes [104]–

[106], InSAR techniques have yielded valuable information for subsurface mining and collapse of 

old mines, stability of built structures and for subsidence caused by oil or water extraction from 

subsurface reservoirs [45]–[49].  

 
Figure 9: Compaction and subsidence. 

As an example of the latter application, InSAR has provided valuable information for the 

monitoring of the Tengiz Gas Field in Kazakhstan [107] and the Krechba Field in Algeria [49]. 

Surface deformation (subsidence and uplift) caused by the injection and production of fluids from 
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subsurface reservoirs is a well-known phenomenon and massive subsidence was observed for 

the top of major hydrocarbon fields [108]. The subsidence is caused by a volume change in the 

reservoir, primarily induced by a change in the pressure levels within the reservoir [109]. A 

graphical representation of the effect of reservoir compaction is presented in Figure 9, which 

oultines the relationship between a compaction at the reservoir levels due to a reduction in the 

pressure levels, and the subsidence observed at the surface. For seeing a considerable amount 

of displacement, at least one of the following conditions must be met: 

x The reservoir pressure drop or increase must be significant. 

x The reservoir rock must be highly compressible; compaction is more likely to be 

encountered with soft rocks. 

x The reservoir must be of sufficient thickness, and the whole depleted zone including 

aquifers has to be considered. 

x Besides compaction there should not be a shielding effect reducing the subsidence. 

Amongst the first to model the subsidence effect caused by oil reservoir production was 

Geertsma [109] who used a simple 1D Volume-Deformation point source model. The model by 

Geertsma states that the displacement at the surface is given by 
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where mC  is the reservoir compaction coefficient, h  the reservoir height, D  the Biot coefficient, 

Q  the Poisson ratio, 'P  the reservoir pressure change, D  the depth of the reservoir and R  is 

the horizontal radius of the reservoir. Geertsma’s model provides a good insight for a disc-shaped 

reservoir into the main parameters affecting the subsidence or uplift at the surface on top of the 
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reservoir. However, the one-dimensional nature of the reservoir and disc-shaped assumption 

may give the model limited applicability for more detailed calculations.  

Significant advances were achieved in particular by Vasco et al., [45], [46], [110] who refined the 

Volume-Surface deformation relationship. These models require, however, a number of input 

parameters that may only be inadequately identified in practical applications. Mossop et al., 

[111] studied the surface deformation caused by pressure changes in a geyser’s geothermal field 

using Global Positioning System data and the dependence on the volume strain. The conclusions 

were that the pressure changes are well visible in the surface deformation and that the volume 

strain may be frequency dependent on fractured and water-saturated rocks. For the considered 

reservoirs in the Arabian peninsula, the point-source model relating the surface displacement to 

changes in the pressure levels, using a half-space formulation, accurately approximates the 

displacement dynamics [49], [107] and was therefore used in this thesis. Within this approach 

we neglected horizontal displacement and assumed that the line of sight (LOS) vector only has a 

z-component with value 1. The justification for this approach is to outline the correlation 

between changes in the reservoir and the up- or downlift observed at the surface, and to avoid 

over-complexity that may restrict the approach to very specific regions of the world and keep the 

number of only partially known model parameters to a minimum.  

The vertical displacement observed at the surface at point x is given by a simple poro-elastic 

surface displacement model [49], [112] (assumed on the surface directly above the reservoir with 

zero z-coordinate) 

 T
:

 ³( ) ( ) ( , )zu x y G x y dy , (35) 

where the change in the pressure level 'p  is incorporated in the volumetric eigenstrain and 
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In equation (36) D  denotes the reservoir Biot coefficient (assumed to be 0.67 [113]) that shall 

include the effects of poro-elasticity, UK  the drained bulk modulus, which was assumed to be 

21.6 GPa [114], and G represents the fundamental solution for the displacement at the 

observation point x produced by a point dilation at y [115]. The function for G  is given by 
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where P  and O  are the Lame parameters ( P  the shear modulus, and O  the first Lame 

parameter) and Q  is   the   Poisson’s ratio. Furthermore,  1 2, ,0][x x x  and  1 2 3,[ , ]y yy y . The 

Poisson’s  ratio  was  assumed  to  be  0.2,  O  is 1.1 GPa and the shear modulus was the same as in 

section 3.2. All parameter values were chosen to approximate typical geological settings for the 

considered reservoirs [116]–[118] in the Middle East. Approximating the above integral by 

summing over the integrals for each grid cell, assuming that pressure drop is constant in each 

grid cell, we obtain the expression [49] 
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where M represents the number of reservoir prisms, 
D
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 the volumetric eigenstrain in 

the j-th prism displaying the strain effect that is caused by the pressure change ' jp , jy  the 

center coordinate of the j-th prism and jV  the volume of j-th prism. A simple example for the 

relationship between pressure change in the reservoir and the vertical displacement at the 

surface is shown in Figure 10 where an inverted five-spot pattern (one injector at the center, and 

four producer wells at the corners of the reservoir) is employed. Water injection at the center of 

the reservoir leads to an uplift of the reservoir in the middle while the pressure reduction at the 

producer wells in the corners caused by the production leads to a downlift. The total 

displacement of around 160 millimeters over a period of 16 years is equivalent to a yearly 

displacement rate of around 10 millimeters per year which is in agreement with the 

displacements observed for example by TREuropa [107]. The pressure changes within the 

reservoir fall within typically observed levels for general reservoirs, and a softer subsurface rock 

formation is assumed in order to observe sufficient vertical displacement rates.  

An important aspect to note is that only forward simulations are conducted and that the pressure 

distribution is obtained from the reservoir simulator, implying in particular that highly oscillatory 

pressure distributions are non-existent and unphysical. Highly oscillatory pressure distributions 

indicate that the fluid model might not be correct and that an adequate fluid model is already 

ensured in the initial model setup.  
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Pressure Change 

 
Surface Displacement 

 
Figure 10: Example of the change in the pressure distribution (based on the initial pressure level) 

of a 2D reservoir after 16 years and its impact on the vertical surface displacement. 
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4. History  Matching 
The following chapter will introduce history matching and outline the different history matching 

algorithms and sensitivity analysis techniques.  

4.1 Introduction 

History matching is the process of adjusting the parameters of a reservoir model until the model 

reproduces the past behavior of the reservoir. It is an important area for any oil and gas company 

to accurately determine its hydrocarbon reserves, forecast production levels and optimize 

recovery strategies. Furthermore, the process enables the verification of  the  model’s geological 

assumptions, comparing the simulation results to the data collected from the reservoir, and 

subsequent updating of the reservoir model geology [23].  

History matching is still a trial and error process. With the increasing number of unknowns and 

complexities in reservoir models, data assimilation (DA) methods have attracted significant 

interest [24] and have been applied for many reservoir history matching applications, e.g. [25]–

[27].  These  methods  originate  from  the  Bayesian  estimation  approach  which  employs  Bayes’  rule 

for estimating the posterior probability distribution of the system unknowns given the observed 

data [119], [120]. The most direct methods to solve this problem are the Markov Chain Monte 

Carlo (MCMC) method and its variants which offer an elegant algorithm to sample the probability 

distribution using a Markov chain [121]–[123]. While this approach provides the optimal solution 

of the Bayesian estimation problem, its extensive computational cost for large scale reservoir 

history matching problems makes it generally inapplicable [23].  
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State-of-the-art DA methods can be organized into two main categories: optimization-based 

deterministic methods and ensemble-based stochastic methods. Optimization methods, which 

minimize the sum of the misfit between the simulated and observed data and the difference to 

a prior initial solution, have been most widely employed. These methods have proven to be most 

efficient for smooth objective functions and exhibit rapid convergence near a minimum [23]. A 

major challenge of these methods is that they require gradient computations and are vulnerable 

to local minima. In particular, modern geological reservoir representations encounter strong 

discontinuities within the subsurface parameter fields caused by fault lines and reservoir 

heterogeneity, making the computation of gradients at points of discontinuities a challenge [23]. 

Furthermore, their deterministic formulation does not include an efficient framework for 

uncertainty assessment of the solution [23], [24] nor do they take into account uncertainties in 

the system from parameters that have not been included in the estimation process. 

A different approach to formulate the DA problem is to use Bayesian filtering methods [23], [124]. 

These are sequential posterior density estimation algorithms that use Bayesian recursion for 

computing the solution of the optimization problem. They operate as a succession of forecast 

steps with a dynamical model (reservoir simulator here) and an analysis (an update) step to 

update the forecast with incoming observations. 

For reservoir applications, the geophysical model is written in state-space form, consisting of the 

reservoir simulator that integrates the state vector forward in time (perturbed by a random noise 

in the presence of model errors), and the observation operator that maps the state vector into 

the observation space while accounting for measurement errors via a random noise. The state-

vector to be estimated may consist of static reservoir parameters (e.g. permeability, porosity), 
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and dynamic variables (e.g. saturation, pressure). Filtering methods make no restrictive 

assumption towards the density distribution. They do however suffer from prohibitive 

computational costs for high dimensional systems, making it challenging to apply for reservoir 

history matching problems [125].  

Ensemble Kalman filters (EnKFs) have recently attracted significant attention [23], [126]. These 

are simplified filtering algorithms that are based on the assumption of the forecast and 

observation density distribution being Gaussian. EnKFs are based on the Kalman filter (KF), 

approximating the covariance matrix of the system unknowns by the sample covariance matrix 

of an ensemble of realizations [23]. This simplifies the KF implementation by first integrating an 

ensemble of state vectors forward in time for forecasting and then updating them with incoming 

observations using the KF analysis step.  

EnKF methods have been shown to be suitable for filtering high dimensional systems, portable 

and highly parallelizable, and to simultaneously provide an efficient framework for the 

quantification of the uncertainties for the model parameters. Furthermore, EnKFs are easily 

adaptable to different simulators and variables [23], [24], proving efficient with commercial 

reservoir  simulators  (such  as  Schlumberger’s  Eclipse)  where  one  may  not  have  direct  access  to  

the source code required by deterministic approaches [18]. Below I will outline the framework of 

Ensemble Kalman based history matching and present the main techniques used in this thesis. 

Conventional history matching problems are formulated in state-space form that consists of the 

forward propagation of the state vector by the model in time given by  

 T K� �1( , )k k k k kz M z , (39) 

that is accompanied by retrieving the observations at the corresponding time step with 
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  �( )k k k ky h x . (40) 

In equation (39) kM  represents the reservoir simulation model with the state vector T ,[ ]k k kx z  

consisting of the static parameter Tk  and dynamic variables kz .  

In this thesis the static parameters are the reservoir permeability, porosity and the vertical 

transmissibility characterized by constant dynamics, i.e. T T � 1k k . The dynamic parameters are 

water saturation, gas saturation, oil saturation and pressure levels. The term Kk  represents the 

Gaussian model noise that accounts for model errors. The observation ky  is obtained via the 

nonlinear observation function kh  perturbed by a Gaussian random noise k . Typical 

observations that are encountered in history matching applications are well production and 

injection rates, bottom hole pressures and phase saturations that are complemented in this 

thesis by time-lapse seismic, EM, gravimetry and InSAR data. The Gaussian assumption of the 

model error and observation error is essential for the validity of applying EnKF techniques, and 

while there has been progress in the usage of non-Gaussian techniques for ensemble history 

matching [127], the higher computational complexity of these techniques may make it 

computationally demanding for large-scale history matching problems. Within the thesis two 

different EnKF-based history matching methods were examined: the EnKF introduced by Evensen 

[128] and the Singular Evolutive Interpolated Kalman Filter (SEIKF) introduced by Pham [129]. 

4.2 EnKF 

The EnKF was first introduced by Evensen et al., [130] and has been extensively applied in the 

field of history matching [24]. The EnKF uses an ensemble of state vectors to represent the 
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distribution of the system state, approximating the Kalman filter error covariance matrices by the 

sample covariance matrix of the ensemble. The use of ensembles enables a significant reduction 

of computational cost and allows the implementation of the filter with nonlinear models. The 

EnKF operates in two steps: 

x A forecast step to integrate the analysis ensemble forward in time to estimate the first 

two moments, i.e. mean and covariance of the forecast distribution, from the sample 

mean and covariance of the forecasted ensemble. 

x An analysis step to update the forecasted ensemble with incoming data before 

proceeding with a new forecast cycle. 

To achieve efficient computation and handle nonlinear observations, we have used an 

observation matrix-free implementation of the EnKF. Let eN  be the forecast ensemble size and 

 }1[ , , ]
e

f f f
NX x x  the state ensemble matrix, with f

ix  denoting the forecast state vector of the i-

th ensemble member. Furthermore, define the scaled covariance anomaly as 

 u
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where u1 eNe  denotes the matrix with ones as elements and size u1 eN  and  
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je

H h x h x
N

, (42) 

Is the observation matrix, with )( ih x  being the nonlinear observation of the i-th ensemble 

member. Also define the perturbed data matrix D as 

 K K } � }1, ] [ , ,[ , ]
eNdD d , (43) 
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where Ki  is sampled from ( , )0 R  and is a Gaussian random vector of the same length as the 

data vector d, and R is the diagonal covariance matrix containing the observation data errors. 

The EnKF update step can be written in matrix form as:  

 
�

§ ·
 � � �¨ ¸� �© ¹

1
1 1 ( ( ))

1 1
a f T T f

e e

X X AH HH R D h X
N N

, (44) 

with  }1[ , , ]
e

a a a
Nx xX , which means that each ensemble member is updated with a Kalman Factor 

correction step as  � �( ( ))a f f
i i ix d h xx K . 

4.3 Iterative EnKF 

Despite its success and application in a variety of fields, the EnKF incorporates two 

approximations that may have practical consequences. The first approximation is that the update 

step is based on means and covariances only, neglecting higher order moments of the probability 

density function (PDF) of the system state. The lack of these higher moments in the 

approximation may make it difficult to maintain non-Gaussian a priori statistics of the variables 

distribution that are encountered in geophysical applications [131]. The second approximation is 

due to the limited number of model realizations that introduces sampling errors in the covariance 

estimates [131]. These approximations may often lead to a systematic underestimation of the 

error variances and subsequent ensemble collapse that could cause ensemble divergence from 

the measurements [131].  

One way to mitigate these issues and obtain better estimates is to introduce an iterative line 

search on the Kalman-based ensemble updates [132]. The resulting iterative EnKF resembles the 

EnKF method but adds a multiplicative factor E  (line search parameter) to the Kalman Gain 
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matrix that is iteratively updated until either sufficient matching is achieved or the maximum 

number of iterations is reached [132]. In our case, we set E0  to 1 and solve equation  

 E
�

�

§ ·
 � � �¨ ¸� �© ¹

1

1
1 ( ( ))

1 1
f T T fl

l
e e

X X AH HH R D h X
N N

. (45) 

The step size E l  is updated by E E�  1
3
4l l  until either the RMSE does not decrease anymore or 

the difference between two successive E l  is small. The iterative scheme avoids overshooting in 

the Kalman update step and has performed well in various cases [132]–[134]. 

4.4 SEIKF 

Another popular approach for the incorporation of large observation data in an ensemble-based 

framework is the singular evolutive interpolated Kalman Filter (SEIKF), introduced by Pham [135] 

as an alternative to the EnKF, and successfully applied to reservoir history matching by Liang et 

al., [136]. The SEIKF can be viewed as a SR-EnKF [137], in the sense that its forecast step is 

identical to that of the EnKF. At the analysis step, however, only the sample mean and covariance 

matrix of the forecast ensemble are updated with incoming data, exactly as in the Kalman filter. 

A resampling step is then needed to generate a new ensemble matching the analysis’ first two 

moments before a new forecast step can take place in the same way as in the EnKF. In the SEIKF, 

the members are randomly sampled [135], in contrast to other similar deterministic SR-EnKFs 

[138]. In the k-th update step, the mean and covariance of the analyzed state is given by  

 ª º � �¬ ¼( )a f f
k k k k k kx x K y h x , (46) 

  �( )a f
k k k kP I K H P , (47) 
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where f
kx  is the mean of the forecasted states and kK  the Kalman gain matrix, computed as 

� �� �
1f f T

k k k k k k kK P H H P H R . The algorithm of the SEIKF is outlined below [129], [139], [140]. 

Initially define the T-matrix, L  and U  via  
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  f fL X T , (49) 

 � �� �� �1 1( 1) TT
e T HL RU N T HL , (50) 

where � �  :,:,
( )ii

h LHL . Then the analyzed state vector is obtained via 

  �a f fx x L w , (51) 

 � �� �� �1( )T fw U HL R d h x . (52) 

Then the weight matrix  

  � :1 T
eNW C , (53) 

with  T ACC , :  an arbitrary � ��u 1e eN N  matrix ( eN  number of ensemble members) with 

orthogonal columns orthogonal to � �}1, ,1 T , is used to compute the updated ensemble as 

  �a a fX X L W , (54) 

with  }[ , , ]a a aX x x . 

The square-root formulation of the SEIKF avoids the need for perturbing the observations, which 

may introduce noise and degrade the efficiency of the EnKF analysis step when the ensemble size 

is small compared to the number of observations to be assimilated at each cycle [141]. In such 

situations, the observation error covariance matrix R will be undersampled, undermining the 
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weight of the observation in the Kalman update [141]. Recently, Hoteit et al., [142] argued that 

the EnKF may better preserve the posterior distribution as its analysis step inherently includes an 

efficient random resampling step that better preserves the filter distribution. In their numerical 

experiments conducted with the Lorentz 96 model, the SR-EnKF outperformed the EnKF when 

the ensemble size was smaller than the number of assimilated observations. The EnKF 

performance was however improved with larger ensembles compared to the SR-EnKF, beating 

the latter with large enough ensemble members (provided that the observation covariance was 

properly sampled) [142]. For a more detailed discussion of the SEIKF, the reader may refer to the 

article by Hoteit et al., [143]. 

4.5 Dual State-Parameter EnKF Estimation 

Jointly estimating dynamic and static parameters may face challenges in the standard EnKF. 

While static parameters such as permeability and porosity change marginally in value over the 

course of the history matching period, dynamical parameters such as saturation and pressure 

levels may significantly change during the assimilation cycles [23]. This dual nature of the state 

vector may lead to insufficient update steps and even instabilities in the joint estimation 

approach [144].  

In the joint static-parameter estimation approach, one directly approximates the conditional 

joint density  

 T 1:( , | )k k kp z y , (55) 

of the dynamic and static variables � �T,k kz  given all available observations > @ }1: 1 , ,k ky y y  up to 

the update step kt  by applying an EnKF to the joint state vector T [ , ]k k kx z . 
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In the dual state-parameter estimation approach the joint density (55) is decomposed into 

 T T T 1: 1: 1:( , | ) ( | , ) ( | )k k k k k k k kp z y p z y p y . (56) 

We have included the time evolution subscripts in the parameter Tk , which evolves in time with 

constant dynamics � �T T � 1k k  to be consistent with the sequential formulation of the EnKF. 

The maximum a posteriori (MAP) estimator for the state and parameters are then separately 

computed from each marginal density using two separate EnKFs, one acting on the dynamical 

variables kz  and one on the static variables Tk  , i.e.  

 � �
T

T T MAP
1:argmax |

k
k k kp y , (57) 

 � �T MAP MAP
1:argmax | ,

k
k k k k

z
z p z y . (58) 

Based on this dual marginal estimation, the dual EnKF computes the MAP estimates of the static 

parameters Tk  and the dynamical variables kz  by separately sampling their conditional 

distributions. This leads to two Kalman-type filters separately acting on the static and dynamical 

variables, in which Tk  is first estimated and then used to (re-)forecast before updating kz . This 

should obviously provide a better forecast that is more consistent with the reservoir state to be 

updated, in a similar way to the confirming step of [145], as has been demonstrated by several 

recent studies [146], [147]. Computational complexity increases however as the forward model 

needs to be evaluated twice for each Kalman update time step. 

The dual scheme and the [145] algorithm are different by design, although the only difference 

between their algorithms is the update step of the dynamical variables in the dual scheme after 
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forecasting with the updated static variables. The dual approach is derived from a well-defined 

Bayesian-like criterion adapted to the state-parameters case.  

 

Figure 11: Dual parameter estimation algorithm using EnKF. 

The update step of kz  should be beneficial given all other sources of uncertainties in the system 

(e.g.  initial  conditions,  model  errors… ). It was recently argued by [148] that the dual-EnKF could 

also be formulated as a one-step-ahead EnKF-based smoother (subject to a minor assumption), 

computing a one-step-ahead smoothing distribution (rather than a forecast distribution as in the 

Joint-EnKF) between every two successive analysis distributions. Under this formulation, the 

analysis ensembles of the dual-EnKF would conveniently and efficiently use the current 



56 

 

observation twice, and not once as in the joint-EnKF. This should in principle lead to improved 

estimates of the reservoir formation, at the cost of an increase in the computational burden.  

The dual estimation algorithm is outlined in Figure 11. An available ensemble of analyzed state 

vectors T� � � 1 1 1[ , ]a a a
k k kx z  at time �1kt  is integrated forward in time in order to obtain the 

forecasted ensemble T�  , 1 [ , ]f f f
k k k kzx . The new observations ky  at time kt  are first used to update 

T f
k  using equation (44) with T k kx  obtaining T� � , 1 1[ , ]a a a

k k k kzx . The updated static variables T a
k  

are then utilized for forecasting an ensemble of dynamical variables that are then updated with 

observations ky  again using equation (44) with  k kx z . As in the joint estimation approach, the 

static variables are integrated with constant dynamics, i.e. T T � 1
f a

k k . One may iterate on the 

state and parameter estimation separately in the EnKF update step, which is an advantage of the 

dual EnKF, however this was not deemed necessary for the considered applications. 

For an ensemble size eN , the computational cost of the joint scheme is basically eN  model runs 

plus the cost of the Kalman update of the joint state vector � �T,kz . In contrast, given that the 

ensemble members need to be integrated twice with the model for every forecast-analysis cycle 

of the dual scheme, the computational cost of the dual estimation approach is 2 eN  model runs 

plus the cost of the Kalman update of the static parameters plus a Kalman update of the dynamic 

variables. The computational cost for updating the joint state vector may however be significantly 

larger as compared to the separate updating of the static and dynamic variables. Taking into 

account overhead costs (simulation initialization, writing final data to file), the real run times in 

the dual scheme are increased by up to 50 % compared to the joint scheme in our experiments.  
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4.6 Sensitivity Analysis 

With different types of observational data sets being incorporated into the history matching 

process, it has become important to determine the information content of each observation data 

set and its relative influence on the filter solution. To quantify the impact of each observation 

data on the EnKF update step the approach presented by Liu et al., [149] was followed and 

examined in Chapter 5. Liu et al., [149] presented an adjoint-free approach for computing the 

analysis sensitivity (self-sensitivity) of an EnKF update step to the observations. For the case of 

linear observations, the analysis state can be represented at a given time as 

 � � � � )(a f f
k k k k k k kx K d x K h x . (59) 

The sensitivity of the analysis vector a
kx  to the observation vector kd  is defined as  
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and the sensitivity with respect to the forecasted state is given by 
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As shown in Cardinali et al., [150] the sensitivity of the analysis to the observation and the 

sensitivity of the analysis to the corresponding forecasted state are complementary, and the 

diagonal elements of the sensitivity matrix (self-sensitivity values) are theoretically between 0 

and 1. Furthermore, the sensitivity o
ks  indicates how strongly the observations of the analyzed 

state change for a unit change in the observations and in the ideal case should be equal to one. 

Therefore, the closer o
ks  is to one, the stronger the impact of this data set component, while a 
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value close to zero would indicate only a weak impact.  

For implicitly given observations obtained by nonlinear observation functions, the sensitivity 

matrix can be written as [149]  

 � �� �� 
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Written more explicitly the observation sensitivity matrix component can be stated as 
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and  
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4.7 Observation Error Variance Estimation 

Determining the observation errors for various geophysical techniques is generally a challenge, 

as observation error noise levels may differ considerably for reservoirs and imaging setup 

environments, and therefore need to be calibrated for each application. Observation error 

estimation techniques typically use a common statistic referred to as innovation, which is the 

difference between the observation and the forecasted state. For ensemble based methods and 

nonlinear models, an extended maximum likelihood approach for error observation estimation 

was presented by Ueno et al., [151]. Maximum likelihood (ML) estimation is the determination 

of a set of parameters that maximizes a given likelihood distribution, thereby measuring the 

quality of matching the observations. Maximum Likelihood estimation algorithms typically 

employ an iterative procedure to sequentially update the parameters until convergence is 
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reached. For the observation error estimation we have followed the procedure presented in 

Ueno et al., [151], [152]. Throughout the presentation we assume that the observation error 

covariance matrix is diagonal with  
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Then the optimal diagonal elements ir  (representing the variances of EM observation errors for 

the i-th grid cell) that maximize the log-likelihood are obtained using the following procedure. 

Given initial variances !0 0ir , and tolerance levels T  and U , the posterior probability for the 

ensemble is computed as 
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where the function *  is given by 
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The updated observation error variances are then obtained for each ensemble member via 
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where iy  and ( )f
i jh x  are the i-th elements of the observed and simulated EM data. The iteration 

is terminated as soon as the stopping criteria 

 T� � �( 1) ( ) ( )) ( ) (( )k k kL r L r L r , (69) 
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 G� ��( 1) ( ) ( )k k kr rr , (70) 

are both met where the log-likelihood L is defined as 
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The stopping criteria (69) and (70) require that the likelihood function value and the estimated 

parameters between two successive update steps change only marginally representing a typical 

local convergence criterion. For a more detailed description, the reader may refer to [151]. 

4.8 Matching Improvements 

The matching improvements were evaluated by comparing the root-mean squared errors (RMSE) 
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for the individual variables. In Eq. (72) ref
iy  is the i-th component of the considered reference 

attribute, and est
iy  is its corresponding estimate obtained from the filter. I have also analyzed the 

spread of the ensemble together with the P10 and P90 estimates that provide a crude indication 

about the uncertainties in the filter estimates [142], [149]. 

The history matching enhancement (MI) was computed as  

  
�Ref

Ref

A
A

RMSE RMSE
RMSE

MI , (73) 

where RefRMSE  is the RMSE of the reference case (matching only production data) and A is the 

case incorporating the geophysical data. The matching enhancement indicates the reduction in 
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the mismatch of the observed data when incorporating different geophysical data as compared 

to the history matching of only well data, therefore measuring the impact and benefit of the 

geophysical data. 

Furthermore, the history matched fields were analyzed and compared to reference cases and the 

response of the history matching estimates with respect to the different observations was 

studied, focusing on the impact of the different observational data on the EnKF update step.  
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5. Multi-‐Data  Reservoir  History  Matching  -‐  

Reservoir  Forecasts  and  Uncertainty  

Quantification 
 

Summary: Reservoir engineering has assumed unprecedented importance for oil and gas field development 

projects. Cost increases and field developments in ever more challenging environments have necessitated optimizing 

reservoir production and maximizing recovery from reservoirs. With rising complexity, reservoir simulations and 

history matching have become critical for fine-tuning reservoir production strategies, improving understanding of 

the subsurface formation, and forecasting remaining reserves. Production data have long been incorporated for 

matching subsurface reservoir parameters; however, the sparse spatial sampling has posed a significant challenge 

for reducing the uncertainty of subsurface parameters. Seismic, electromagnetic, gravity and InSAR techniques have 

found widespread application in enhancing the exploration of oil and gas and in monitoring reservoirs, however, 

these data have mostly been interpreted and analyzed separately, thus rarely utilizing the synergy effects that may 

be attainable. With the recent progress in incorporating multiple data into the reservoir history matching process 

and the consequently significant matching improvements, efforts have been made to determine the impact of each 

incorporated observation on the forecast step. A multi-data ensemble-based history matching framework is 

presented for the incorporation of multiple data such as seismic, electromagnetic, gravimetry and InSAR for 

improved reservoir history matching. Seismic and electromagnetic data were integrated in attribute form, as 

outlined in chapters 3.2 and 3.3.1, and the gravimetric and InSAR data were obtained using the theory presented in 

chapters 3.4 and 3.5. Additionally an adjoint-free ensemble sensitivity method is used to compute the impact of 

each observation on the estimated reservoir parameters. The incorporation of all data sets displays the advantages 

multiple data may provide for enhancing reservoir understanding and matching, with the impact of each data set on 

the matching improvement being determined by the ensemble sensitivity method. 
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5.1 Introduction 

Reservoir history matching has long played a significant role in improving formation 

understanding. Recently, it has assumed an even more critical role in optimizing reservoir 

development strategies and increasing recovery rates to overcome the shortfalls of existing 

reservoirs that are depleting at unprecedented rates. With reservoir models becoming more 

complex as a response to the demand for greater accuracy and more details, the number of 

parameters and observations has risen substantially. Ensemble Kalman based filtering techniques 

have found widespread applications in reservoir history matching, as they provide an efficient 

reservoir state and parameter estimation framework and are capable of incorporating large and 

various data sets [23], [29]. Gu et al., [25] presented a PUNQ-S3 reservoir model history matching 

study using the EnKF in which they incorporated production data, such as water cut, for the 

estimation of reservoir parameters. Compared to traditional techniques the results are 

satisfactory, and obtained with reasonable computational requirements. In another work by 

Krymskaya et al., [132] an iterative variant of the EnKF was applied for enhancing filtering 

performance and overcoming poor or lacking advance information.  

While the focus was on history matching production data, the sparse nature of these data has 

posed a significant challenge to obtain reliable estimates of reservoir state parameters. Advances 

in seismic imaging, especially with the development of 4D seismic, have led to the incorporation 

of seismic data into the reservoir history matching process focusing on tracking water fronts [23], 

[55], [57], [58]. Electromagnetic (EM) techniques have also attracted growing interest for 
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enhancing reservoir characterization, with several field studies being conducted [76], [153], 

[154]. Integration of these data for reservoir history matching purposes was successfully 

demonstrated by Katterbauer et al.,  [6], [29], leading to enhanced history matches and 

characterization of the reservoir formation. 

More recently, gravimetric techniques have regained attention for monitoring hydrocarbon 

reservoirs with new techniques achieving measurement accuracy in the micro Gal range, thus 

enabling the detection of mass re-distributions within the subsurface [31], [99]. Several theoretic 

and field studies have demonstrated the feasibility of 4D gravimetry to monitor reservoir mass 

distributions induced by water-gas displacements [155]–[157]. By means of extensive monitoring 

studies, Glegola et al., [31], [32] demonstrated their applicability to exploit time-lapse gravity 

data for monitoring the water influx into gas fields. They also suggested good complementarity 

between production and gravity data. 

Time-lapse interferometric synthetic aperture radar (InSAR) is now increasingly utilized in the 

context of reservoir monitoring, relating the surface deformation to pressure changes in the 

reservoir. Du et al., [48] utilized a simplified micromechanics approach for specifying the 

subsurface properties for two synthetic test cases based on the Krechba test field case, focusing 

on the estimation of the uncertainties of the inverted reservoir parameters. While several studies 

focus on inverting surface deformations for reservoir compositional changes [49], [158], [159], 

there has only been limited research on using InSAR data for reservoir history matching [160].  

The growing availability of different geophysical data for reservoir monitoring purposes has 

prompted researchers to consider combining these data for achieving greater enhancements in 

the history matching process. The synergy effects were successfully demonstrated for EM and 
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seismic data by Katterbauer et al., [30], for Gravimetry, EM and seismic inversion by Colombo et 

al., [161] as well as in several other studies [29], [162]. 

The combination of different data sets demonstrated considerable improvements in reservoir 

characterization and forecasts as compared to the integration of single geophysical data sets. 

Determining the impact of each observational data set on the parameter estimates is 

quintessential for the optimal selection of the different data sets, understanding the correlation 

between the estimated parameters and the data, and avoiding the allocation of additional 

resources for conducting surveys for data sets whose impact is rather marginal. Evaluating the 

impact of the different data sets is typically conducted via a sensitivity analysis. A frequently 

utilized approach is the computation of the adjoint of the forward model for determining the 

sensitivity of the parameter changes with respect to the individual observation changes [163], 

[164]. While the adjoint model may be an efficient method to accurately determine the 

parameter sensitivities, coding the adjoint model requires important human and computational 

efforts, and may not even be possible in certain situations. To avoid the implementation of the 

adjoint, Liu et al., [165] presented an ensemble-based sensitivity method to calculate observation 

impacts on the forecast error reduction using solely the observation increments. The method 

was extended in [149] by deriving explicit expressions of the sensitivity parameters. The results 

were examined using a Lorenz 40-variable model and it was shown that the ensemble-based 

estimated sensitivities are anti-correlated with the observation error, and that the method 

qualitatively agrees with the results of computationally much more expensive data-denial 

experiments.  

In this work, a multi-data EnKF-based history matching framework is presented that 
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simultaneously incorporates production, seismic, EM, gravity and InSAR data. Various history 

matching experiments of realistic reservoir formations were conducted in order to evaluate the 

contribution of each of the data sets on the final EnKF solutions and estimates. The results 

indicate considerable improvements in the history matching and forecasting quality. They also 

suggest that EM and seismic techniques have the highest impact on the parameter estimates. 

The framework provides a platform for the integration of multiple observation data, quantifies 

their impact, and enhances history matches and forecasts.  

5.2 Methodology 

The framework for history matching is presented in Figure 12 and integrates a reservoir simulator 

together with 4D seismic and electromagnetic survey modules that are complemented by a time-

lapse gravity and InSAR survey module. The reservoir simulator and the survey modules are then 

interfaced to the EnKF together with a sensitivity analysis module. 

 

Figure 12: Flowchart representation of the Multi-Data history matching framework. 
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5.2.1 Reservoir Simulation 

For the reservoir simulator we utilized both 2D and 3D black-oil reservoir simulators. The 2D 

reservoir simulator follows the implementation provided by MRST and for the 3D simulator 

Eclipse [51] was used. 

5.3 Simulation 

In the following section we will first outline the experimental setup for the 2D and 3D case, 

followed by a history matching analysis of the 2D case, and subsequently the 3D case.  

5.3.1 Experimental Setup 

The experimental setup for the 2D and 3D cases will be discussed in detail below. The 2D case 

serves to provide a comprehensive insight into the benefits and challenges of multi data 

integration. The 3D case then subsequently serves for testing the framework for history matching 

on a realistic reservoir. 

5.3.1.1 2D Setup 

The reservoir model is 2 km in both the x and y-directions and 25 m in the z direction at a depth 

of 2,000 m, representing a Cenozoic sedimentary rock reservoir structure commonly found on 

the Arabian peninsula [166]. The grid size is u u40 40 1 , leading to spatial resolutions of 50 m in 

both the x- and y-directions. The reference porosity and permeability fields were obtained via 

unconditional simulations using an exponential variogram model with anisotropy axes of 850 m 

in the x-direction and 600 m in the y-direction. The injector and producer wells were then 
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sampled to determine the parameters for the exponential variogram models for the ensemble 

porosities and permeabilities. Unconditional simulation was then employed to generate 80 

ensemble members. The permeability values of the ensemble range between 177 and 100 milli 

Darcy, and the porosity ranges from 12.38 to 35 percent (see Figure 13). The permeability tensor 

was assumed to be diagonal for the permeability k  with  
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The well pattern was assumed to be a five-spot pattern with the injector in the center and the 

producers in the corners (see Figure 13) [167]. The initial pressure level within the reservoir was 

set at 350 bars and the pressure levels were maintained at 300 bars at the producer wells.  

The 2D reservoir test case is then used in a series of history matching experiments for forecasting 

the evolution of the reservoir. The state vector consists of the permeability, porosity, pressure 

and water saturation fields. All parameters have a length of 1,600 leading to a total state vector 

length of 6,400. The observation vector consists of the bottom hole pressure, water cut ratio and 

production that were measured at all wells, and the time-lapse seismic, EM, gravity and InSAR 

measurements. The time-lapse seismic measurements were incorporated as seismic data 

attributes. For the production data we assumed error rates of 7%, and 10% for the other 

geophysical data. The observational errors for the geophysical data correspond to those 

conventionally encountered in realistic settings [168]. The salt concentration is assumed to be 

constant throughout the reservoir for the electromagnetic technique. While the salt content of 

the fluids may differ significantly for resistivity logging and close to the well bore, the salt 

concentration may only vary insignificantly within the reservoir structure. A more comprehensive 
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treatment of the chemical reactions that the salt undergoes would be required, making the 

simulations considerably more expensive.  

  

 

Figure 13: Reference permeability and porosity field (top figures) for the 2D case and five-spot 
pattern (bottom) with the injector well being in the center and the producer wells around it 

[169]. 
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Figure 14: Examples of initial permeabilities of the ensemble members and a regression analysis 
for the considered analysis displaying the strong heterogeneity of the initial ensemble. 

For analyzing the performance of the framework we have investigated different scenarios as 

shown in Table 2 and graphically in Figure 15. The scenarios differ in their total simulation time, 
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history matching time, and update time. The production data are recorded every 30 days, and 

the geophysical surveys were conducted at the specific update times. While InSAR data may be 

recorded more frequently, we assumed that the surface displacement was determined at the 

update times and the intermittent InSAR data were employed to improve the data quality and 

ensure that observation error rates are close to those considered. The update time frames 

conform to industry practices encountered for these imaging techniques [157], [170].  

 
Figure 15: Graphical representation of the history matching test cases for the 2D reservoir case. 

 

Test case parameters (2D Reservoir) 
Case TSim (years) HMT (years) UT (years) 

1 32 6 5 
2 25 6 5 
3 29 5 4 
4 35 7 4 

Table 2: Parameters of the test cases for the reservoir considered for analysis. (TSim = total 
simulation time, HMT = history matching time, UT = update time) 

 

5.3.1.2 3D setup 

For the 3D case we considered a synthetic subpart of the Abqaiq reservoir as displayed in Figure 
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18. The reservoir has five fault lines, dividing its domain into six segments, as well as four vertical 

injectors and six producer wells that are represented in Figure 18. The fault lines are outlined in 

Figure 20. The reservoir has a length of 9 km and width of 10 km, and exhibits a maximum depth 

of 2.8 km, with grid size 29 x 40 x 5. All wells are steel-cased and perforated with a plugback 

installed below the casing, and an example of the perforation and well is provided in Figure 19. 

The reservoir permeabilities and porosities are obtained using a similar procedure as in the 2D 

case. An exponential variogram model and unconditional simulation were used, with the 

anisotropy axis of 3000 m in the x-direction, 2500 m in the y-direction and 35 m in the z-direction. 

Reservoir permeabilities for Kxx range between 36 mD and 10,000 mD, for Kyy between 484 mD 

and 9,500 mD and for Kzz between 1 mD and 8,500 mD, where Kxx, Kyy, Kzz are different. Initial salt 

concentration in the water phase in the reservoir is assumed to be 180,000 ppm and the injected 

water has a salt concentration of 30,000 ppm. 

The reference permeability and porosity fields are outlined in Figure 20. Porosity values for the 

ensembles range from 1 % to 28 % and exhibit strong heterogeneity. The fault lines play an 

important aspect in the connection between the different sectors of the reservoir and may 

significantly affect the fluid propagation paths within the reservoir. Assuming that porosity and 

permeability are the primary heterogeneity factors we set the transmissibility multipliers to 1. 

The state vector consists of the permeabilities for Kxx, Kyy, Kzz, porosity, pressure, water 

saturation, and gas saturation leading to a total size of 7 x 5,800 = 40,600 variables. A total of 55 

ensemble members were generated based on a sensitivity analysis suggesting this ensemble size 

is sufficient to obtain acceptable results with reasonable computational cost. History matching is 

conducted from 2006 to 2014 with update steps in 2010 and 2014, followed by 10 years of 
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forecasting until 2024 (see Figure 16). Computational time was around 100 minutes integrating 

all four data sets and observation error rates were set to 10% for all data sets.  

 

Figure 16: Graphical representation of the 3D history matching and forecasting setup. 

 

 

Figure 17: Grid dimensions of the 3D reservoir (in metric units). 
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Figure 18: Domain representation and well 

locations. 

 
Figure 19: Well casing and perforation for 

injector well 1. 

  

 
Figure 20: Reference permeability Kxx and porosity field of the formation (top figure) and 

representation of the fault lines within the reservoir (bottom figure). Both permeability and 
porosity show strong heterogeneity in their values.  
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5.3.2 Analysis 

In the coming section, we first investigate the improvements made by the incorporation of 

multiple data on the estimation of essential reservoir parameters. This is followed by a more 

detailed analysis of the reservoir evolution, concluded by a sensitivity analysis determining the 

impact of each observation type on the estimation improvement.  

5.3.2.1 2D Case 

Figure 21 presents a comparison of the oil production of the four producing wells and a regression 

analysis for the final permeability estimates. Oil production forecasts and accurately estimated 

permeability are quintessential for the optimization of oil recovery from the producing field and 

accurate formation interpretation. As can be observed from the top figures, ensemble spread 

decreases significantly if multiple data are incorporated versus sole production data matching, 

leading to a substantial reduction of uncertainty. The contrast and reduction in production 

uncertainty is especially visible for the fourth producing well where, in the case of only 

production data being assimilated, the sharp drop in production caused by water influx differs by 

almost six years for the different ensemble members as compared to only two years when 

multiple data are assimilated. This strong deviation is also reflected in the poor estimate (blue) 

of the reference field (red) that may predict a drop in the oil production around two years earlier 

and fails to capture the rapid increase in production. Failing to capture the more than doubled 

production levels may significantly strain resources, require emergency measures to adjust 
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output levels, and lead to damaging the quality of the well and undesirable fluid displacement. 

To further understand the cause for the strong displacement, the bottom in Figure 21 shows a 

regression analysis of the estimated permeabilities for the two cases. A comparison between the 

two regression analyses indicates a stronger linear relationship between the estimated and 

reference permeabilities as compared to the incorporation of spatially sparse production data. 

This is confirmed by the computation of the goodness of fit coefficient R2 that almost doubles for 

the incorporation of the multiple observational data besides production data. Concluding, 

accurate determination of the permeability of the underlying formation has been crucial to 

understanding displacement patterns within the reservoir and to forecast displacement, as the 

velocity of the fluid is related to the pressure difference via Darcy's equation, where permeability 

as a multiplicative component of the gradient of pressure acts as a scaling factor.  
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Figure 21: Production Levels (top figures) of the four producer wells for the multi-data 
incorporation (top left) and with only production data (top right) assimilated (2D case). 

Regression analysis for the final permeability estimates (bottom figures) for the multi-data 
incorporation (bottom left) and only production data (bottom right) exhibiting the estimation 

improvement. (red - real production curve, blue - mean of ensembles (gray)) 

 

To further exhibit the potential benefits of assimilating several data sets, Figure 22 presents the 

cumulative water cut levels (top figures) and the water cut levels for the four producer wells. As 

for the production levels, the incorporation of multiple observational data reduces uncertainty 

and achieves a better agreement compared to production data matching. Production data 
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matching may estimate a decommissioning around two years earlier than necessary, which 

would lead to a considerable shortfall in recoverable oil. 

  

  

Figure 22: Cumulative water cut levels for the reservoir formation comparing the multi-data 
incorporation (top left) versus the incorporation of only production data (top right). Water cut 

levels for the individual producers for the two cases. (red - real production curve, blue - mean of 
ensembles (gray)) 

Figure 23 presents the saturation fronts for different times comparing the reference saturation 

fronts versus the multi-data estimated front and sole production data cases. The incorporation 

of multiple observations significantly improves trackability of the saturation fronts and a closer 

alignment of the estimated fronts (red curves) to the real field. As shown previously, the more 

accurate estimates of the permeability and porosities are reflected in the enhanced tracking of 
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the water propagation fronts. A closer analysis of the fronts reveals that the difference between 

sparse well observations and multiple data may be as much as 100 meters implying an almost 5% 

difference for a domain size of 2000 meters. 

  

  

Figure 23: 58 % (outer) and 60 % (inner) saturation levels comparison for different years. Black 
contours indicate the saturation fronts for sole production data matching, red the water front 

contours incorporating multiple data and cyan the real saturation front (2D case). 

 

Furthermore, we study the impact of the ensemble size on the estimation of the permeability, 

and provide a comparison of the mean permeability estimates as well as a regression analysis in 

Figure 24. The permeability estimates verify the earlier conclusions that multi-data history 
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matching may significantly improve the permeability estimates compared to history matching 

with spatially sparse well data. This behavior holds for varying ensemble sizes, with the multi-

data estimates being significantly better both in visual terms as well as in terms of the regression 

analysis. Comparing multi-data history matching versus well data matching, the R2 values differ 

by as much as 0.3 points, implying that there is considerably stronger deviation from the 

reference permeabilities for the well data case versus the multi-data estimates. A perfect 

estimate of the permeability should result in a straight line with R2 value being close to 1. An 

interesting aspect observable in Figure 24 is that an increasing ensemble size yields no 

improvement for the multi-data history matching case. However, it sharpens the permeability 

front and yields equivalent matches for larger ensemble sizes.  

5.3.2.1.1 History Matching Analysis and Observation Impact 

The following section shows a more comprehensive analysis of the history matching 

enhancements and the impact each observation has on the matching quality. Table 3 provides 

an overview of the matching enhancement multi-data history matching achieves, as compared 

to well data history matching. Focusing on the matching improvement as provided in Table 3, the 

incorporation of multiple data returns RMSE error reductions by as much as 97%, with the 

minimal enhancement being above 60%, illustrating the significant matching enhancement 

information that multiple data sources may deliver. To gain a more detailed understanding of the 

reasons for the significant enhancement, Table 4 presents the self-similarity coefficients.  
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Figure 24: Comparison of permeability estimates and their corresponding regression analyses 
for different ensemble sizes. 

With higher self-similarity coefficients indicating a stronger impact of the observation on the 

matching improvement, the representation clearly reveals the significant reduction in the RMSE 

with EM and seismic data compared to other data.  
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The stronger impact of EM data can be explained by the fact that EM fields are more sensitive to 

fluids than seismic wavefields. The sensitivity of gravimetry and InSAR data to fluid types is 

substantially less or comparable to that of well data. This agrees with observations that while 

InSAR and gravimetry techniques are inexpensive, their fluid differentiation ability in these cases 

is rather weak due to the low density difference between oil and water.  

Average Matching enhancement (w.r.t Prod %) 
Parameter T1 T2 T3 T4 T5 

Oil prod. (Avg. 
Wells) 

71.86 64.42 71.20 75.70 75.71 

Water Cut (Avg. 
Wells) 

72.26 63.83 70.18 74.85 74.91 

Pressure Level 87.78 79.54 85.44 82.89 88.40 
Total Field Prod. 80.37 80.71 88.74 96.86 93.32 
Total Field Water 

Cut 
81.28 72.49 80.26 84.09 82.88 

Table 3: Average matching improvements for different production parameters for five scenarios 
showing the considerable reductions in the RMSE errors. 

Observation Impact (SS) 
Case Prod. Seismic EM GM InSAR 

1 0.03298 0.173644 0.916307 0.124408 0.042869 
2 0.036102 0.19979 0.99034 0.0006807 0.042769 
3 0.02757 0.115805 0.912616 0.0001 0.0200734 
4 0.0462903 0.108623 0.912645 0.0012 0.03898 
5 0.0576254 0.174368 0.959531 0.000768 0.053622 

Table 4: Sensitivity coefficients (expressed via the self-similarity coefficient) for different test 
cases. The self-sensitivity coefficients clearly exhibit the significant improvement of history 

matching associated with cross-well seismic and electromagnetic techniques. 

Having presented a detailed sensitivity analysis for the cases studied above, Table 5 presents the 

sensitivity coefficients associated with light hydrocarbon fluids. The reservoir model consists of 

light hydrocarbons, such as natural gas, with the geological structure and state parameters being 

the same as the previous cases. While the impact of EM as compared to seismic remains stronger, 

as explained in the previous case, gravimetric data exhibit a much more significant impact due to 
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the more pronounced density contrast. The enhancement in sensitivity for gravimetric 

techniques can be deduced from the strong dependence on formation density, where the density 

changes due to water influx are much more pronounced than in the previous case. This 

observation agrees with field studies that have illustrated that gravimetric techniques are 

extremely useful for low density hydrocarbon reservoirs caused by the pronounced density 

contrast [31], [42], [43].  

 

Observation Impact (SS) – Light Hydrocarbon 
Case Prod. Seismic EM GM InSAR 

1 0.0392861 0.154301 0.577947 0.99034 0.00921734 
2 0.0361785 0.142095 0.53223 0.91202 0.00850506 
3 0.0438305 0.13713 0.480533 0.948148 0.0103907 
4 0.0305301 0.0709329 0.871288 0.916944 0.0154823 
5 0.0383472 0.916307 0.649739 0.877644 0.0100161 

Table 5: Observation impact (expressed via the self-similarity coefficient) for different test cases 
for low-density hydrocarbon. The self-sensitivity coefficients clearly exhibit the higher sensitivity 
of gravimetric techniques caused by the density contrast between the hydrocarbon and water. 

5.3.2.2 3D Case 

Multi-data integration for reservoir history matching exhibits robust estimates of porosity and 

permeability fields for a variety of 2D synthetic cases. While these examples provide good insight 

into the sensitivity of data types to fluid content, it is important to examine the data set in a 

realistic setting to evaluate its performance for real reservoirs. In order to gain insights into the 

reservoir dynamics, Figure 25 presents the oil saturation within the reservoir at initial levels, after 

4, 8 and 12 years. The figures outline the gradual decrease in the oil saturation in reservoir 

formation that is displaced by the injected water. The water injection in the four injector wells 

pushes the oil phase towards the areas of the producer well that is clearly observable in Figure 
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25, whereas the locations of the wells are shown in Figure 18. The reservoir exhibits growing 

depletion in all areas where the water phase velocity increases due to an increase in the relative 

permeability of the formation. Therefore, the model is characterized by strong heterogeneity of 

both porosity and permeability fields and a challenging history matching problem that 

approximates the complexity of a real reservoir. 

Analyzing the performance of the multi-data integration, Figure 26 examines the field pressure 

levels for the mean, P10 and P90 estimates and the reference level in the reservoir over the total 

simulation time. The average field pressure within the reservoir experiences a sharp decrease, 

which subsequently stabilizes upon starting production. This is then followed by a sharp drop in 

the pressure levels by around 30 bar in the reservoir, indicating a water breakthrough. When the 

water phase reaches the producing wells, the capillary pressure difference between the oil and 

fluid phases causes the average pressure to drop due to the reduced pressure of the water phase. 

Comparing the assimilation of production data versus multiple data sets, the integration of 

multiple data causes the disparity between P10 and P90 estimates to shrink, and tightly align 

with the reference pressure. The incorporation of geophysical data may avoid the overestimation 

of the pressure levels after water breakthrough. The information of spatially sparse production 

data may be limited in its ability to accurately determine pressure levels in the heterogeneous 

reservoir, while the complementary nature of the geophysical data provides a more accurate 

estimation of the pressure distribution.  
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Figure 25: Graphical representation of the decreasing oil saturation levels for 2006, 2010, 2014 

and 2018.  

Figure 27 compares the gas in place in the field in the gaseous phase over the simulation time. 

The difference is rather dramatic where the multi data integration leads to highly accurate 

estimates of the gas in place, while solely production data lead to an enormous overestimation 

of these values. The strong heterogeneity of the reservoir formation, as well as considerable 

uncertainty in the magnitude of the permeability and porosity, lead to inaccurate estimates when 

only well production data are incorporated.  
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Production Data Assimilation 

 

Multi-Data Assimilation 

 
Figure 26: Comparison of assimilation results for the Field Pressure Levels (FPR). The red line 
indicates the reference pressure levels, the blue the mean estimate of the ensembles and the 

two cyan lines outline the P10 and P90 intervals. (3D case) 

The spatial sparsity of well data prevents an accurate understanding of the gaseous phase 

propagation within the reservoir and assumes higher gas quantities than actually existent. The 

integration of the time-lapse data for the different geophysical techniques however remediates 

this overestimation and, during the history matching period, returns an almost perfect 

reproduction of the reference case. This is a consequence of the strong direct relationship 

between the gas saturation and density and the measurements of the geophysical techniques. 
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Production Data Assimilation 

 

Multi-Data Assimilation 

 
Figure 27: Comparison of assimilation results for the field gas in place in the gas phase (FGIPG). 
The red line indicates the reference gas in place, the blue the mean estimate of the ensembles 

and the two cyan lines outline the P10 and P90 intervals. 

The various comparisons of the production and reservoir data indicated an improvement in the 

characterization of the reservoir, in particular more accurate estimates of the saturation 

distributions, pressure fields and the well production. This improvement can be attributed to a 

strong connection of the reservoir dynamics to the geophysical data as outlined in Figure 28. 

Figure 28 shows the time-lapse anomalies for the four geophysical techniques between years 

four and eight for the whole reservoir. Considering first the P-velocity anomaly, the decrease in 

the oil saturation and the higher density of the water phase leads to a decrease in the P-velocity 

as seen from equation (20). The increasing water saturation leads to an increase in the density of 

the fluid that due to the inverse relationship causes a decrease in the P-wave velocity. The P-

velocity decreases by up to 44 m/s where new flooded areas are clearly observable. A similar 

conclusion can be drawn for the reservoir electrical conductivity, which exhibits a difference of 

around 1.4 S/m detectable by modern EM imaging techniques [171], [172], and distinguishes the 

newly flooded from the old areas. In contrast, the gravimetric response is rather weak, as 
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expected for the oil-water displacement. This is primarily due to the weak density contrast 

between the water and oil, as compared to a gas phase. Finally, the InSAR data outline the 

changes in the pressure distribution leading to a strong subsidence close to the one of the 

producer wells.  

Seismic 

 

EM 

 
Gravity 

 

InSAR 

 
Figure 28: Time-lapse differences between year four and year eight for the different geophysical 
techniques. For the InSAR and gravity data the time-lapse displacement change on the surface 

and the gravity anomaly are projected onto the reservoir to outline the correlation between the 
extensive water flooding and the change in subsidence. 

More specifically, the subsidence over seven years is around 2.5-7 cm, implying a yearly 

subsidence rate of around 0.62 – 1.75 cm that corresponds to typical subsidence rates 

encountered for real reservoirs [158], [173]. The projection onto the reservoir of both gravity and 

InSAR data assists in correlating changes in the reservoir caused by the water flooding to changes 
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in the recording of these data sets. In summary, the changes in the state of the reservoir are 

clearly visible in the geophysical data anomalies as shown in Figure 28. The EnKF sensed these 

changes and thus improved estimates of critical reservoir parameters and production forecasts.  

5.3.2.2.1 History Matching and Sensitivity Analysis 

Table 6 outlines the matching improvements for reservoir parameters incorporating geophysical 

data. The matching improvements were obtained via  
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where GMRMSE  is the RMSE for the incorporation of geophysical data, and PRRMSE  the RMSE 

when only production data are integrated. The parameters give a clear indication about the 

better reservoir characterization and tracking of the dynamics in the reservoir. This is particularly 

visible in the reduction of the error for the total reservoir volume production, the gas in place (in 

liquid form) as well as the total field water injection, which all exhibit improvements of more than 

50%. While seismic, EM and gravimetric data exhibit a strong dependence towards the injected 

water and the corresponding increasing saturation. InSAR data have shown to lead to 

improvements in the estimation of the pressure levels that are reflected in the displacement on 

the surface.  
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Matching Improvement (w.r.t. Production) 
Parameter Description  

FGIPG gas in place (gas phase) 28.60 % 
FPR field production rate 12.46 % 

FPPW depth corrected pressure (water 
potential) 17.56 % 

FVPT total reservoir volume production 50.10 % 
FRS average gas-oil-ratio 18.72 % 

FWIT total field water injection 50.08 % 
FGIPL gas in place (liquid phase) 90.10 % 
FWIP water in place 81.29 % 
FPPG depth corrected pressure (gas potential) 20.26 % 

Table 6: Selected parameters outlining the improvements in the RMSE errors in %. 

Having shown the matching improvements for the 3D case in Table 6, Table 7 outlines the 

observation impact for the individual data types. Comparing the self-similarity impacts for the 

different data sets, a similar conclusion as for the 2D case can be deduced. EM and seismic data 

have the strongest impact, with EM data exhibiting stronger dependence on the water-flooding 

of the reservoir caused by the sharp conductivity contrast. The impact of gravimetric and InSAR 

data is significantly less as compared to other data, due to the fact that the reservoir consists 

primarily of oil and hence does not exhibit a sharp density change, or change in the pressure 

levels. The impact of production data is in the range of 0.1, corresponding to an average impact 

in improving the history matches. The latter result confirms the conclusion drawn for the 2D case 

that production data can lead to significant enhancements in history matching. However, the 

spatial sparsity of the data may limit its performance in improving subsurface formation 

understanding. 
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Observation Impact (SS) 
 Prod. Seismic EM GM InSAR 

Sensitivity Impact 0.105795 0.292288 0.9841987 0.0147262 0.054441 

Table 7: Observation impact (expressed via the self-similarity coefficient) for the 3D case.  

 

5.4 Conclusion 

A multi-data reservoir history matching framework for the assimilation of EM, seismic, gravimetry 

and InSAR data using an EnKF was presented. Utilizing time-lapse seismic data attributes 

obtained   from   Gassmann’s   equation,   we   complemented   these   data   by   EM conductivity 

attributes to obtain a stronger differentiation between the water and hydrocarbon fronts. 

Gravimetric and InSAR surface displacement data were additionally incorporated to achieve 

better distinction between the gas and fluid components, as well as determine the pressure levels 

within the reservoir. Based on a 2D synthetic and 3D realistic reservoir, we demonstrated that 

the use of multiple data sets can improve the estimation of reservoir monitoring parameters such 

as oil production rate, bottom hole pressure, and water potential. Furthermore, porosity as well 

as permeability estimates showed more exact correspondence to the reference fields. The 

incorporation of multiple data with the EnKF suggests more accurate history matching for the 

cross-well seismic and EM data as compared to the gravimetry and InSAR data. This agrees with 

the conclusions drawn in the industry, showing that cross-well techniques provide higher 

resolution while being substantially more expensive, while gravimetry and InSAR [168] provide 

an inexpensive alternative for frequent reservoir monitoring although with less resolution. 
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Summarizing, the history matching framework provides a comprehensive study on the effects of 

the incorporation of multiple observational data into an EnKF based framework. This thesis 

empirically demonstrates how each data type improves the accuracy of the parameter estimates, 

which can then be used to optimize monitoring strategies.  
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6. History  Matching  Electromagnetic  Data 
This chapter outlines both the direct integration of EM data for reservoir history matching, using 

EM data for improving reservoir characterization, and the matching of individual hydrocarbon 

components.  

6.1 Exploiting Hydrocarbon-Water Resistivity Contrasts 

for Reservoir History Matching 

Summary: 

Electromagnetic techniques are widely utilized for hydrocarbon exploration and reservoir monitoring. In particular, 

recent technological advances have made cross-well electromagnetic imaging a viable method for improving 

interwell mapping and formation understanding. Conventional approaches to incorporate electromagnetic data 

have been to invert them for water saturation maps and subsequently constrain the reservoir simulation with these 

inverted data. The non-uniqueness of the saturation profile in the inversion may however pose a challenge in 

determining an accurate estimate of the reservoir state. In order to avoid solving the generally ill-conditioned 

electromagnetic inversion problem, we present an ensemble Kalman filter-based approach for directly incorporating 

cross-well electromagnetic data into the history matching process. The history matching experiments incorporated 

electromagnetic data on top of well data obtained from 1D, 2D and 3D full scale Maxwell solvers. Simulation results 

demonstrate the substantial improvements that could be obtained from the incorporation of electromagnetic data 

into the history matching process. An analysis of several test cases and two data ensemble-based history matching 

methods, the stochastic ensemble Kalman filter and a square-root ensemble Kalman filter, suggests enhanced 

predictability with the square-root ensemble Kalman filter exhibiting better performance than the ensemble Kalman 

filter. 
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6.1.1 Introduction 

With the ever increasing complexity of extracting oil and gas, reservoir engineering has become 

a vital tool for optimizing reservoir extraction, tracking fluid displacements, and reducing 

production cost.  

 
Figure 29: Controlled Source Electromagnetic Imaging making use of the sharp resistivity 

contrast between hydrocarbons and the injected water [174]. 

With the increasing amount of data to be incorporated and the need for enhanced reservoir 

forecasts, the industry recently resorted to data assimilation methods to efficiently cope with 

this complexity. Among these methods, the EnKF [24] and the Singular Evolutive Interpolated 

Kalman Filter (SEIKF) [143] have attracted significant attention due to their reasonable 

computational requirements and ability to handle the model and observation nonlinearities 

commonly found in multiphase fluid flow environments. Both EnKF and SEIKF were introduced in 

chapter 4. 
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With production data being successfully assimilated into reservoir models using the EnKF [25], 

[132], [175] and SEIKF [136], there has been a desire to incorporate additional information into 

the history matching process for improved forecasting and reducing simulation uncertainties. 

Advances in seismic technology have led to stimulating the incorporation of seismic data into the 

history matching process to exploit enhanced formation knowledge for constraining the reservoir 

parameters [26]. Skjervheim et al., [56] incorporated inverted time-lapse seismic data together 

with production data into a reservoir model, improving forecasts for both synthetic and real field 

applications. A different approach to employing seismic data was presented by Leeuwenburgh et 

al., [55] who directly incorporated time-lapse seismic data into the forward model using a 

convolutional seismic model. This approach requires no inversion, and better represents real field 

situations. Although seismic techniques have proven promising in improving reservoir mapping, 

they can only differentiate between different types of fluids to a limited extent [168]. 

To overcome the poor distinguishability of seismic data, the industry recently resorted to 

electromagnetic (EM) techniques in order to exploit the strong resistivity contrast between water 

and hydrocarbon formations, as schematized in Figure 29 [77], [84]. Besides Controlled Source 

Electromagnetics (CSEM), cross-well EM imaging (CEMI) [80], [83] has been actively pursued by 

the industry to obtain more accurate subsurface images. Cross-well EM imaging was developed 

as of the early 1990's [80] to improve interwell mapping [82]. It is able to achieve a good 

resolution even for wells spaced a kilometer apart [83]. As illustrated in Munoz et al., [176] 

modeling the EM response in more than one dimension may significantly improve the mapping 

images, as well as provide more detailed information about the reservoir structure [177]. Despite 

these significant advances, linking the retrieved EM data to the reservoir models has been a 
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challenge. Substantial research was carried out to invert the EM data to resistivity data (see e.g., 

[85]–[88]). Furthermore, significant work for jointly inverting EM and production data for single 

boreholes has been conducted, such as [178]–[181]. However, the non-uniqueness of the 

solution [182], the significant computational burden, and the necessity of manual fine tuning as 

well as the ill-posedness of the EM inverse problem may limit the efficiency of these techniques 

for real time reservoir history matching and forecasting. We have developed a Finite Difference 

Time Domain (FDTD) [94] reservoir history matching framework that efficiently incorporates 1D, 

2D and 3D EM solvers. The recorded EM data return a time-lapse response, are history matched 

by the EnKF or SEIKF for improved reservoir simulations, and examined on a realistic reservoir 

structure. The history matching results suggest a significant enhancement in reservoir forecasting 

with improvements being considerable when taking into account the full 3D heterogeneity of the 

reservoir in the EM imaging survey. A further conclusion is that the SEIKF performs better than 

the EnKF when large amounts of EM data are history matched.  

6.1.2 Methodology 

The cross-well EM assisted history matching framework integrates the 3D black-oil reservoir 

simulator Eclipse [51] together with 1D, 2D and 3D FDTD EM solvers into an Ensemble based 

Kalman filtering framework for reservoir history matching and forecasting. A flowchart 

representation of the framework is presented in Figure 30. After initializing the geological model, 

it is transferred to the reservoir simulator to simulate the evolution of the reservoir state. 

Porosity, water saturation and salt concentration are then transferred to the EM Survey for 

computing the EM response. Production data together with the EM data are subsequently 
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utilized in the history matching process to update static, e.g. porosity and permeability, and 

dynamic reservoir parameters, e.g. water and oil saturation and pressure levels. 

 

 
Figure 30: Flowchart representation of the EM assisted History Matching framework. 

6.1.2.1 Reservoir Simulator 

For modeling the fluid flow within the reservoir the Eclipse E100 reservoir simulator with brine 

tracking was used, as previously outlined in Chapter 2. 

6.1.3 Experimental Setup 

The studied reservoir is 10,000 ft in length, 11,000 ft in width and located at a depth of 7,500 ft 

(top of the reservoir). The reservoir is around 400 ft thick and the reservoir rock consists of 

Jurassic Arab-D sandstone [117], [118]. The grid size is 24 x 25 x 12 leading to resolutions of 

around 400 ft in the horizontal plane and 35 ft in the vertical direction. The reference 

permeability and porosity fields were obtained using unconditional simulation [183] 
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incorporating an exponential variogram model with an anisotropy axis of 4900 ft in the x-

direction and 4200 ft in the y-direction, as well as 100 ft in the vertical direction. The reference 

permeability ranges between 500 and 2,500 mD and the porosities between 3 and 40 percent as 

shown in Figure 33. The reference permeability and porosity fields were then sampled at the well 

locations in order to determine the parameters of an exponential variogram model from which 

the initial ensemble is generated, again using conditional simulation. The permeability tensor was 

assumed to be diagonal with   33 22 11/10 /10KK K . The well pattern is outlined in Figure 32 and 

represents an adapted 4P2I pattern, implying that there are four producers at the corners and 

two injectors in the center of the reservoir.  

The initial pressure in the reservoir was set at 3035 psi and the producing wells have a target rate 

of 70,000 STB per day, with an equivalent amount of water being injected into the reservoir to 

maintain pressure levels. The salt concentration of the brine in the reservoir was assumed to be 

around 300,000 ppm (105 lbm/STB) and sea water was injected into the reservoir with a salt 

concentration of around 30,000 ppm (10 lbm/STB) [180], [181], [184], [185]. The relative 

permeability for the oil and water phase and the capillary pressure for the oil-water interface are 

outlined in Figure 33. The data used for the PVT correlations and the relative permeability and 

capillary pressure curves were taken from [13], [186], [187].  Archie’s  parameters  were  assumed  

to be constant, having value 2 [91]. The salt concentration evolution for the reference case for 

different times is presented in Figure 36. The field was then history matched starting from 2006 

in 2010 and 2014 and forecasted until 2026 to retrieve estimates for production, recovery and 

water saturation levels.  
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Figure 31: Grid dimensions of the 3D reservoir grid (in field units). 
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Figure 32: Cross-well EM Imaging setup (top) and source – receiver well setup (bottom). 

Cross-well EM surveys were performed in 2006, 2010 and 2014, where we assumed that the total 

survey for all wells was conducted within a month. The EM survey frequency is set at 10 Hz and 

distances were restricted by the casing to around 3000 ft [168]. The setup and timeframes 

correspond to those encountered in real-field applications and were based on discussions with 

experts in the field [154]. The realistic 3D reservoir test case is then employed in history matching 
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experiments in order to forecast reservoir production parameters, in addition to pressure, water 

and gas saturation levels while incorporating both production and EM measurements that were 

obtained from 1D, 2D and 3D simulations. Production observations were taken to be the bottom 

hole pressures for all producing wells and the total field production per day. We assumed that 

bottom hole pressure levels experience error rates of around 100 psi and that the field 

production has an error rate of around 5% based on the specified target rate. For the EM 

measurements we assumed error rates of around 10% [76]. The interwell distances between the 

individual wells are all considerably below 3,000 ft, as shown in Figure 32; in the figure the 

producer and injector wells are indicated by P and I, respectively. The number of observations 

range from around 20,000 to 30,000 and the state vector was 20,372. Our work relates to some 

extent to the idea presented by Leeuwenburgh et al., [55]. We incorporate the EM data into the 

history matching framework obtained from full wave solvers for 1D, 2D and 3D that enable a 

more accurate modeling of the formation structure, taking into account the various 

heterogeneities, even at small scales. Specifically, electric fields for inhomogeneous domains 

significantly alter for higher dimensions, as fields interfere and therefore exhibit different 

attenuation patterns as compared to a single dimension. The higher dimensional modeling 

improves the ability to differentiate between hydrocarbons and injected water, and is therefore 

expected to provide a better mapping of the reservoir and improved forecasting capabilities, as 

already exhibited for seismic imaging [188].  

An ensemble size of 55 members was considered in the history matching experiments with the 

EnKF and SEIKF, which corresponds to the typical range used for history matching reducing 

computational cost while maintaining adequate matching quality. The computational time for a 
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full history matching study was around 2 hours and 20 minutes on a Dell workstation. We denote 

by  “base”  the  experiment  where  only  production  data  are  history  matched.  Both  production  data  

and EM data were history matched when EM data were incorporated.  

 

  

  

Figure 33: Relative permeability curves for water and oil phase and the capillary pressure curves 
(top) and initial porosity and permeability fields of the formation (bottom). 
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Figure 34: Flowchart of the experimental study. 

 

6.1.4 EM assisted History Matching 

In this section, we will first present a comparison between SEIKF and EnKF to set the choice of 

the history matching scheme, then conduct sensitivity history matching runs with respect to the 

ensemble size to justify the choice of the number of ensemble members in the filter, followed by 

a production matching analysis. We will also present an analysis of the EM surveys, and conclude 

by a summary of the results.  

 
Figure 35: Comparison of the mean estimates for the total gas production at producer P04 using 

SEIKF and EnKF and incorporating either only production data or production and EM data.  
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Figure 36: Salt concentration evolution within the reservoir for different times given in lbm/STB.  

 

6.1.4.1 SEIKF vs. EnKF 

Figure 37 outlines the total well gas production for the first producer well as estimated by both 

the SEIKF and EnKF, with and without the incorporation of 3D EM data. All simulations were 

carried out under the same conditions, with ensemble size 55, and the same initial ensembles. A 

first comparison between SEIKF and EnKF allows observing the different ensemble behavior of 

the filters (top figures). In particular, the SEIKF exhibits a more evenly distributed ensemble 

around the mean as compared to the EnKF, which exhibits some clustering. The random 
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resampling step of the ensemble in the SEIKF after each update step helps mitigating the risk of 

clustering. When considering the history matching performance including only production, the 

SEIKF returns a considerably far off mean estimate as compared to the EnKF as outlined in Figure 

35. Specifically, the estimates of the EnKF and SEIKF differ by as much as 10,000 MSCF, which in 

the case of the SEIKF leads to a difference of around 18%. The main reason for this observed 

behavior is that the numbers of observed data are significantly lower than the size of the state 

vector; the EnKF seems to be able to better handle this situation. In contrast, when 3D EM data 

are incorporated, the SEIKF returns better history matches than the EnKF. This confirms the 

improved performance of the SEIKF for large observation data sets in relation to the size of the 

ensemble. While the EnKF experiences a strong reduction in the ensemble spread, with the 

observations being globally overweighted because of the undersampling of the observation error 

covariance matrix, the (random) resampling of the ensemble after each update step allows the 

SEIKF to retain a sufficiently large ensemble spread. The first important observation is that the 

incorporation of large observation data sets causes the EnKF to experience a shrinking ensemble 

spread if not properly handled, and this may lead to deterioration in the history matching results.   

A sensitivity analysis on the impact of different noise levels in the EM measurements (varying 

between 5 and 30%) suggested that both methods remain fairly robust for different noise levels, 

with the performance of the SEIKF remaining stronger than that of the EnKF. Based on these 

results, SEIKF has been used for the history matching experiments of EM and production data 

presented hereafter.  
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Figure 37: Total gas production (WGPT) for producer well 4 comparing SEIKF and EnKF. The red 

line represents the reference production curve, blue the ensembles mean for SEIKF and EnKF, 
magenta the P10 and P90 estimates and gray the ensemble members. 
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Figure 38: Estimated permeability for different ensemble sizes for the history matching of only 

production data using SEIKF. 
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Figure 39: Total well oil production (WOPT) for producer well P01 for the different cases, 

matched by the SEIKF. The red line represents the reference well production, blue the mean of 
the ensemble production, where each ensemble is plotted with a gray line, and the magenta 

lines represent the P10 and P90 cases. 
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Figure 40: Total well volume production rates (WVPT) for producer well P01 for the different 
cases, matched by the SEIKF. The red line represents the reference well production, blue the 
mean of the ensemble production, where each ensemble is plotted with a gray line, and the 

magenta lines represent the P10 and P90 cases. 

6.1.4.2 Sensitivity to the Ensemble Size 

The efficiency of an ensemble-based Kalman filter strongly depends on the ensemble size. In 

general, the ensemble size should be large enough to well represent the distribution of the 

estimate, and small enough to ensure efficient computation. While the ensemble size is 

dependent on the specific application [189], for most reservoir applications 50 to 60 ensemble 
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members have shown to be sufficient [24], [189]. Figure 38 presents a comparison of the 

estimated permeability fields as they result from SEIKF, incorporating only production data, for 

different ensemble sizes. Similar results were obtained for the incorporation of EM data. 

Comparing the fields for 20, 40, 55 and 70 ensemble members exhibits marginal improvement 

for ensemble sizes greater than 40 members, with the distribution profile being rather smooth 

for both 55 and 70 ensemble members. This is also confirmed by comparing the RMSE errors that 

continuously decrease up to ensembles of 55 members and then exhibit a rather flat behavior. 

This has led to the conclusion that to achieve both efficient computation and adequate results, 

an ensemble size of 55 is adequate for history matching in this experimental setup. Furthermore, 

localization   of   the   filter’s   update   was   not   deemed   necessary   as   the   rather   marginal  

improvements for larger ensemble sizes suggested that the chosen ensemble size was sufficient 

to well represent the distribution of the system state.  
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Figure 41: Productivity index (WPI) of oil phase for producer P01. 
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Figure 42: Regression analysis of the estimated porosity (top) and permeability (bottom) versus 
the reference values for the incorporation of only production data and 3D EM data using SEIKF. 
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Figure 43: Histograms of the final permeability estimates for the base experiment, and the 3D 
EM survey data experiment. The histogram of the reference permeability field is included for 
comparative purposes. A significant improvement in the permeability estimates is observed 
avoiding the smoothening effect encountered when only sparse well information is history 

matched. 
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Figure 44: Comparison of the final permeability estimates for the base experiment and the 3D 

EM survey data experiment. For comparative purposes the reference permeability field is 
provided as well. The incorporation of production data faces significant challenges in recovering 

the heterogeneity of the reference permeability leading to a rather smoothened profile.  
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Figure 45: Comparison of the final salt concentration estimates for the base experiment and the 
3D EM survey data experiment. For comparative purposes the reference salt concentration field 

is provided as well. The incorporation of 3D EM data captures the lower salt concentration to 
the center left and right considerably better than the base experiment. 

 

6.1.4.3 Reservoir Production Analysis 

This section assesses the history matching performance from the incorporation of EM data. 

Figure 39 presents a comparison between the total well oil production for producer well P01, 
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outlining the benefit of incorporating EM data for improving the forecasting quality of the oil 

production. When only production data are history matched, the total well oil production is 

significantly overestimated from 2020 onwards. Upon reaching a plateau after around 15 years, 

the difference between the reference and the estimated oil production is around 20,000 STB. 

Considering further the P10 and P90 estimates (indicated in cyan), the reference curve may lie 

significantly outside the interval between P10 and P90, further emphasizing the important 

overestimation of the production levels. The incorporation of cross-well EM data into the history 

matching process improved the estimates considerably. While there is still an overestimation of 

the total production level, the reference levels fall into the P10-P90 band and are considerably 

better matched. When incorporating 3D EM Imaging data, the total oil production levels are 

almost perfectly matched, outlining the benefits of taking into account lateral as well as vertical 

heterogeneity in the EM imaging method. As the EM data are strongly correlated to water 

conductivity and water saturation, an accurate representation in 3D of the reservoir therefore 

becomes critical for imaging the fluid dynamics.  

Furthermore, Figure 40 presents the total well volume production for producer P01. The results 

exhibit a similar behavior as for the well oil production, with the integration of EM data leading 

to significantly better history matches, and the reference curve being in the interval between the 

P10 and P90 estimates. The total volume estimate is a critical quantity to be accurately 

determined, as it provides an indication about the overall volume quantity that has to be 

processed on the surface. The data enable further assessment of the reservoir volume and the 

extractable quantities, in addition to forecasting the pressure fall-off and the consequent 

initiation of enhanced oil recovery techniques for reservoir pressure maintenance.  
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Having performed a comparison between SEIKF and EnKF as well as the different EM imaging 

solvers, the discussion will subsequently focus on the comparison between the incorporation of 

full wave 3D EM data and its impact on enhancing the characterization of the reservoir formation. 

Comparing the well productivity index for P02 for the base experiment (production data only) 

and the experiment with the incorporation of 3D EM, one can clearly observe the considerable 

overestimation of the base experiment as outlined in Figure 41. The well productivity index is of 

considerable importance as it provides information about well quality, skin factor, and 

permeability in the vicinity of the well. While not perfectly matching the reference curve, the 

incorporation of EM data assists in reducing the maximum misfit by at least 45% based on the 

WPI levels from the 9th to the 15th year.  

In the paragraphs above the history matching performance incorporating EM data was assessed 

for several wells’ data. The paragraph below will focus on how well the reservoir is characterized 

and the quality of the reservoir parameter estimates. Therefore, scatter plots comparing the 

reference permeability versus the permeability estimates obtained via history matching 

production data and EM data are presented in Figure 42. The corresponding porosity estimates 

are also presented in Figure 42. An ideal recovery of the permeability field would require that all 

values lie on a perfectly straight line with a slope equal to one. In the case when the SEIKF only 

integrates production data, the estimates do not exhibit any improvement and even indicate a 

reverse trend, implying that for regions with high permeability values, the estimate suggests a 

low permeability area. This contrasts significantly with the case when EM data are incorporated, 

with the scatter points exhibiting a positive upward trend that is outlined by a positive slope of 

the linear regression curve. This is confirmed by the negative slope of – 0.0446 (1/mD) for the 
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base case as compared to 0.3218 (1/mD) when incorporating production and 3D EM data.  

Comparing the porosity estimates for the two cases, a similar picture emerges with the 

incorporation of EM data, leading to significantly better estimates as compared to when only 

production data are incorporated. The corresponding slopes of the two lines are 0.0379 for the 

base case, and increases to 0.4360 after the incorporation of 3D EM data.  

Furthermore, Figure 43 presents a comparison of the permeability histograms resulting from the 

additional incorporation of EM survey data. History matching of only spatially sparse well data, 

as represented in Figure 43 on the left, leads to a significantly smoothened profile, with the 

permeability values clustering around the mean permeability, as previously outlined in Figure 38. 

This contrasts with the profile obtained after the incorporation of 3D EM, which leads to 

significantly more heterogeneous estimates, remediating the smoothening effect that is 

observed when incorporating only wells’ data. The main reason for this improvement stems from 

the more accurate mapping of the saturation profile that enables an enhanced deduction of the 

flow rates, and consequently leads to better estimates of the permeability heterogeneity. 

The improvement in the estimation is also graphically visible when comparing the permeability 

estimates as outlined in Figure 44. The base experiment may lead to a rather homogeneous 

permeability field that in certain cases is quite remote from the reference permeability field. The 

permeability field estimated after incorporating 3D EM data assists considerably in retaining 

some of the heterogeneity as shown by the histogram comparison in Figure 43. Figure 45 shows 

the final salt concentration in the reservoir, and further outlines the improvements resulting from 

the incorporation of EM data. In particular, it enables capturing the strong salinity difference in 

the center left and center right, which lead to a significant difference in water conductivity, 



120 

 

strongly affecting the recorded EM signals. 

6.1.4.4 EM Survey Analysis  

In order to better understand the impact of the different EM dimensions on the electric field 

recordings, Figure 46 presents a comparison of the electric field recordings for a sample 

conductivity profile. Figure 46.b shows the reduction in the magnitude of the electric field under 

equivalent conditions for the 2D survey as compared to the 1D survey, while the 3D survey 

exhibits a less steep increase in magnitude. The primary reason for the decrease in the magnitude 

of the 2D survey is the additional dimension and consequent spreading of energy. It furthermore 

illustrates the problem that the heterogeneity of the formation may pose in trying to simplify the 

modeling of the formation, such as assuming only lateral formation change. It should be noted, 

however, that the additional dimension's impact on the arrival of the electric field is rather 

marginal, with the field flattening off rather smoothly as compared to the one dimensional case. 

The impact of the evolution of the electric field for 3D dimensions changes significantly with the 

electric field, experiencing a more prolonged increase. This can be justified from the additional 

terms that have to be taken into account in the discretization of Maxwell's equations due to the 

additional dimension, and the spreading effect in three dimensions. 

After presenting the comparison of the history matching and forecasting properties of the 

different EM surveys, as well as their impact on the electric field recordings, we present a more 

detailed analysis of the electric field recordings for various conductivity distributions 

encountered during the simulations. Figure 48 plots several different conductivity distributions 

and their corresponding electric fields emitted from a source and recorded at three different 
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receiver positions. The conductivity distributions were obtained via Archie's Law, stating that 

conductivity is quadratically related to porosity and saturation. Specifically, as shown in Figure 

48.c, lower porosity and water saturation induce lower conductivity values that consequently 

reduce the attenuation of propagating electric fields. This is clearly shown in Figure 48.c and 

Figure 48.d with fields in (d) exhibiting significantly higher attenuation rates compared to those 

in (c) [171]. Comparing the recordings at the different receivers, one can detect the longer 

distances between the off-center receivers, and hence later detection time of the electric field. 

Furthermore, the higher the conductivity contrast on the paths between sources and receivers, 

the larger the difference in magnitude, as clearly shown in Figure 48.b and Figure 48.d. For further 

analyzing the impact of the water saturation on the conductivity field, Figure 47 shows the water 

saturation for the reference case and the estimated water saturation incorporating 3D EM data 

after eight years. The estimated water saturation exhibits a strong correspondence to the water 

saturation distribution of the reference case that was well reflected in the history matching 

results. In order to analyze the impact of different observation error rates of EM data on the 

history matching quality, Figure 49 outlines the history matching of the total gas production for 

producer P01 for two different 3D EM observation error rates (10% and 25%) and the 

corresponding relative RMSEs. The increase in the 3D observation error rates does not severely 

affect the history matching quality, which proves rather robust, even for higher error rates.  
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a) 

 

b) 

 
Figure 46: Conductivity profile cross section and corresponding recorded Ez fields from the 1D 

(red), 2D (blue) and 3D (black) EM surveys considering only the centric receiver. All surveys have 
identical parameters and inputs. 
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Figure 47: Comparison of saturation levels for the reference case and the one resulting from 

history matching production and 3D EM data. The good correspondence between the reference 
and estimated water saturation is observable.  
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(a) 

 

(b) 

 
(c) 

 

(d) 

 
Figure 48: Conductivity mappings (top figures) of the reservoir and the corresponding recorded 

electric fields (bottom figures) at the three receivers shown in black for four different 
simulations. The source is plotted with a white dot. 

 

6.1.4.5 Tight Rock Formation Analysis 

Low porosity and permeability formations are amongst the most challenging reservoirs for 

performing history matching and EM inversion. For history matching, low porosity formations 

often entail large capillary pressure effects and their observable response obtained from EM 

imaging may be rather weak [190]. Furthermore, the derivatives computed for the inversion of 

EM data subject to changes in the porosity may lead to considerable differences in the order of 



124 

 

magnitudes in the gradient matrix, and hence to instabilities in the inversion process [191], [192]. 

The ensemble Kalman-based estimation framework should still however provide rather robust 

estimates, as the update of the state vector does not necessitate gradient information but the 

computation of the Kalman gain matrix, which only requires inverting a well-conditioned matrix 

that is the sum of two in general positive definite matrices defined in the observation space. The 

diagonal form of the observation error covariance matrix R typically improves the conditioning 

of the inverse and hence generally delivers stable estimates. In order to examine the history 

matching framework in a low permeability and low porosity setting, a history matching study for 

porosity ranges between 1 and 10 percent, and permeability 10 to 120 millidarcy was performed. 

As outlined in Figure 50, the history matching results show rather good recovery of the reservoir 

dynamics and the water level productions in the reservoir during the history matching and 

forecasting timespans. In particular, the drop in the oil phase caused by a significant water 

breakthrough is well captured by the estimate of the SEIKF. The nonlinear evolution of the water 

cut is also well captured and matched. Furthermore, the estimates for the different ensemble 

members prove rather robust and cluster close enough around the reference test case.  
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Figure 49: Comparison between different observation error rates for the 3D EM data for the 

total well gas production for producer P01. 
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Figure 50: History matching results for the Oil phase (FPPO, reservoir pressure, depth corrected) 

and the field water cut levels (FWCT) for a low permeability – low porosity formation 
incorporating production and 3D EM data. 

6.1.4.6 History Matching Summary  

Table 8 summarizes the matching improvement resulting from the incorporation of the different 

EM surveys as compared to sole production data history matching. The history matching 

enhancement was evaluated as  

  
�Ref A

Ref

RMSE RMSE
RMSE

MI  (76) 

where RefRMSE  is the RMSE of the reference case, i.e. only history matching production data, 

and the subscript A denotes the instance for the incorporation of the EM data. The results 

uniformly indicate significant improvements in forecasting production, resulting from 

constraining the reservoir with EM data. This outlines the benefits of improved depth imaging for 

refining the characterization of the reservoir and enhancing reservoir history matches. In 

particular, the sparse wells’ data information allows only limited improvements and causes the 

individual ensemble members to converge towards a homogeneous profile. The integration of 

EM data partially overcomes this challenge, allowing maintaining a spatially more heterogeneous 
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profile for all the ensemble members. While all incorporated EM surveys generally lead to 

improved history matchings, the incorporation of 3D EM data proves rather critical in achieving 

accurate matching. As previously mentioned, the primary reason for this situation is that the 3D 

heterogeneous structure considerably affects the fluid propagation patterns, and this is best 

reflected via 3D EM imaging that encapsulates all 3D features of the reservoir. Summarizing the 

incorporation of 3D EM data provides significantly better history matches as compared to the 

incorporation of 2D and 1D data, although the integration of EM in general assists in improving 

reservoir forecasts and characterization in all cases. 

 

Matching enhancement (%) 
Parameter EM 1D EM 2D EM 3D 
Total well gas production 42.79 45.52 84.69 
Total well oil production 24.01 32.87 85.73 
Total well water injection 31.38 32.10 36.22 
Well productivity index 34.88 36.87 67.17 
Total well volume production 53.68 50.87 68.98 
Well oil production rate 39.25 45.17 65.13 
Well gas production rate 32.97 39.47 64.13 

Table 8: Matching improvements (using SEIKF) for the different production parameters for the 
3D reservoir case comparing them with the RMSE obtained from history matching only 

production data (base). In all cases production data were also history matched in combination 
with EM data.  

 

6.1.4.7 Discussion and Conclusions 

EM techniques have transformed the industry in the last decades by enabling more accurate 

tracking of hydrocarbon fields and the water fronts within the reservoir, while assisting in 

increasing production output and reducing costs. This study presented a rigorous analysis of the 
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impact of EM data on reservoir history matching and forecasting. Based on two ensemble-based 

history matching schemes, EnKF and SEIKF, we have incorporated EM data obtained from full EM 

surveys with highly robust and versatile solvers in all three dimensions. The work extends the 

concept presented in Leeuwenburgh et al., [55] to EM data and incorporates full field solvers 

representing EM imaging of the reservoir formation. Simulation results have outlined the 

importance of taking into account the full 3D heterogeneity of the reservoir when accurate 

history matches are required. The method offers potential advantages with respect to standard 

approaches. In summary: 

x The method is flexible and adaptable to arbitrary geometries, well patterns and 

heterogeneities, provided the cross-well imaging distances are within acceptable 

ranges. 

x EM data enable tighter constraints in the EnKF and SEIKF and improved forecasting with 

reasonable additional computational effort. 

x Including EM data significantly increases the sensitivity of the models to the water 

saturation, in addition to achieving enhanced history matching and retaining geological 

information.  

Our analysis further indicates that SEIKF is better able to integrate EM data into the history 

matching framework than the EnKF, due to the undersampling of the observational error 

covariance of the EnKF when the number of observations is larger than the ensemble size. This 

deficiency of the EnKF in coping with large numbers of observations necessitates further research 

to overcome the undersampling issue. Further research may be also conducted to study the 

diffusive and convective mixing of the brine within the formation and its impact on the formation 
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conductivity. 

6.2 Improving Characterization of Reservoir 

Hydrocarbon Components using Electromagnetic 

Data Attributes 

Summary: Advances in electromagnetic imaging techniques have led to the growing utilization of this technology 

for reservoir monitoring and exploration projects. These exploit the strong conductivity contrast between the 

hydrocarbon and water phases and have been used for mapping water front propagation in hydrocarbon reservoirs 

and enhancing the characterization of the reservoir formation. Conventional approaches to the integration of 

electromagnetic data are to invert the data for saturation properties and then subsequently use the inverted 

properties as constraints in the history matching process. The non-uniqueness and the measurement errors may 

however make this electromagnetic inversion problem considerably ill-posed, leading to potentially inaccurate 

saturation profiles. Furthermore, the simplified fluid models typically utilized for electromagnetic inversion neglect 

the properties and dynamics of the individual hydrocarbon components within the reservoir and the interaction with 

water. We present an Ensemble Kalman Filtering for integrating electromagnetic data in the history matching 

process and the estimation of the observation error noise of the electromagnetic data. The framework directly 

integrates the electromagnetic data into the Kalman update step and delivers good history matching results and 

characterization of the reservoir formation. The experimental results demonstrate that the individual hydrocarbon 

components are generally well matched, with nitrogen exhibiting the strongest improvement. The estimated 

observation error variances are also within expected levels, significantly contributing to the robustness of the 

proposed  EM  history  matching  framework.  Archie’s  parameter  estimates  approximate  well the reference profile and 

assist in the accurate description of the electrical conductivity properties of the reservoir formation. 
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6.2.1 Introduction 

Recovery of oil and gas has reached new frontiers in the last decades. With the rapid depletion 

of  the  world’s   largest  reservoirs,  enhancing  recovery  factors  for  existing reservoirs has proven 

critical for optimizing profitability and long term sustainability of the individual corporations. 

Increasing recovery factors requires a detailed understanding of the reservoir formation, the 

pressure levels and a more comprehensive investigation of the hydrocarbon components present 

in the reservoir structure, which potentially have significant effects on the recovery efficiency of 

the reservoir. While black-oil model considerations have captured the dynamics sufficiently for 

most reservoirs at the early stages, pressure changes in the reservoir caused by depletion may 

induce considerable changes in the composition caused by chemical reactions, therefore leading 

to a deviation from the black-oil model assumptions. With the advent of enhanced oil recovery 

and the injection of gas, chemicals and polymers, history matching for compositional models to 

track the propagation of these components within the reservoir, evaluate efficiency of the 

different methods, and enhance production forecasts has become more important. Amongst 

others, Kong et al., [20] presented a compositional history matching study for the impact of 

aquifer intrusion onto a CO2 gas storage project. A critical factor outlined by Kong was that slight 

variations in the porosity may significantly affect the CO2 distribution within the reservoir, 

thereby outlining the criticality of studying the individual hydrocarbon components and their 

behavior. El-Banbi et al., [193] outlined a history matching study for a gas-rich condensate 

reservoir and compared a compositional and modified black-oil approach. While the modified 

black-oil model exhibited good history matches for the considered cases, this approach may 

return significantly poorer results in the case of an aquifer influx. For most modern reservoirs, 
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history matching, using a compositional model approach, has proved to be essential to 

adequately capture the dynamics [194]–[198]. A guideline about when compositional modeling 

becomes a necessity was presented by Fevang et al., [199].  

Electromagnetic (EM) reservoir monitoring has in recent years attracted significant attention for 

tracking water flooding and aquifer influx for various reservoirs. EM techniques exploit the sharp 

resistivity contrast between hydrocarbons and brine in order to provide a conductivity mapping 

of the reservoir, and hence determine flow propagation paths and highly water saturated areas, 

as well as areas with significant remains of hydrocarbons. EM imaging techniques have been 

successfully employed by Marsala et al., [153] in collaboration with Schlumberger, where Saudi 

Aramco performed field tests in the Haradh field for monitoring the movement of injected water 

flood-front and mapping the water saturation. The Haradh field is an upper Jurassic carbonate 

field; the test site consisted of three wells in an oil-water contact zone that may have 

encountered uneven flood-front distributions within the reservoir. The results provided high 

quality EM data for the interwell regions that were up to a kilometer apart, and could deliver an 

accurate resistivity profile for the formation. The cross-well EM imaging instrument used for the 

field study was outlined in more detail in [82]. Initial studies on the usage of cross-well EM 

imaging were presented in [80], [200] that focused on the sensitivity of the EM signals to the 

reservoir formation parameters and different setups for the cross well imaging. Recently, there 

has been progress towards further utilizing EM technology for borehole-to-surface EM imaging, 

with Colombo et al., [192] presenting a borehole-to-surface EM study for the detection and 

evolution of the waterfront position and investigating the sensitivity of the modeled EM fields 

towards the fluid fronts. The study was preceded by a pilot test study by Marsala et al., [76], [201] 
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in which a geophysical borehole-to-surface was used to achieve better reservoir characterization. 

These developments outlined the growing usage of EM tomography for interwell imaging and 

complement gravimetric and seismic technologies, whose fluid discrimination ability is 

considerably less than those of EM techniques. Furthermore, extensive research was carried out 

in the EM inversion for single boreholes, outlining the necessity to model the salt concentration 

differences close to the wellbore [178]–[181].  

Relating electrical conductivity changes to the dynamics in the reservoir has proven to be a 

significant challenge, in particular for carbonate reservoir formations [202]–[204].  While  Archie’s  

Law has been the standard relationship in the industry for decades, research [205]–[210] has 

shown that its parameters may significantly vary for different formations and rock types and they 

hence need to be calibrated or estimated. Conventionally, resistivity logging tools and core 

samples are employed to determine saturation and porosity levels and estimate using other well 

log  data  Archie’s  parameters.  While   this  typically  provides  a  good  representation  of  the   rock-

conductivity relationship, it may considerably misrepresent the areas farther away from the wells 

[91]. Hamada et al. [91], [92], [204] presented   a   laboratory   study   for   retrieving   Archie’s  

parameters and their uncertainty on 29 natural carbonate reservoir core plugs at reservoir 

conditions.   The   results   of   the   authors   suggest   that   Archie’s   parameters   have   the   strongest  

influence on calculating the water saturation and initial oil in place from the retrieved resistivity 

parameters.  Using  three  different  techniques,  conventional  Archie’s  parameter  technique,  core  

Archie’s   parameter   estimation   technique   and   a   three-dimensional technique, the resulting 

profiles exhibited significantly differing water saturation values that were attributed to the 

uncertainty  levels  in  the  determination  of  Archie’s  parameters.  Talabani  et  al.  [211] investigated 
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the  validity  of  Archie’s  equation  for  carbonate  rock  formations  and  concluded  that  the so called 

cementation  factor  m  in  Archie’s  equation  is  influenced  by  multiple  factors,  and  may  significantly  

differ for complex pore systems. Maute [212] outlined a data-analysis method for obtaining 

optimal  Archie’s  parameters with reduced uncertainty for the general formation, outlining the 

challenges and variation in the parameters for a general rock reservoir formation. The effect of 

the uncertainties in the rock-conductivity parameters was addressed in [213] where the authors 

proposed approaches to take into account the propagated uncertainties and their importance in 

properly analyzing the petrophysical properties of the underlying rock formation.  

Although several models for relating conductivity of the rock formations to water saturation and 

porosity have been proposed [214]–[218], none of them have been able to represent various 

rock formations in a reservoir and all have exhibited high uncertainties in their model parameters 

[204],  making  Archie’s  law  the  main  petrophysical  relationship  for relating reservoir parameters 

to the electrical rock conductivity. The conclusions have however outlined the importance of 

estimating the parameters for different sections of the reservoir to deliver more accurate 

resistivity-saturation relationships [91], [204]. 

Another challenge for relating electrical conductivity maps to history matching methods is the 

spatially varying observational errors that may affect the estimation quality of the reservoir 

parameters considerably, potentially leading to major misestimates [29], [219], [220]. In recent 

years, researchers have attempted to estimate the observational error variances. Desroziers et 

al., [221] provided a diagnostic technique for the analysis of estimation errors in the observation 

space for data assimilation problems, and discussed a procedure to refine estimates for the 

observation error covariance matrix. Ueno et al., [151], [152] presented an iterative algorithm 
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for the estimation of the observation noise covariance matrix for ensemble based data 

assimilation, such as the EnKF. Using an expectation maximization approach, the authors could 

demonstrate fast convergence for even a large number of parameters on a coupled atmosphere-

ocean model.  

We present a framework for the efficient incorporation of EM data, together with well 

production data, for enhancing history matching and reservoir characterization in carbonate 

reservoirs using an EnKF and  a  compositional  reservoir  model.  Full  field  Archie’s  parameters  were  

jointly estimated with the porosity, permeability, and dynamic reservoir parameters using the 

EnKF. We also follow the approach of [151] to estimate the observation error variances. We focus 

our analysis on the impact of the EM data on the recovery of the individual hydrocarbon 

components. The work differs both in terms of focus and technique from previously conducted 

studies [81], [222]–[224].   We   assumed   that   Archie’s   parameters   are   uncertain,   spatially  

heterogeneous, and estimated within the history matching process. Therefore, we investigated 

the impact of EM data on history matching the individual hydrocarbon components, which to 

date has not been investigated. Based on a realistic carbonate reservoir, the method 

demonstrates the opportunities and challenges of incorporating EM data for enhancing reservoir 

history matching, and for determining accurate concentration levels of the individual 

hydrocarbon components in the reservoir. The estimates for permeability and porosity were 

around 20% better as compared to history matching only production data. The estimation of the 

full  field  Archie’s  parameters performed well in determining the spatial heterogeneity of these 

parameters and led to a more accurate reservoir to rock electrical conductivity representation.  
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6.2.2 Methodology 

The framework integrates the compositional reservoir simulator E300 [51] with an Ensemble 

based Kalman filter and incorporated EM and production data for reservoir history matching, 

forecasting and quantification of the uncertainty levels in the estimated reservoir fields. A 

flowchart representation of the framework is presented in Figure 51. The framework couples a 

compositional reservoir simulator to an EM survey module that subsequently returns both the 

EM data and the estimation observation error covariance matrix to the EnKF module, which then 

estimates both dynamic and static reservoir parameters based on incoming data.  

 

Figure 51: Flowchart representation of the EM assisted History Matching framework. 
 

6.2.3 Numerical Experiments and Results 

In this section, we present the experimental setup, investigate the effect of the integration of EM 

data on the history matching quality of the individual hydrocarbon components, and estimate 
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the EM observation error variances for a realistic 3D synthetic reservoir.  

6.2.3.1 Experimental Setup 

The studied reservoir represents an anticlinal structure and is 10,000 ft in length, 11,000 ft in 

width and located at a depth of 7,500 ft (top of the reservoir) with the dimensions shown in 

Figure 31. The thickness of the reservoir is around 400 ft and the reservoir rock consists of a 

Jurassic Arab-D limestone [117], [118]. Grid size resolution is around 400 ft in the horizontal plane 

and 35 ft in the vertical direction, using a 24 x 25 x 12 grid. The permeability tensor was assumed 

to be diagonal with   33 22 11/10 /10KK K . The reference permeability and porosity fields were 

obtained using unconditional simulation incorporating an exponential variogram model with an 

anisotropy axis of 4750 ft in the x-direction and 4050 ft in the y-direction, as well as 105 ft in the 

vertical direction. The permeability ranges between 20 and 3,000 mD and the porosities between 

1 and 49 percent. The reference permeability and porosity fields are exhibited in Figure 53. The 

reference permeability and porosity fields were then sampled at the six wells in order to 

determine the parameters of an exponential variogram model from which the EnKF initial 

ensemble is generated, using conditional simulation.  
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Figure 52: Reservoir structure and well pattern for the integration of EM data. 

  

  
  

Figure 53: Relative permeability curves for oil versus water and gas versus oil when only connate 
water is present (top) and reference porosity and permeability fields of the formation (bottom). 
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The well pattern, outlined in Figure 52, represents an adapted 5P2I pattern, implying that there 

are two injectors in the center of the domain surrounded by five producer wells. The initial 

pressure in the reservoir was set to 3,787 psi; the producing wells have a target rate of 80,000 

STB of oil per day, with an equivalent amount of water being injected into the reservoir to 

maintain pressure levels. The salt concentration of the brine in the reservoir was assumed to be 

around 300,000 ppm (105 lbm/STB) and sea water was injected into the reservoir having a salt 

concentration of around 30,000 ppm (10 lbm/STB) [180], [181], [184], [185]. The relative 

permeability curves for the oil and water phase as well as the gas and oil phase when connate 

water is present are shown in Figure 53. The components CO2, N2, C1, C2, C3, IC4, NC4, IC5, NC5, 

C6 and C7+ were explicitly modeled, with C7+ representing a component consisting of all 

hydrocarbon components with number greater than or equal to seven.  

The reference   parameter   fields   for   the   Archie’s   parameters   m   and   n   were   generated   using  

unconditional simulation, again based on an exponential variogram model with an anisotropy 

axis of 6,500 ft in the x-direction, and 6,200 ft in the y-direction, and are shown in Figure 54 [91]. 

The parameter values range between 1.6 and 2.4, ranges that are typically encountered for 

carbonate reservoirs [91], [204], [211]. Sampling the parameters at the six wells, conditional 

simulation was then utilized based on an exponential variogram model to generate the initial 

ensemble  of  Archie’s  parameters. 
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Figure 54: Reference parameter fields for the Archie parameters n and m. 

 

The salt concentration evolution for different times is presented in Figure 36. The field was then 

history matched starting from 2008 in 2011 and 2014 and forecasted until 2020 to retrieve 

estimates for production, oil recovery and water saturation levels. Borehole-To-Surface surveys 

were conducted in 2008, 2011 and 2014 and were transformed into electrical conductivity of the 

formation. Measurement observation errors for each grid cell of the electrical conductivity field 

are assumed to be Gaussian distributed with mean zero; the variances are assumed to be 

unknown and are estimated during the history matching process as outlined in Section 4.7. The 

realistic 3D reservoir is then employed in a history matching experiment to forecast different 

production parameters, in addition to providing estimates for the pressure, water, oil and gas 

saturation levels, incorporating both production and EM data attributes. For the production 

observations the bottom hole pressure (BHP) for all producer wells and the total field production 

per day were matched. For the BHP observation error rates of 20 psi were assumed; the field 

production is supposed to have an error rate of around 3%, based on the specified target rate. 

The ensemble size is 55 members, which allowed maintaining matching quality while reducing 
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computational cost. Computational time for a full history matching was around 5 hours and 40 

minutes on a Dell workstation. In the forthcoming study, BASE experiment denotes the instance 

where only production data are history matched and EMHM for the case where the EM data 

attributes are history matched.  

 

Figure 55: Flowchart of the experimental study for the integration of EM data. 

6.2.3.2 Reservoir Characterization Using EM Data 

In this section, we will first provide an analysis of the history matching quality upon the 

incorporation of EM data, investigate its performance with respect to forecasting and the 

matching of the hydrocarbon components. This is followed by a study of the recovery of the 

permeability and porosity fields and an investigation of the estimated EM observation error 

estimates and their correlation with the well dynamics.  

6.2.3.3 History Matching Results 

Incorporating EM data for history matching and reservoir characterization is shown to provide 

valuable information in enhancing tracking of the injected water front, thereby exploiting the 

sharp conductivity contrast between the water and hydrocarbon phases. This would provide the 

reservoir engineer with a profound understanding of the areas penetrated, or not, by the injected 
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water. In the latter case a new well may be drilled to recover these hydrocarbon quantities 

subject to economic feasibility. First, the field oil potential is presented in Figure 58. The field oil 

potential is the depth corrected pressure of the oil phase and is an important indicator of the 

pressure levels encountered by the oil phase. It enables a better understanding of the drawdown 

of the hydrocarbons towards the well, as well as the estimation of the pressure drop within the 

reservoir. Comparing the BASE case versus EM HM clearly outlines the enhanced tracking of the 

pressure levels, exhibiting a gradual but steady increase. When only production data are history 

matched, the estimate may significantly deviate over the considered time horizon, leading to a 

considerable overestimation of the pressure levels by several psi. Moreover, Figure 58 and Figure 

59 present the hydrocarbon molar production rates for C3 and NC5 history matched with BASE 

and EMHM. Similar to the oil potential, the incorporation of EM data considerably enhances the 

ability to track the production rates, while reducing the spread between the individual ensemble 

members. The performance improvement is further well reflected in Figure 59 showing a 

comparison of the total well oil production for producer P05 for the history matching with 

(EMHM) and without (BASE) the incorporation of EM data. The total well oil production of 

producer P05 reaches around 45 million STB in the reference case, and this behavior is well 

matched when EM data are incorporated. In the case when solely production data are history 

matched, a two million STB higher output is proposed than actually takes place with the individual 

ensemble members, returning significantly deviating estimates. Finally, the total gas production 

for producer P01 is shown in Figure 60 and the water to gas ratio for producer P05 in Figure 60. 

These clearly demonstrate the considerable matching improvements that result from 

incorporating EM data for enhancing water front tracking.  
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Furthermore, Figure 62 presents the estimated and reference final saturation levels for the oil 

and water phases. A comparison between the final saturation of the reference field and the 

estimated field shows a strong resemblance, with only the areas surrounding the injection wells 

exhibiting slightly differing layers. The slightly different saturation levels around the injector wells 

in the uppermost layer of the reservoir are likely due to the tight vertical spacing of the reservoir, 

which leads to the saturation levels in the uppermost layer being compensated by slightly higher 

levels in the second highest layer. For comparative purposes, Figure 61 presents the permeability 

and porosity estimates when incorporating EM data and for the BASE case. The BASE case 

estimates have a rather homogeneous profile which differs considerably from the reference 

fields as shown in Figure 53. This indicates that the sparse well data are not capable of improving 

the reservoir characterization as compared to the estimates when EM data are incorporated. The 

incorporation of EM data indeed leads to more refined estimates and a heterogeneous profile 

that corresponds better with the reference fields. This is further confirmed by comparing the 

relative RMSE for the porosity and permeability estimates as shown in Figure 63. While the RMSE 

for both the permeability and porosity estimate decrease considerably for each update step 

when incorporating EM data, the RMSE for the BASE case remains almost flat and does not show 

any significant further improvement. This is consistent with the results presented in Figure 61, 

and suggests the limitations of sparse well data to recover the heterogeneous porosity and 

permeability fields.  

To   evaluate   the   quality   of   the   estimates   of   Archie’s   parameters, Figure 56 plots the EnKF 

estimates for the parameters m and n, and their corresponding ensemble spread. Comparing the 

estimates to the reference fields given in Figure 54, one observes coherency between the low 
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and high value regions of the reference fields and the ensemble estimates. This is further 

exemplified by the scatter plots of the estimates versus the reference profile (see Figure 56 on 

the  right).  An  interesting  aspect  demonstrating  the  value  of  the  estimation  of  Archie’s  parameter  

is the considerably better estimates for the water saturation exponent m as compared to the 

porosity exponent n. This might be attributed to the fact that the water saturation changes in the 

reservoir based on well data enable to better attribute differences in the electrical conductivity 

to either changing saturation levels or different water saturation exponents, as compared to the 

static parameter porosity.  

To analyze the estimated variances of the measurement errors for the EM data, a histogram of 

the estimates is presented in Figure 64. The histogram outlines that the estimated standard 

deviations (square roots of the variances) vary between 3 and 12%, with the majority of the 

observation error standard deviations being in the range between 8 and 10%. This range closely 

approximates the observation error standard deviation of 8% assumed in the experiment.  
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Figure 56:  Comparison  of  estimates  for  Archie’s  parameters  and  scatter  plots  comparing  the  
initial (blue) and final (red) estimates to the reference field. The black line indicates the identity 

line. 
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Figure 57: Salt concentration evolution within the reservoir for different times given in lbm/STB.  
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Figure 58: Field Oil Potential (depth corrected pressure; top) and Hydrocarbon Molar Production 

Rate for C3 component for producer well P05 (bottom). 
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Figure 59: Hydrocarbon Molar Production Rate for NC5 component for producer well P05 (top) 

and well oil production for producer well P05 (bottom). 
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Figure 60: Total well gas production for producer well P01 (top) and total well water gas ratio 

for producer well P05 (bottom). 
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Figure 61: Comparison of permeability and porosity estimates incorporating EM data and base 

case. 
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Figure 62: Final oil and water saturations for the reference and estimated case.  
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Figure 63: Relative RMSE decrease for permeability and porosity for the history matching 

update steps. 

 

 

 
Figure 64: Histogram of the EM standard deviation estimates. 
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Figure 65: Histogram of matching improvements considering all parameters. 

 

6.2.4 History Matching Summary 

Table 9 and Table 8 summarize the matching improvements for the individual hydrocarbon 

components and several reservoir parameters as they result from EMHM, and compare them 

with the base case. The history matching enhancement was evaluated as  

  
�BASE HMEM

BASE

RMSE RMSE
RMSE

MI  (77) 

where BASERMSE  and HMEMRMSE  are  the  RMSE’s  of  the  BASE  and  HMEM  case.  The  results  in  Table 

9 indicate significant improvements in forecasting production from the inclusion of EM data, 
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outlining the benefits of the improved depth imaging on refining the characterization of the 

reservoir and enhancing reservoir history matches. In particular, the sparse well data information 

allows only limited improvements and causes the individual ensemble members to converge 

towards a homogeneous profile. The integration of EM data partially overcomes this challenge, 

and succeeds in maintaining a spatially more heterogeneous profile for all the ensemble 

members. In order to determine which hydrocarbon components are best recovered and history 

matched, Table 8 further shows the matching improvements of the molar production rates at 

producer well P01. Similar conclusions can also be drawn for the other wells. The results indicate 

that the molar production rates for all components are well matched and recovered, with the 

component nitrogen (N2) showing slightly more improvement as compared to the other 

hydrocarbon components, followed by the component C1. The main reason for this additional 

improvement is that Nitrogen has amongst the lowest critical pressures and the lowest critical 

temperatures, in addition to the lowest critical viscosity, and therefore exhibits faster dynamics 

that are emphasized in the history matching process when incorporating EM data. Finally, a 

histogram representation of the matching improvements for 123 parameters were investigated 

in Figure 65, showing that most of the parameters experience reductions in the RMSE of more 

than 50% in HMEM. These confirm the considerable improvement obtained from incorporating 

EM data as shown above. 
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Matching enhancement (%) 
Parameter EM  
Well Water Gas Ratio (P02)  65.53 
Total Well Water Cut (P05) 59.20 
Total Well Water Injection (I01) 49.55 
Average Well Pressure (P04) 54.51 
Total Well Gas Production (P03) 50.57 
Well Water Production Rate (P03) 74.63 
Well Volume Production Rate (P02) 66.51 
Field Gas Production Rate 73.53 
Total Field Water Production 62.43 
Field Water In Place  87.90 
Field Oil In Place  68.59 

Table 9: Matching improvements for different reservoir parameters. The improvements were 
computed as reductions in the RMSE normalized by the RMSE of the base case.  

 

Matching enhancement – Hydrocarbon components (%) 
Parameter EM  
CO2 molar production rate (P01)  65.18 
N2 molar production rate (P01) 67.54 
C1 molar production rate (P01) 66.14 
C2 molar production rate (P01)  65.15 
C3 molar production rate (P01) 65.05 
IC4 molar production rate (P01) 65.03 
NC4 molar production rate (P01) 65.02 
IC5 molar production rate (P01) 65.02 
NC5 molar production rate (P01) 65.02 
C6 molar production rate (P01) 65.00 
C7+ molar production rate (P01) 64.94 

Table 10: Matching improvements for different hydrocarbon components at producer well P01. 
The improvements were computed as reductions in the RMSE normalized by the RMSE of the 

base case.  
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6.2.5 Discussion and Conclusions 

With the growing utilization of enhanced oil recovery techniques and moving beyond the black-

oil treatment, determining the dynamics of the individual hydrocarbon components within the 

reservoir has become a necessity. We have presented an EnKF based reservoir history matching 

study for using EM data to estimate the components of a compositional reservoir model. We 

have  demonstrated  the  possibility  of  estimating  the  parameter  of  Archie’s  model  used  to  relate  

the reservoir formation to the EM data attributes as part of the history matching process. We 

have further applied an efficient online technique to estimate the EM observation error variances 

at the individual grid cells. The results indicate that the incorporation of EM data results in a 

considerable improvement in characterizing and forecasting the reservoir formation, even when 

Archie’s   parameters   and   the   EM   variance   error   are   only   poorly   known.   Furthermore,   the  

simulations suggest that nitrogen benefitted most from the incorporation of EM data as 

compared  to  other  hydrocarbon  components.  The  estimates  for  Archie’s  parameters  were  rather  

robust, showing a significantly better matching for the water saturation exponent m as compared 

to the porosity factor n. Finally, the standard deviation estimates of the EM observation errors 

closely approximated the assumed standard observation of 8%. 

 

  



156 

 

 



157 

 

7. Integrating  Gravimetric  and  InSAR  Data  

for  Reservoir  History  Matching  of  

Carbonate  Gas  and  Volatile  Oil  Reservoirs   
Summary: Gravimetry techniques have recently advanced to the point of providing measurement accuracy in the 

micro-Gal range, and can consequently be used for the tracking of gas displacement caused by water influx. While 

gravity measurements provide information for subsurface density changes, i.e. the composition of the reservoir, 

these data only yield marginal information about temporal displacements of oil and in-flowing water. We propose 

to complement gravimetric data with InSAR surface deformation data to exploit the strong pressure-deformation 

relationship for enhancing fluid flow direction forecasts. We have developed an ensemble Kalman filter-based 

history matching framework for gas, gas condensate and volatile oil reservoirs that synergizes time-lapse gravity and 

InSAR data for improved reservoir management and reservoir forecasts. Based on a dual state-parameter estimation 

algorithm, separating the estimation of static reservoir parameters from the dynamic reservoir variables, our 

numerical experiments demonstrate that history matching gravity measurements allow to monitor the density 

changes caused by oil-gas phase transition and water influx to determine the saturation levels, while the InSAR 

measurements help improving the forecasts of hydrocarbon production and water displacement directions. We 

analyze the efficiency of the proposed framework with various history matching experiments. 
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7.1 Introduction 

Volatile oil and gas condensates are amongst the most valuable oil types because of their low 

density and high proportion of light hydrocarbon components that produce a higher percentage 

of gasoline, diesel fuel and other valuable chemicals. While these hydrocarbon fluids achieve the 

highest economic return, the development of these reservoirs is rather challenging. Upon 

producing from the reservoir, the pressure levels drop sharply, leading to the production of 

considerable quantities of gas that, together with the interaction with water, may significantly 

reduce the oil recovery efficiency. Gas injection is an attractive alternative for re-pressurizing the 

reservoir, in particular for high volatile hydrocarbon reservoirs, in order to avoid excessive gas 

generation.  Although  natural   gas  has  assumed  a  more  critical   role   in   the  world’s  energy  mix,  

liquid hydrocarbons remain the most profitable hydrocarbon source to date. Hence, maintaining 

elevated pressure levels in the reservoir is crucial for keeping them in liquid state. Efficient 

reservoir management, in-depth reservoir dynamics and subsurface structure understanding is 

therefore crucial for optimizing recovery efficiency from these reservoirs. Therefore, reservoir 

history matching is of considerable importance in characterizing the subsurface reservoir 

formation and achieving accurate production forecasts.  

Eme et al., [225] conducted a history matching study for a steeply-dipping faulted volatile oil 

reservoir in offshore Nigeria, and outlined the strong uncertainty and complexity of history 

matching problems for volatile oil reservoirs. Volatile oil and gas condensate reservoirs are 

typically located in highly complex formations, where recovery rates may significantly depend on 

the exploration strategy to avoid the potential influx of water, extensive pressure drop, and the 

dissipation of the hydrocarbon fluid in other subsurface zones [226]. Although well production 
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data provide an insight into the reservoir properties close to the wellbores, it may not properly 

represent the state of the reservoir at some distance from the wells. In order to optimize 

recovery, complementing the wells’ data by other types of geophysical data can therefore be 

very beneficial.  

Time-lapse gravimetry is the measurement of spatio-temporal changes in the Earth's gravity field. 

It has recently become interesting for hydrocarbon reservoir monitoring with the improvement 

of measurement precision to the micro-Gal range [156], [227], [228], which allowed tracking 

small changes in the reservoir that are induced by hydrocarbon extraction and water injection 

[229]. Several synthetic and field studies have demonstrated the feasibility of monitoring 

reservoir mass distributions induced by water-gas and oil-gas displacements using 4D gravimetry. 

Hare et al., [155] monitored the Gas-Water contact (GWC) at Prudhoe Bay via a 4D forward and 

inverse gravity modeling of the water injection. While effectively yielding subsurface information 

about the waterflood density distribution, the nature of the inverse problem may under- or over-

estimate the real mass distribution by up to 20%. Ferguson et al., [230], [231] considered a time-

lapse gravity for monitoring the gas-water-oil contact in Prudhoe Bay based on field experiments 

conducted between 1994 and 2002. Using absolute gravimetry for a field-wide reservoir 

monitoring for the first time, they achieved better than 10 micro-Gal accuracy in the time-lapse 

gravity signal.  

With the oil and gas industry applying 4D gravimetry for real reservoir monitoring, research has 

been focusing on exploiting time-lapse gravimetry for reservoir history matching [157]. Glegola 

et al., [31], [32] presented a history matching framework based on the Ensemble Kalman Filter 

(EnKF) and Smoother (EnKS) for the incorporation of time-lapse gravity data. In  [31], the water 
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influx into gas fields and its corresponding spatial distribution were investigated. Using the EnKF, 

gravity measurements were incorporated, showing the complementarity of the production and 

gravity data. The impact of water influx on gas reservoirs was then extended in [32] using an 

ensemble smoother, similarly showing that the incorporation of gravimetric data improves the 

accuracy of the reservoir state description as compared to the sole use of either of these data 

sets.  

With gravimetric techniques proving to be valuable for static reservoir characterization, their 

ability to provide information about temporal changes of the reservoir may be limited [43]. 

Enhancing forecasts for future fluid displacements indeed necessitates an accurate 

understanding of the pressure levels within the reservoir. This makes surface deformation 

measuring techniques an attractive complement [232]. Time-lapse interferometric synthetic 

aperture radar (InSAR) that measures surface deformation is increasingly utilized in the context 

of reservoir monitoring [49], [158], [159]. With recent technological advances, InSAR is now 

capable of detecting deformations caused by changes in the reservoir pressure with millimetric 

resolution, providing an efficient large scale reservoir monitoring framework [233]. Several 

synthetic and real field studies have been conducted using InSAR measurements for monitoring 

subsurface reservoirs. Vasco et al., [45] presented a linear inverse problem based approach for 

estimating the permeability for a carbon dioxide reservoir in Algeria. Incorporating prior 

assumptions, the permeability estimates for the reservoir formation agreed well with the high-

permeability features that are deduced from the trend of the faults and fractures in the region. 

While the fitting of the InSAR range-change data considerably improves the estimates for the 

lateral extent, the linearization of the inverse problem may impose difficulties for more 
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heterogeneous reservoir formation. These difficulties were addressed by Du et al., [48] who 

employed a micromechanics approach for determining the subsurface properties for two 

synthetic test cases of the Krechba field. Further studies have been conducted in [49], [158], 

[159], presenting other field studies and demonstrating the capabilities of InSAR technology. 

Recently, Fokker [234] presented a gas reservoir characterization study using PS-InSAR data of 

the Bergermeer Gas field, further outlining the benefits of the incorporation of InSAR data. 

Despite extensive efforts to employ InSAR data for reservoir characterization, the use of surface 

deformation measurements for history matching and reservoir forecasting has so far been 

limited. The integration of InSAR and gravimetric data for history matching purposes follows a 

similar approach to the integration of seismic and electromagnetic data into history matching, as 

successfully demonstrated by [29], [56], [235]. 

Ensemble Kalman Filter (EnKF) based techniques have gained momentum in the reservoir 

community, and have performed well for a variety of history matching problems [23], [29], [30], 

[133], [236]. For reservoir applications, the joint-estimation of both dynamic (e.g. pressure, 

saturation) and static variables, such as permeability and porosity however poses a challenge, 

and may require several iterations with the EnKF to ensure sufficiently accurate estimates [144], 

[145], [237], [238]. Moradkhani et al., [144] presented a dual state-parameter estimation based 

on the EnKF for ensemble streamflow forecasting in rainfall-runoff models, partially overcoming 

the limitations of the joint estimation approach with strongly nonlinear estimation problems. The 

dual state-parameter estimation approach has been applied in several hydrological assimilation 

studies [144], [239]. It has also been recently extended to the state-state estimation of coupled 

models by [240].  
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In this work, we present a dual EnKF history matching framework for incorporating both 4D 

gravity and InSAR data for improving history matching and forecasting a highly volatile oil 

reservoir, subject to gas injection and aquifer influx. The incorporation of both gravity and InSAR 

data utilizes the advantages and complementarity of these data for improved understanding of 

the subsurface formation and forecasting of fluid propagation. The next section outlines the 

history matching framework and geophysical methods and introduces the experimental setup, 

followed by an extensive analysis. The chapter is concluded by a summary of the main results 

and future outlook. 

7.2 Methodology 

The developed history matching framework couples a reservoir model, here the Matlab Reservoir 

Simulator Toolbox (MRST) [53] or the Schlumberger Eclipse E100 reservoir simulator [51] with an 

ensemble based history matching framework, integrating gravimetric and InSAR survey modules. 

The 2D serves to outline the correlation between the dynamics in the reservoir and their effect 

on the gravimetric and InSAR data, and the 3D case demonstrates its performance for a realistic 

reservoir. The framework is outlined in Figure 66. The reader may refer to chapter 2, 3 and 4 for 

detailed information about the methods applied in this chapter. 
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Figure 66: Flowchart representation of the History Matching framework incorporating gravity 

and InSAR data. 

 

7.3 Numerical Experiments and Results 

This section presents the experimental setup for the 2D and 3D case. We first analyze the 

correlation between changes in the reservoir and the gravimetric and InSAR data for a simple 2D 

example. Subsequently, we examine the performance of the framework on a realistic 3D 

reservoir and conclude the study by a history matching comparison between the matching of 

only production data and additionally gravimetric and InSAR data. 
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7.3.1 Experimental Setup 

7.3.1.1 2D Case 

The studied reservoir is two km in length and width and around 25 m in z-direction and represents 

a Cenozoic carbonate rock reservoir structure that is commonly found for natural gas reservoirs 

in the Arabian peninsula [166]. The reservoir depth is 560 m. The grid size is u u40 40 1 . The rock 

structure is assumed to consist of carbonate limestone. The reference permeability and porosity 

fields were obtained using unconditional simulation based on an anisotropic exponential 

variogram model with anisotropy axes of 500 m in the x-direction and 400 m in the y-direction.  

Figure 67 represents the reference permeability and porosity. The permeability tensor is given 

by  

 § ·
 ¨ ¸
© ¹

0
0
k

K
k

. (78) 

The variogram model for the reference permeability field and its corresponding sample points is 

presented in Figure 68. A number of samples (two around each producer well, and four around 

the injector well) from the reference permeability and porosity fields were collected, from which 

we estimated the parameters of the exponential variogram models for the ensemble 

permeability and porosity fields. The inferred variogram models were then utilized to generate 

70 ensemble members. The ensemble size was determined after a sensitivity analysis in which 

we found that 70 members provide acceptable history matching results at reasonable 

computational requirements. The porosity values of the ensemble range between 8 and 32 

percent, and the permeability ensembles contain values within the range of 152 and 892 milli 
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Darcy.  

The wells are positioned in a four-spot pattern (as shown in Figure 67) commonly employed in 

the gas exploration [167]. The initial pressure level within the reservoir was set to 347 bar and 

the pressure levels during the simulation at the injector level were adjusted so that the producer 

wells maintain pressure levels of 296 bar. 

  
Figure 67: Reference permeability and porosity fields displaying the four gas producer wells at 

the corners and the water influx at the center of the domain for the 2D reservoir. 

 

We have studied six different test cases, summarized in Table 11 and outlined in Figure 69, 

focusing on the impact of incorporating gravity and InSAR data using a dual EnKF state-parameter 

history matching scheme. The results were compared to those obtained with the standard joint 

EnKF scheme. The test cases differ in their total simulation time, which ranges between 25 and 

40 years, with the history matching time being between six to nine years with varying update 

time steps. The state vector consists of the static fields, porosity and permeability, and the 

parameter vector of the dynamic variables pressure, water and gas saturation. Unless specified 

otherwise, production data, consisting of bottom hole pressure (BHP), water cut ratio (WCR) and 

total volume production, were measured at all wells, with standard measurement errors of 25 
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bar for BHP, and about 8% measurement error rates for the other production data. For 

gravimetric and InSAR measurements we have considered error rates of around 10% [241] with 

the assumption that the errors are spatially uncorrelated. Such error rates were assumed to 

realistically reflect measurement challenges and to examine the performance of the methods in 

realistic settings. We have further conducted history matching experiments to study the 

sensitivity of the system to the level of the InSAR and gravimetry observational errors. 

 

Figure 68: Variogram model and sample points for the reference permeability field (2D case). 

 

 

Figure 69: Flowchart of the 2D experimental study for the gravimetric and InSAR data history 
matching. 
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In the following we refer to BASE as the runs incorporating only well production data, GPD gravity 

and well production data, IPD INSAR and well production data, and GIPD gravity, INSAR and well 

production data. 

7.3.1.2 3D Case 

The studied 3D reservoir is 3,048 m in length, 3,352 m in width and is located at a depth of 975 

m (top of the reservoir) as shown in Figure 31. The reservoir is around 121 m thick and the 

reservoir rock consists of cretaceous carbonate rock [117], [118]. The grid size is 24 x 25 x 12 

leading to resolutions of around 115 m in the horizontal plane and 10 m in the vertical direction. 

The reference permeability and porosity fields were obtained using unconditional simulation 

[183] incorporating an exponential variogram model with an anisotropy axis of 1,676 m in the x-

direction and 1,219 m in the y-direction, as well as 27 m in the vertical direction. The reference 

permeability ranges between 200 and 1,200 mD and the porosities between 5 and 25 percent as 

shown in Figure 70. The reference permeability and porosity fields were then sampled at the well 

locations in order to determine the parameters of an exponential variogram model from which 

the initial ensemble is generated, again using conditional simulation. The permeability tensor was 

assumed to be diagonal with   33 22 11/ 5 / 5KK K . The well pattern is outlined in Figure 52 and 

represents an adapted 4P2I pattern, implying that there are four producers at the corners and 

two injectors in the center of the reservoir. The producer wells are indicated with P and the 

injector wells with I. The initial pressure in the reservoir was set at 222 bar and the oil producing 

wells have a target rate of 110,000 STB per day. Gas was injected at the injector wells, maintaining 

a bottom hole pressure of 275 bar, and an aquifer is encountered on the east side of the reservoir 
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(Figure 72). A comparison of the east and west side clearly outlines the asymmetric gas 

displacement caused by the influx of water from the aquifer. The relative permeability for the 

gas-oil phase and the capillary pressure levels for the oil-water contact are given in Figure 53. The 

data used for the Pressure-Volume-Temperature (PVT) correlations and the relative permeability 

and capillary pressure curves were taken from [13], [186], [187], [242]. The field was history 

matched starting from October 2010 for 20 months until June 2012 and then another two years 

until June 2014, to be followed by three years of forecasting until June 2017. The oil saturations 

for the reference case are shown in Figure 36. Fluid and formation compressibility was taken into 

account using the parameters in [93]. 

  
Figure 70: Reference porosity and permeability fields of the formation (3D reservoir). 

 

Gravimetric and InSAR surveys were conducted in 2010, 2012 and 2014 as described in chapter 

3. The densities of the gas, oil and water phases were taken to be 0.8 kg/m3, 980 kg/m3, and 1,400 

kg/m3, and the density of the carbonate rock was assumed to be 2,208 kg/m3. The setup and 

timeframes for the measurements correspond to those encountered in real-field applications 
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and were based on discussions with subject experts [41], [173]. The realistic 3D reservoir test 

case is then employed in history matching experiments in order to forecast reservoir production 

parameters, in addition to pressure, gas, oil and water saturation levels while incorporating 

production, gravimetric and InSAR data. The state vector consists of the static parameters 

porosity and permeability, and the parameter vector of the dynamic variables pressure, water, 

oil, and gas saturation. Production observations were taken to be the bottom hole pressures for 

all producing wells, and the total field production per day, where we assumed that bottom hole 

pressure levels experience error rates of around 6.7 bar and the field production an error rate of 

around 5%, based on the specified target rate. For the gravimetric and InSAR measurements, 

error rates of 7% and 14% were assumed [41], [43], [48], [173] whereby the spatial correlation 

between the errors was neglected in both cases. The number of observations range from around 

10,000 to 12,000; the state vector assumed a size between 10,366 and 15,864. The experimental 

setup is distinguished from previously presented studies by Glegola et al., [31], [32] and 

Katterbauer et al., [160] in that a volatile oil reservoir is studied, subject to aquifer influx and gas 

injection combining the complementarity effects of gravimetry and InSAR data. Except for the 

study presented by Katterbauer et al., [243], InSAR data were not yet incorporated for history 

matching realistic reservoir structures.  

The computational time for a full history matching study for the 3D case was around 3 hours and 

30 minutes on a Dell workstation.  
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Figure 71: Reservoir Structure and well pattern (3D reservoir). 
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Figure 72: Gas saturation levels for the east (left top) and west (right top) side of the 3D 

reservoir. The aquifer is indicated in dark green (left top figure). Relative permeability curve for 
gas versus oil and the capillary pressure levels for the oil-water interface for the 3D reservoir 

(bottom figures). 

 

 

Figure 73: Flowchart of the experimental study for the 3D case. 
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7.3.2 Analysis of the History Matching Results 

We first outline the history matching performance of the framework on a 2D example that is 

followed by a study of the reservoir characterization quality on a realistic 3D reservoir. We also 

compare the performances of the dual-EnKF versus the joint EnKF for both the 2D and 3D 

reservoirs.  

 

Test Case Parameters 
Case TSim (years) HMT (years) UT (years) 

1 30 7 3 
2 27 6 5 
3 35 9 4 
4 32 8 6 
5 38 9 5 
6 25 7 4 

Table 11: Parameters of the six test cases considered for the 2D reservoir. (TSim = total 
simulation time, HMT = history matching time, UT = update time) 

 

7.3.2.1 2D Case 

7.3.2.1.1 Impact of InSAR and Gravity Data 

In this section, we analyze the complementarity effects of the incorporation of gravity and InSAR 

data using the dual EnKF. We first analyze the estimates of the gas production rates that are 

important for providing information about the allocation of required refining resources as well 

as the fulfillment of gas delivery contracts.  
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Figure 74 presents the gas production rates for case three at the four producer wells, comparing 

the estimates with the reference gas production. The positive impact of the incorporation of 

gravity and InSAR data is clearly noticeable from the filter estimates for GPD and IPD. These show 

decreased ensemble spread while exhibiting a more centralized concentration around the true 

production levels. For gravity data, this can be explained by the fact that density changes in the 

subsurface caused by water displacement are clearly detectable from the strong density contrast 

between the water influx and the produced natural gas. Surface displacement as observed by 

InSAR is negatively related to pressure drop in the formation. A drop in the reservoir pressure 

leads to a negative displacement (sinking) on the surface on top of the reservoir. Thus, the 

incorporation of the displacement provides additional insight into the pressure distribution 

within the reservoir. This should yield better forecasts for the directions in which the water and 

gas are preferentially displaced (see Figure 77). While density distributions provide a static 

description of the state of the reservoir at a given time, constraining the model pressure changes 

with InSAR data provides information to forecast future displacement, whose complementarity 

with gravimetric data is well represented for GIPD. This is shown to significantly improve 

matching results and to reduce ensemble spread.  

To further outline the effect of water influx on the reduction of gas extraction, Figure 75 presents 

the fraction of water for the individual wells as compared to the whole volume. Similar to the gas 

production presented in Figure 74, the incorporation of structural information about the gravity 

changes as well as surface displacement reduces the uncertainty about when to decommission 

the wells due to extensive water production. Comparing the individual ensemble estimates for 

the incorporation of only production data, some of the individual ensemble members may 
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misestimate the water influx into the production wells by as much as four years, hence leading 

to a loss of substantial natural gas resources that may have been retrievable. Similarly, exploiting 

the complementarity of gravity and surface deformation data, the overall ensemble spread may 

be reduced to around two years as compared to up to seven years with the history matching of 

production data only. 

To analyze the gravity response, Figure 76 presents samples of the recorded gravity anomalies 

for an increasing number of years and the corresponding time-lapse gravity anomaly response. 

The influx of water causes the average density at a given point to increase, which consequently 

increases the gravitational anomaly. The water front propagating within the reservoir is well 

represented by the gravity anomaly, as well as by the time-lapse gravity response as illustrated 

in Figure 76. The sharp time-lapse gravitational anomaly response is primarily caused by the 

assumed strong contrast between the water and gas phase and the simplistic assumptions in the 

2D case that should primarily outline, for an idealistic case, the correlation between the time-

lapse gravity anomaly response and the improvements in the history matching process. 

To determine how the changes in the reservoir affect the displacement of the surface, Figure 77 

presents a comparison of the vertical surface displacement after different periods. With the start 

of the production and the initial stress release, the pressure drop causes an initial displacement 

that gradually increases with forthcoming production of gas from the reservoir and the influx of 

water from the upper reservoir.  

BASE GPD 
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Figure 74: Estimates of the gas production levels of the four producer wells for the 2D reservoir 
and case 3 as they result from the dual EnKF. The gradual incorporation of gravity and InSAR 

information leads to significant improvement and reduction in the spread of the ensembles (red 
- real gas production curve, blue - mean of ensembles (gray)). 
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Figure 75: Estimates of the water to gas fraction of the four producer wells for case 3 of the 2D 
experiment as they result from the dual EnKF. The gradual incorporation of gravity and InSAR 

information leads to significant improvement and reduction in the spread of the ensembles (red 
- real gas production curve, blue - mean of ensembles (gray)). 

 

Figure 78 presents a comparison of the water saturation levels caused by the water influx into 

the reservoir over time for the mean estimate. We further plot the thresholds for 40% and  

70% water saturation for the estimates (black) and the true saturation (red). A comparison 

between BASE and GIPD clearly demonstrates the enhanced forecasting of water saturation 

levels with the estimated thresholds for GIPD, more accurately representing the reference water 
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saturation levels than the estimation with only well production data. This significant 

improvement can be traced back to the results presented in Figure 76 and Figure 77 that provide 

an accurate tracking of the fluid fronts. As can be seen from Figure 78 and the pressure levels in 

Figure 79, the gravity anomaly difference significantly enhances the estimates for the fluid front. 

Furthermore, Figure 79 shows a comparison of the pressure levels within the reservoir after 24 

years. Comparing the contour lines for the different pressure levels, the impact of incorporating 

the InSAR data is clearly visible as the pressure contour lines match those of the reference 

pressure levels more closely than the BASE. This result can be deduced from the analysis of the 

surface deformation, which restrains the expansion of the pressure levels and to some extent 

avoids an overestimation of the saturation levels. This provides a more refined analysis of the 

pressure distribution in the subsurface, based on the displacement observed on the surface. 
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Average Matching Enhancement 
Parameter GPD-JT GPD-DS IPD-JT IPD-DS GIPD-JT GIPD-DS 

Test Case 1 
Gas Prod. (Avg. Wells) 28.90 50.58 54.94 56.99 69.34 71.43 
Water Cut (Avg. Wells) 32.98 56.32 62.36 64.67 72.43 73.41 
Pressure Level 26.62 45.19 38.71 42.16 40.95 45.28 
Cum. Oil Prod. 46.95 76.29 81.01 86.52 93.25 94.36 
Cum. Water Cut 36.84 65.58 71.57 76.05 81.53 83.05 

Test Case 2 
Oil Prod. (Avg. Wells) 17.76 44.65 8.42 42.86 32.87 60.18 
Water Cut (Avg. Wells) 18.61 49.72 7.05 45.63 36.94 65.13 
Pressure Level 2.65 4.01 12.20 15.52 14.18 28.12 
Cum. Oil Prod. 20.53 83.10 14.58 63.66 45.90 84.75 
Cum. Water Cut 18.89 63.17 9.52 55.50 39.40 74.66 

Test Case 3 
Oil Prod. (Avg. Wells) 16.71 47.82 30.65 39.10 38.43 61.63 
Water Cut (Avg. Wells) 18.88 59.46 35.67 47.88 43.25 67.82 
Pressure Level 12.99 46.69 33.51 70.15 47.26 72.84 
Cum. Oil Prod. 35.42 92.86 54.77 75.64 60.82 98.84 
Cum. Water Cut 26.36 77.72 43.31 61.59 50.52 84.76 

Test Case 4 
Oil Prod. (Avg. Wells) 26.04 45.32 38.85 53.04 52.67 70.70 
Water Cut (Avg. Wells) 29.73 53.80 42.84 58.49 56.38 74.87 
Pressure Level 31.42 54.25 30.69 39.65 31.55 52.85 
Cum. Oil Prod. 49.37 87.25 62.03 80.73 72.37 94.05 
Cum. Water Cut 37.67 74.45 50.47 68.86 62.30 84.46 

Test Case 5 
Oil Prod. (Avg. Wells) 28.14 32.41 22.71 55.55 47.66 62.85 
Water Cut (Avg. Wells) 33.40 33.71 24.43 58.78 55.83 62.13 
Pressure Level 3.55 14.52 21.60 7.52 18.12 22.23 
Cum. Oil Prod. 24.07 37.01 69.68 75.44 66.19 76.78 
Cum. Water Cut 26.43 39.43 33.53 66.96 62.74 66.46 

Test Case 6 
Oil Prod. (Avg. Wells) 26.88 42.30 17.36 25.65 30.80 42.46 
Water Cut (Avg. Wells) 35.12 47.59 21.03 30.67 35.12 50.04 
Pressure Level 5.00 36.96 35.45 41.12 15.54 56.35 
Cum. Gas Prod. 47.15 69.56 35.86 49.94 58.80 74.01 
Cum. Water Cut 36.56 56.84 24.15 37.39 48.32 61.98 

Table 12: Average matching improvements for the different production parameters for the six 
test cases for the 2D reservoir comparing the Joint EnKF versus the dual EnKF for GPD, IPD and 

GIPD. For each row, the highest improvement is indicated in black. 
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7.3.2.1.2 Sensitivity to observation errors 

In order to analyze the sensitivity of the history matching results to the InSAR and gravimetric 

observational errors, Figure 80 presents a comparison of the gas production as estimated with 

the dual EnKF method for different observational errors: 5, 10, 20, and 30% for gravity and InSAR 

data. A comparison between the different runs shows an increase in the ensemble spread for 

increasing observational errors. This reflects an increased uncertainty in the production rates 

resulting from less confidence in the accuracy of the geophysical data. Data quality is an 

important aspect for reservoir interpretation and reservoir history matching purposes, as large 

errors in the data may lead to over- or under-shooting in the Kalman filtering update step [244]. 

This is exemplified by the fact that for large levels of noise in the data it becomes rather 

challenging to distinguish the individual phase components in the reservoir from the gravity and 

InSAR data. The effect of this is a poorer history match. Overall, the results of the history matches 

from the different observational error rates reflects the robustness of the method, which led to 

satisfactory history matches despite large observation errors. 
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Figure 76: Samples of recorded gravity anomalies after 4 and 13 years clearly determining the 
water influx (left figures, Dual EnKF; 2D reservoir). Samples of time-lapse recorded gravity 

anomalies exhibiting the propagation of the water front within the natural gas reservoir (right 
figures, Dual EnKF; 2D reservoir). 
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Figure 77: Samples of recorded vertical surface displacements after 4 and 13 years clearly 

determining the water influx (Dual EnKF; 2D reservoir). 
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Figure 78: Comparison of water saturation levels for BASE and GIPD (mean ensemble) after 16 
years indicating the contours for 40 (outer circles) and 70 % (inner circles) water saturation for 

the estimated saturation (black) versus the real saturation levels (red) (Dual EnKF; 2D reservoir). 
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Figure 79: Comparison of the pressure levels for PD and GIPD (mean ensemble) after 24 years 

indicating the contours for 330 Bar (outer circles) and 345 Bar (inner circles) pressure levels for 
the estimated pressure (yellow) versus the real pressure levels (red) (Dual EnKF; 2D reservoir). 
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Figure 80: Gas production rates for 20 % and 30% error observation rates (Dual EnKF; case 2; 2D 

reservoir; red - real gas production curve, blue - mean of ensembles (gray)). 
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Figure 81: Scatter diagram of comparison of the Dual EnKF versus the Joint EnKF as well as the 
improvement rates for GIPD versus GPD and IPD for the dual state estimation (2D reservoir). 

 

7.3.2.2 3D Case 

This section analyzes the complementarity effects of the incorporation of gravity and InSAR data 

into the 3D model using the dual EnKF.  

Reserve estimates and production rates are of major importance for gas condensate and highly 

volatile oil reservoirs, as suboptimal field development may lead to a considerable drop in the 

recovery efficiency of the reservoir. While small changes may not significantly affect the 

composition of the hydrocarbon fluid in conventional reservoirs, in gas condensate and volatile 

oil reservoirs small pressure and temperature changes may significantly affect oil recovery, and 

may lead to higher gas quantities and consequently to increased expenditure. Thus, optimized 

and sound production strategies induced by improved reservoir formation analysis and 

production forecasts are vital.  

Figure 82 first shows the estimates for the oil in place for the total reservoir. Comparing the BASE 
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case versus the additional incorporation of gravimetric and InSAR data indicates that history 

matches are almost perfect for the GIPD case, while BASE considerably overestimates the oil in 

place by around 25,000 STB. As the total production is around 200,000 STB over the considered 

time horizon, this indicates an underestimation of the recovery rate by around 10%. Similar to 

the oil in place estimates, the gas in place estimates (Figure 83) show similar results, with the 

BASE case exhibiting a considerable overestimation of the gas initially in place by as much as 

three million SCF. The difference amounts to almost 6% of the gas initially in place, which may 

lead to considerable differences in project economics and field development strategies.  

GIPD 

 

BASE 

 
Figure 82: Oil in place (FOIPL) (Dual EnKF; 3D reservoir; red - real gas production curve, blue - 

mean of ensembles (gray)). 
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Figure 83: Gas in place (FGIPL) (Dual EnKF; 3D reservoir; red - real gas production curve, blue - 

mean of ensembles (gray)). 

 

As reservoir pressure levels are essential for PVT analysis and the decision of artificial lift 

strategies, we further analyze the history matching results for the bottom hole pressure level at 

producer 01 in Figure 85. Pressure remains at elevated levels for around 3.5 years, before 

dropping sharply due to high gas penetration. The sharp drop in the pressure levels is well 

captured by the incorporation of gravimetric and InSAR data, providing an indication about the 

correlation between the pressure levels and InSAR data, and thereby improving pressure 

estimates within the reservoir and close to the wellbore. This contrasts with the estimates 

obtained from the BASE case, which fail to predict the pressure drop within the reservoir by 

around two to three months. Given the sharp drop, this may prove vital in maintaining production 

rates and avoiding an unexpected shut-in of the well.   

Having shown the improvements in history matching, we will further analyze the quality of the 

reservoir characterization and how well the additional incorporation of gravimetric and InSAR 
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data assists in determining the reservoir heterogeneity. Figure 45 compares the estimated 

permeability fields for the Base case and GIPD instance to the reference field. The permeability 

field estimates for the BASE and GIPD cases are adequate, with both cases being able to retrieve 

the low permeability area in the south of the domain. However, the stronger heterogeneous 

profile as estimated by GIPD that aligns closer to the reference field is clearly distinguishable. The 

performance difference in the characterization of the reservoir is more profoundly pronounced 

for the field porosity estimates shown in Figure 87. Specifically, the uppermost layers of the 

reservoir exhibit relatively low porosity values that are not well captured by history matching 

only production well data, as compared to the integration of gravimetric and InSAR data. While 

the porosity estimates for the BASE case are fairly smooth, GIPD captures the low porosity layer 

better. The results indicate that the density dependence of the gravimetric data, which are the 

porosity weighted density averages of the rock and fluid, clearly affects the filter estimates, 

leading to lower porosity estimates. In order to quantify the improvements, Figure 88 outlines 

the relative RMSE for the permeability and porosity estimates, which show a considerably 

stronger decline for the GIPD instance as compared to the BASE case estimates, thereby 

confirming the qualitative results shown above. 
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Figure 84: Oil saturations at 1.10.2010, 1.6.2012, 1.6.2014 and 1.6.2017 (Dual EnKF; 3D 

reservoir).  
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Figure 85: Well bottom hole pressures for P01 (Dual EnKF; 3D reservoir; red - real gas production 

curve, blue - mean of ensembles (gray)). 

 

7.3.2.2.1 History Matching Summary 

Table 12 presents an overview of the average matching enhancements for the same six different 

test cases already presented in Table 11 for the 2D case. A comparison indicates the far better 

performance of the dual state-parameter estimation (denoted by DS) versus the joint estimation 

(JS) approach for the different test cases. Outlining the matching enhancements for each 

parameter for the several test cases, the GIPD-DS achieves the best reservoir history matching in 

almost all the cases. Comparing the dual versus the joint estimation results indicates that the 

incorporation of additional data into the estimation process proves to be more beneficial for the 

dual estimation than the joint estimation framework. This phenomenon can be deduced from 

the gravity and InSAR data being first used for more precisely estimating porosity and 

permeability for the reservoir formation. These are next employed for obtaining better estimates 

for the dynamic variables, i.e. pressure and saturation, which exhibit a stronger relationship to 
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the gravimetric and InSAR data, as discussed above. Comparing the history matching results of 

gravimetric versus InSAR data may represent a mixed picture, with gravimetric data performing 

better for test case 2, 3 and 6, while for the remaining test cases the incorporation of InSAR data 

may be more beneficial. The conclusion drawn from these results suggests that both geophysical 

data may lead to enhanced history matching results. The choice of the method would thus 

primarily depend on the applicability and availability of the data set. The results for the 3D 

reservoir are presented in Table 9 for selected reservoir parameters. As for the 2D case, the dual 

state approach performs better than the joint estimation, with the matching improvement rates 

being considerably higher than the joint estimation. This suggests the potential of the algorithm 

for achieving better dynamic and static parameter estimates, albeit an increase in computational 

complexity. 

Matching enhancement (%) 
Parameter GIPD-DS GIPD-JT 
Well Gas Oil Ratio (P03) 45.44 27.24 
Total Well Oil Production (P02) 67.73 53.73 
Well Gas Production Rate (P01) 39.07 31.06 
Well Oil Production Rate (P04) 32.11 28.64 
Well Water Cut (P02) 14.89 12.46 
Well Productivity Index (P03) 50.79 41.12 
Total Well Volume Production (P04) 17.20 14.36 
Field Oil Production Rate 54.84 46.34 
Total Field Gas Injection 18.62 16.42 
Gas Oil Ratio  40.18 31.28 
Field Average Pressure 36.76 24.64 

Table 13: Matching improvements for different reservoir parameters for the 3D reservoir. The 
improvements were computed as reductions in the RMSE, normalized by the RMSE of the BASE 

case.  

 

In order to summarize the results from both dual versus joint estimation schemes and from the 

simultaneous incorporation of gravimetric and InSAR data, Figure 81 graphically presents the 



192 

 

results taken from Table 12. Furthermore, Figure 89 outlines a histogram representation of the 

matching improvements for the realistic 3D reservoir case. On the left, the improvements rates 

for the dual state-parameter estimation are compared against those of the joint estimation 

method. On the right, the results from incorporating both InSAR and gravimetric data are 

evaluated against those resulting from the history matching of either one of these data sets. The 

dual state estimation method performs significantly better than the joint estimation method for 

almost all test cases. Performance enhancements are on average around 30-40% better than 

those of the joint estimation, while computational cost increases by around a third. A similar 

conclusion can be deduced for the 3D reservoir case as demonstrated in Figure 89. The conclusion 

from these results is that a dual state-parameter method should be employed when high quality 

history matches are required, while a joint estimation may be sufficient when computational 

costs are substantial. Additionally, the longer the reservoir simulations take for the individual 

ensembles, the less beneficial the dual state-parameter estimation method may be when 

comparing the ratio performance enhancement to computational cost. The comparison of the 

joint incorporation of gravimetric and InSAR data in Figure 81 (right) demonstrates their 

complementarity effects for better representing the reservoir mass distribution, while 

simultaneously returning enhanced forecasts for future displacement directions.  
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Figure 86: Comparison of the final estimated permeability fields for the Base case versus the 

incorporation of gravimetry and InSAR data, and the reference field (Dual EnKF; 3D reservoir). 
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Figure 87: Comparison of the final estimated porosity fields for the Base case versus the 

incorporation of gravimetry and InSAR data, and the reference field (Dual EnKF; 3D reservoir). 

 

7.4 Discussion and Conclusions 

We have presented a framework for history matching of gas condensate and gas reservoirs 
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incorporating 4D gravity and InSAR data. We performed several experiments on a simple 2D 

reservoir and a realistic 3D reservoir to study the impact of gravity and InSAR data on improving 

history matching, using a dual state-parameter ensemble Kalman filter-based estimation scheme. 

The dual state-parameter approach separates the estimation of static and dynamic reservoir 

variables, utilizing the updated permeability and porosity fields for forecasting the saturation and 

pressure fields. For all test cases, the separation of the state vector in the dual scheme was shown 

to significantly improve the history matches as compared to a standard joint state-parameter 

estimation, but at increased computational cost. On average, the computational cost for the 

considered test cases was 30% higher for the dual scheme, while matching enhancements was 

about 20-40%. 

The complementarity effects of the incorporated gravity and InSAR data yield better estimates 

for the saturation levels, caused by the displacement of the gas phase due to water influx, and 

the improved estimation of pressure levels for enhanced forecasting of fluid propagation. A 

comparison between the individual incorporation of either gravimetric or InSAR data has led to 

mixed results, proving that the combination of both techniques may lead to considerably better 

performance. When choosing between these two data sets, their applicability and performance 

in the corresponding settings has to be investigated. 

Summarizing, the presented history matching framework for studying production levels for 

realistic reservoirs has demonstrated that the incorporation of gravimetric and InSAR data can 

lead to significantly better reservoir characterizations and forecasts. Future work is targeted 

towards extending the system to simultaneously integrate multiple geophysical data such as 

seismic, magnetotellurics, electromagnetics, gravimetry and InSAR for enhanced history 
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matching. 
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Figure 88: Relative RMSE for permeability and porosity estimates (Dual EnKF; 3D reservoir). 

 

 
Figure 89: Relative frequencies of matching improvements for the 3D realistic reservoir case 

comparing the joint EnKF with the dual EnKF.  
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8. Seismic  –  Data  Assisted  History  

Matching  using  Ensemble  Based  Methods  

for  the  Norne  Field 
Summary:  

The Norne Field is a large reservoir structure in the northern part of the North Sea. It was discovered in 1992 and 

put on production in 1997. The extensive extraction from the reservoir led to significant depletion of the reservoir 

formation and formation pressure drop, which was partially sustained by water injection. With the rapid depletion 

of the reservoir, Statoil was focusing on better characterizing the reservoir to determine water-infiltrated sections 

and optimize their field development plans. These time-lapse seismic data were separately inverted for seismic 

impedance by conventional means, and then related to pressure and saturation profiles. The inverted pressure and 

saturation profiles may however significantly deviate from the true profiles due to the ill-conditioning of the seismic 

inversion process. Overcoming this problem, and synergizing seismic with well data, an ensemble based history 

matching framework for the integration of seismic data together with well data is presented. The seismic data were 

jointly history matched with well data, and the framework delivered high quality history matches. The results outline 

the opportunities of the integration of seismic data together with well data for high quality history matches and 

improved characterization of the reservoir formation.  

8.1 Introduction - Seismic Reservoir Monitoring  

Reservoir history matching has long been an important discipline for oil and gas companies to 

refine their production methods, obtain a better understanding of the reservoir formation, and 

introduce production enhancing strategies. While production data have been the main source of 

information, there has been growing emphasis on incorporating more global reservoir 
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information to improve on interwell mapping estimates, the characterization  of  the  reservoir’s  

permeability and porosity structure, and the understanding of fault segmentation. With the 

development of time-lapse seismic technology and the growing acquisition capabilities, research 

was focused on the integration of reservoir flow dynamics together with time-lapse seismic data 

for gaining a more detailed understanding of the displacement and flow processes. This has led 

to several studies showing that the integration of seismic data into history matching may provide 

considerable benefits [23], [62], [235], [245] and may enable the tracking of hydrocarbon 

displacement and water fronts [26], [55]. However, a considerable challenge in this regard has 

been accounting for the uncertainty in the seismic data interpretation in the history matching 

process for conventional reservoir history matching methods. These uncertainties require 

considerable post-processing and computational cost for calculating the sensitivities. Ensemble 

based methods, such as the EnKF, have attracted considerable interest for large history matching 

problems due to its ability to simultaneously quantify the uncertainty of the history matches [24]. 

An outline of the considerable performance, using ensemble based methods for the Norne field, 

was presented by Yan et al., [246]. In this work, a framework for the integration of seismic data 

for history matching the Norne Field in Norway is presented. First, the Norne field is introduced 

outlining its geology and reservoir properties and the seismic surveys. This is then followed by 

presenting the framework and the experimental setup, and concluded by showing the results. 
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8.2 Norne Field 

The Norne field is an offshore oil and gas field in the North Sea. It is located in the Southern part 

of the Nordland II area, around 80 km north of the Heidrun field. The field was initially discovered 

in 1991, with the first development drilling being performed in August 1996. Oil production 

commenced in late November 1997 and has produced around 70,000 bbl per day. Gas production 

was initiated in 2001. The sea depth is around 380 meters and at a depth of around 2,500 meters 

(Figure 90 and Figure 91). The field is separated into two compartments, the Norne Main 

Structure (Norne C-, D- and E-segment) and the North-East Segment (Norne G-segment). The 

main structure contains close to 97% of the oil in place, and the total hydrocarbon column is 135 

m, which is divided into 110 m of oil and 25 m of gas. The reservoir rocks are of Lower and Middle 

Jurassic Age, with the Norne main structure being relatively flat with a gas filled Garn Formation, 

and the gas oil contact in the vicinity of the Not Formation clay stone. The northern right flank 

has an oil leg in the Garn Formation. The initial oil in place from the reservoir was estimated to 

be 160.6 MM sm3, of which around 90 MM sm3 is expected to be recoverable. The current field 

has around 49 wells, 3 exploration wells, and 46 production and injection wells. Up to 2007 the 

reservoir produced around 86% of the estimated recoverable reserve, equaling 77 MM Sm3 and 

approximately 5.0 Billion sm3 of natural gas.  
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Figure 90: Graphical Illustration of the Norne Reservoir Field. 

 

 

Figure 91: Norne field grid dimensions (in metric units). 

The history matching framework for the incorporation of the time-lapse seismic data into an 

Ensemble based Kalman filtering setup is presented in Figure 30. The initial reservoir model was 

established using the initial geologic model and description provided by Statoil [247], [248]. The 
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initial reservoir model is then employed for being history matched using an EnKF, incorporating 

the time-lapse seismic impedance data. For the reservoir simulator we used Eclipse [51].  

 

 
Figure 92: Flowchart representation of the seismic assisted History Matching framework. 

 

8.3 Seismic data  

The Norne field was subject to seismic surveillance, starting with an initial base survey in 1992 

and additional surveys with a Q-marine vessel in 2001, 2003, 2004 and 2006. All were carried out 

by WesternGeco using the Geco Topaz vessel. The first 3D survey was conducted over an area of 

320 km2 with a dual source Q-marine system in 2001, and this was followed by a 2nd Q marine 

survey of around 85 km2 in June 2003. The 3rd marine survey was shot in 2004 over a larger area 

of 146 km2. The 4th Q-marine survey was conducted in 2006, and was found to be almost 

identical to the 2004 survey. Figure 93 presents the seismic amplitudes time-lapse seismic 

surveys outlined above. The data outline a growing contrast in the amplitude levels for the time-



202 

 

lapse surveys, in particular the one reaching until 2006, thereby showing the correlation between 

the dynamics in the reservoir and the seismic signal response. The main acquisition parameters 

of the survey that were used in the processing of the data are outlined in Table 14. The processing 

of each survey was conducted in two phases, first via the generation of a fast-track cube and then 

with a subsequent full processing. The quality control of the 4D seismic data included the 

generation of 3D stacks of the full volume, in addition to the following attributes 

x analysis of the amplitude, phase and time differences between data sets from different 

years;  

x RMS difference amplitudes; 

x visual inspection of the inline and cross-line difference data sets.  

The attributes were computed in a 2000-3000 ms window after the use of a 5-40 Hz bandpass 

filter. Furthermore, the acoustic impedances were provided for each survey. For a more detailed 

outline of the seismic survey, the reader may refer to the reports published by Statoil and 

WesternGeco [247]–[249].  
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2001-2003 
 

 

2001 - 2004 
 

 

2001-2006 
 

 
Figure 93: Seismic amplitudes of time-lapse seismic surveys from 2001 to 2006. 

 

 

Instruments Triacq 5 Tape format SEG-D 
Filter Settings High Cut 200 Hz  Slope 477 dB/oct 
 Low Cut 3 Hz Slope 18 dB/oct 
Record length 6144 ms Sample rate 2 ms 
Timing delay 64 ms Filter delay 0 ms 
Source array 1 x 5085 cu.in. airgun array, operating at 200 psi 
Source depth 6 m Shotpoint interval 25 m 
Receiver array 6 x 3200 m streamer, 240 groups per streamer 
Cable depth 8 m Group interval 12.5 m (DGF) 
Inline offset 122 m   
Source separation n/a Cable separation 50 m 
Configuration 254 trace, 64 fold, 6 lines per boat, pass, 25 m line spacing 
Polarity convention Positive pressure at hydrophone recorded as a negative number 

Table 14: Acquisition parameters for the seismic surveys. 

For  coupling   the  reservoir  properties   to  the  seismic  data,  we  used  Gassmann’s   theory   [68] as 

outlined in Chapter 3.2.  
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Gassmann’s  theory  has  proven  to  be  mostly valid for the considered frequency ranges used in 

the seismic surveys and the simplifications assumed in its derivation. The seismic impedance was 

computed for every reservoir grid cell and compared to the seismic impedance provided by the 

seismic surveys outlined above. The seismic impedance for the whole reservoir grid was obtained 

via seismic resampling, using an arithmetic average. The acoustic impedances for the years 2003, 

2004 and 2006 are outlined in Figure 94.  

8.4 Experimental Setup  

The following model setup was employed for the history matching study incorporating seismic 

data. The Norne reservoir model, as shown in Figure 95, is 19 kilometers in length and around 2 

kilometers in width, located at a depth of 2.2 kilometers. There are 36 wells in total, whose initial 

refers to their respective compartment of the reservoir. An example of the well perforation is 

provided in Figure 96. The total grid size was 46 x 112 x 22, leading to a total number of more 

than 110,000 grid cells. The reference permeability and porosity is outlined in Figure 97, showing 

a rather strong heterogeneous structure and considerable varying permeability between the 

layers. The reference permeability values range from 1 mD to around 4,000 mD, and the porosity 

values range from 13.45 % to 34.7 %. The same conclusion can also be inferred from the vertical 

transmissibility multipliers that may considerably vary throughout the reservoir structure as 

shown in Figure 98. The relative permeability and capillary pressure curves for the formation are 

presented in Figure 99, indicating that capillary pressure effects of around 1.5 bar on average 

may be experienced during the simulation, and the relative permeability curves partially follow 
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a Corey correlation type curve for the oil and water phase curves. For the history matching the 

focus was towards matching the vertical transmissibility multipliers.  
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Figure 94: Reservoir acoustic impedance for 2003, 2004 and 2006. 

 



207 

 

The history matching experiment is outlined in Figure 100. Starting in 1997 the parameters are 

history matched using both bottom-hole pressure levels and the time-lapse seismic data in 2003, 

2004 and 2006. 

 

 

Figure 95: Reservoir structure of the Norne field with wells. 
 

 

Figure 96: Well perforation for well E - 3H. 
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Figure 97: Reference permeability and porosity of the Norne Field. 
 

 

Figure 98: Reference vertical transmissibility multiplier. 
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Figure 99: Relative permeability curves for the oil-water phases and the capillary pressure levels 
for the Norne reservoir formation. 

 

 

Figure 100: Flowchart of the history matching experiment. 

 

8.5 Norne History Matching Results 

The history matching results for the Norne Field are outlined in more detail in the figures below. 

A major concern in the Norne field was the maintenance of the pressure levels above bubble 

point or as close to the bubble point as possible, to optimize recovery from the field. In order to 



210 

 

show the effect of the recovery the oil in place, both in liquid and gas form, is presented in Figure 

101. Production from the reservoir leads to a steady decline in the recoverable quantities; the 

corresponding pressure drop that is experienced due to the initial production is clearly seen in 

that a majority of the gas is extracted. After around 1.5 years pressure levels within the reservoir 

drop, leading to the evaporation of more oil into the gas phase. With reduced production and 

pressure maintenance mechanisms the decline becomes steadier, both for the oil in liquid and 

gas form. The water injection into the reservoir is clearly visible from the field water cut levels 

(Figure 102) that rise significantly, in particular after 2001, as can also seen from the water-gas 

ratio.  

 

  

Figure 101: Oil in place in the gas phase (FOIPG) and the oil in place for the liquid phase (FOIPL) 
for the Norne Field (red – observed/reference, blue – ensemble mean estimate, grey – ensemble 

estimate). 
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Figure 102: Field Water Cut and Field Water Gas Ratio (red – observed/reference, blue – 
ensemble mean estimate, grey – ensemble estimate). 

 

Having encountered good matches for the water cut levels and the oil in place of the reservoir 

levels, a closer investigation of the pressure levels of several wells is performed. For this the 

average pressure level around the well for C-4H and the well bottom hole pressure for D-2H are 

shown in Figure 103. In both cases, the individual ensembles return rather close matches of the 

reference levels, with the matches for WBP being almost perfect and the matches for the bottom 

hole pressure levels being rather close to the reference levels, i.e. a mismatch of 20 bar at most.  
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Figure 103: Well pressure (WBP5) for well C-4H on the left and the bottom hole pressure levels 
(WBHP) for D-2H on the right (red – observed/reference, blue – ensemble mean estimate, grey – 

ensemble estimate). 

The matching quality of the pressure levels for the wells presented in Figure 104 are similarly 

good and lead to almost perfect matching results for the pressure levels at the well locations. 

Having presented the history matching results, the impact of the seismic data and its correlation 

to the changes in the reservoir properties is investigated in greater detail. The water saturation 

levels for different times are presented in Figure 105. A comparison between the different figures 

clearly outlines the strong water saturation increase in the rightmost flank of the reservoir as well 

as at the top of the reservoir. The water saturation changes are particularly pronounced between 

2001 and 2004 as well as up to 2006, outlining the considerable water injection made over this 

time to maintain pressure levels for optimizing recovery.  
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Figure 104: Well pressure level (WBP5) for well D-2H and the well bottom hole pressure (WBHP) 
for well B-2H (red – observed/reference, blue – ensemble mean estimate, gray – ensemble 

estimate). 
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Figure 105: Water saturation levels within the reservoir between 1997 and 2006. 
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Summarizing, the results indicate good history matching for a variety of different production and 

well parameters and the strong correlation between the seismic impedance data and the 

compositional changes in the reservoir that assists in optimizing history matching results.  
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9. Conclusion  and  Discussion 
The oil and gas industry has undergone a major transformation in recent decades. With current 

hydrocarbon reservoirs depleting at unprecedented rates, new reserves are discovered in more 

challenging and remote locations, leading to substantially more complex development plans. 

With increasing cost, optimizing recovery from the producing reservoirs has become a main 

target for producing companies. Reservoir engineering and history matching is therefore central 

in enhancing reservoir understanding, improving reservoir characterization and forecasting 

production levels. The need for finer and more accurate representations of the reservoir in order 

to achieve these goals has led to a significant rise in computational complexity and size of the 

history matching problem. Wells are sparsely distributed, so there is a growing focus towards the 

incorporation of geophysical data for reservoir history matching applications. While first steps 

for the incorporation of surface seismic data were conducted for reservoir history matching 

applications [245], [250], [251], the integration of these data sets for history matching 

applications is still in its infancy. This thesis has developed a new framework for the incorporation 

of multiple geophysical data for reservoir history matching applications, both in surface and 

cross-well form. Compared to just using EM data, the joint integration of electromagnetic and 

seismic data showed significant improvement in distinguishing between hydrocarbon and water 

saturated areas. While there are approaches to jointly inverting seismic and electromagnetic data 

[252]–[254] for determining reservoir dynamic parameters, this thesis tests the feasibility of EnKF 

history matching with the combined use of various types of geophysical data and well log data. 

The utilization of both flow dynamics and geophysical data has led to a more accurate description 
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of  the  reservoir’s  parameters  and  fields,  and  the  usage  of  the  Ensemble  Kalman  Filter  further  

enables the efficient quantification of uncertainty in these parameters [24], [189]. Compared to 

the standard approach to determine saturation and pressure reservoir profiles and then 

constrain the dynamic parameters to these data [23], the EnKF framework avoids the separate 

and in most cases ill-posed inversions, and utilizes the data directly in the history matching 

process. Using synthetic data for simulated reservoirs, it was demonstrated that EnKF with 

multiphysics data can improve estimates of the subsurface parameters compared to the 

predictions based on only well data. While the inversion of multiple geophysical data for a static 

image of the reservoir has been conducted [161], using history matching and reservoir 

forecasting has not, to the knowledge of the author, been attempted before. The EnKF 

framework was further shown to work well on the Norne field for the incorporation of seismic 

impedance data, outlining the practical applicability of the framework for realistic reservoir 

history matching. Additionally, the ensemble based framework may provide a quantification of 

the uncertainty in the estimates and an efficient approach dealing with the estimation of 

thousands of parameters. Thus, the EnKF approach is an attractive method for improving field 

development decisions [23], [24], [256], [257]. 

The thesis further discussed the integration of EM data for reservoir history matching purposes 

and the enhanced characterization of electrical properties of the reservoir. The direct integration 

of EM data has proven to deliver good history matches and accurate forecasts, delineating the 

potential of using EM data for history matching purposes previously not investigated [258]. 

Furthermore,   the   estimation   of   Archie’s   parameters   has   made   the   framework   an   attractive  

alternative for enhancing EM reservoir characterization and the estimation of the water 
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saturation profiles in carbonate reservoirs, thereby taking into account the spatial variation of 

the parameters, and potentially contributing to the efforts by Saudi Aramco to enhance 

saturation maps [153], [154], [201]. Additionally, the thesis presents an approach for the 

integration of InSAR data for history matching purposes, utilizing both reservoir dynamics and 

subsurface displacement, beyond static imaging [49], [107].  

Future research may involve a refinement of the geophysical models for simulating more realistic 

subsurface structures. In particular, the framework may incorporate a full seismic inversion 

algorithm that incorporates the individual porosity and saturation fields for refining the inversion 

for seismic data attributes [57], [111], [259]. Furthermore, the uncertainty of the parameters in 

the   seismic   petrophysical   relationship   (such   as   in   Gassmann’s   petrophysical   model)   may   be  

jointly estimated together with reservoir flow parameters within the EnKF framework, therefore 

taking into account the heterogeneity of these parameters [64], [65]. For InSAR data the 

simplistic point displacement model may be extended to separately model the volume change 

and the displacement at the surface, as well as incorporate the difference in the volume strain 

parameters for different earth layers above the reservoir and its effect on the displacement [111]. 

Additionally, both horizontal and vertical displacements may be analyzed and incorporated into 

the history matching process, and seismic data may be utilized together with the displacement 

to estimate the number of different layers between the reservoir and the surface [160], [173], 

[234].  For  the  incorporation  of  EM  data  the  joint  estimation  of  Archie’s  parameters  may  be  tested  

on real reservoirs as well as correlated to resistivity log data during the history matching process. 

This may be of significant interest for carbonate reservoirs characterized by spatially varying 

Archie’s  parameters,  and  assist  in  the  EM  inversion  for  achieving  more  accurate  water  saturation  
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reservoir profiles [201], [211], [260]. In addition, the ensemble Kalman filter may be utilized for 

the inversion of borehole to surface EM data, especially if the well casing is used as an EM source.  

Further research may focus on weighting the individual data sets used in the EnKF update step 

through the covariance matrices of their errors. This is particularly significant in real world 

applications, where inconsistency between the different geophysical models may arise due to 

the sometimes empirical nature of these models; sound weighting of these data sets may lead to 

improvements in the history matches.  

While the EnKF demonstrated good performance for a variety of different history matching 

problems, the Gaussian assumption of the EnKF may not be adequate for certain state 

parameters (permeability, porosity), in particular when facies with strongly differing reservoir 

flow parameters have to be taken into account [23]. More advanced non-Gaussian filtering 

techniques such as particle filters [261] or Gaussian mixture filters [125], [127], [142] may be 

tested on these models and the potential improvements of these methods may be assessed and 

compared to the proposed EnKF. 

Finally, linking the optimization of the field development of a reservoir to the uncertainty in the 

economic aspect, in particular with respect to the oil price, and quantifying the uncertainty in the 

return on investment may be another area of considerable interest, especially for managers, to 

enable better decision-making under uncertainty. 

Concluding, the work and results presented in this thesis have made a significant contribution in 

outlining the value of the integration of geophysical data for enhancing reservoir 

characterization, history matching, forecasting, and reducing uncertainty in the reservoir 

parameter estimates.  
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