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Abstract 
This paper examines the validity of a recently introduced reservoir simulation and modeling technique. The technique, that is 
named Top-Down Intelligent Reservoir Modeling, TDIRM (not to be confused with BP’s TDRM history matching technique), 
integrates traditional reservoir engineering analysis with Artificial Intelligence & Data Mining (AI&DM) technology in order 
to arrive at a full field model and to predict reservoir performance in order to recommend field development strategies. The 
distinguishing feature of this technology is its data requirement for its analysis. Although it can incorporate almost any type 
and amount of data that is available in the modeling process, it only requires field production rate and some well log data 
(porosity, thickness and initial water saturation) in order to start the analysis and provide a full field model. Presence and 
incorporation of other types of data can increase the accuracy and validity of the developed model. 
 
In this work three different reservoir models with varying criteria have been generated using a commercial simulator. The 
models are built to investigate TDIRM’s capabilities in predicting different aspects of an oil reservoir. The models include 
different reservoir saturation conditions (saturated or under-saturated), different number of wells and different distributions of 
reservoir characteristics. Production rates and well log data from the wells in the simulation model are imported into the 
TDIRM to develop a new empirical reservoir model and make predictions on new well performance and potential infill 
locations. The results from the TDIRM analysis are compared to the original simulation models. Investigation and validation 
of TDIRM’s predictive capabilities include identification of gas cap development in the formation, identification of infill 
locations by mapping the remaining reserves as well as predicting flow performance of the wells that are planned to be drilled 
in the reservoir.  
 
Introduction 
Understanding the reservoir depletion and achieving high recovery factor has always been a challenge for reservoir engineers. 
In the past several years efficient techniques have been developed to study reservoir behavior and to build models that would 
allow analysis and predictions, however, the techniques that are based on numerical solution of the fluid flow equation 
required a large amount of reservoir data and are expensive from a time and man-power stand point. The analytical approaches 
to building such models usually limit the analysis to single-well models and include approximations and assumptions that limit 
their use for full field analysis. 
 
In recent years, a new empirical modeling technique has been introduced that is called Top-Down Intelligent Reservoir 
Modeling (TDIRM) (1) (2) (3) that approaches full field reservoir modeling from a different angle. The TDIRM’s advantage is 
its flexibility in data requirement. It needs only production rate data and well logs (for some wells not all) in order to start its 
analysis and build full field model. It has also the capability of incorporating other data such as core analysis, well tests, 
pressure data and seismic, in cases where such data is available.  The main disadvantage of TDIRM is that it is recommended 
to be used in fields with at least 50 wells and about five years of production history. This has to do with the fact that TDIRM 
uses the production history and well log data in order to generate a large spatio-temporal database of the reservoir static and 
dynamic behavior. It uses Artificial Intelligence and Data Mining (4) (5) (6) techniques to deduces field-wide patterns from the 
large spatio-temporal database. The result of these analyses is a full field model with impressive predictive capabilities.  
 
The large spatio-temporal database of the reservoir behavior is developed using combination of statistical analyses of the 
production data and a series of classics reservoir engineering techniques such as decline curve analysis, type curve matching, 
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and production history matching using single-well numerical simulation as well as estimation of volumetric reserves and 
recovery factor. These analyses are performed on single-well basis (for all the wells in the database) and are then fused 
together using Fuzzy Pattern Recognition technology and an ensemble of artificial neural networks in order to generate a full 
field model. 
 
Validation Methodology 
The Top-Down, Intelligent Reservoir Modeling (TDIRM) was first validated (3) for gas reservoirs using a commercial 
reservoir simulator (7). The objective of this study is to investigate TDIRM’s capabilities when applied to oil reservoirs. The 
methodology used for this study is similar to the previous study where a commercial reservoir simulator (8) is used in order to 
develop several reservoir models. The reservoir models are produced for several years and the production rate and well log 
(porosity, thickness, and initial water saturation) data are extracted and used as input to the TDIRM. In each case an empirical 
full field model is developed using the TDIRM and certain predictions are made according to the objectives of the specific 
model /study. The predictions from the TDIRM are then compared with the reservoir simulation model. Schematic diagram of 
this process is shown in Figure 1. 
 
 

 
Figure 1. Methodology used in developing an empirical full field model in TDIRM. 

 
 
Three models were developed and studied for the purposes of this article. The three models developed for this study have 
several things in common while differing in many characteristics. For example all models are oil producing reservoirs with 
initial water and oil saturations of 35% and 65%, respectively. All three models include highly heterogeneous distribution of 
porosity, permeability, formation tops, and thickness. All wells in these models were vertical with 0.25 ft open-hole 
completion, and they were produced with constant bottom-hole pressures.  
 
There are some activities that are performed during a TDIRM analysis that is common to all models and reservoirs. These 
activities are performed on production data and on the well log data. Some of the common activities that are performed on the 
production data include generation of production rate statistics upon importing the production data. These statistics include 3, 
6 and 9 months cumulative productions as well as 1, 3, 5 and 10 years cumulative productions.  Conventional decline curve 
analysis is performed on all production rate data. Unconventional (intelligent) decline curve analysis is performed on data such 
as Gas Oil Ratio where a negative decline is the normal behavior. The “Intelligent” decline curve analysis refers to a TDIRM-
specific process of using a time-series adaptive modeling techniques to model the behavior non-declining production 
characteristics such as GOR and water cut. 
 
The common activities that are performed on the well log (including well locations – Latitude and Longitude) data include 
generation of a series of Voronoi cells (9). These analyses generated estimations of the parts of the reservoir that are impacted 
by the production from each well. Hydrocarbon pore volume as well as time and amount of production can play a role in 
identifying the extent of each Voronoi cell. Figure 2 shows the process of generating Voronoi cells in TDIRM and associating 
each Voronoi cell with a collection of Cartesian cells that will be used in order to build an “earth model”.  It is helpful if an 
estimation of the structure of the reservoir is available that could serve as the outer boundary of the reservoir as shown in 
Figure 2. In this figure the well location are plotted (a), a Cartesian grid is generated (b), the outer boundary of the reservoir is 
identified (c), and finally the Voronoi cells are generated (d). The Voronoi cells are then associated with the collection of 
Cartesian grids for any given well.  
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Geostatistical techniques such as Kriging or Sequential Gaussian Simulation are used for the generation of the earth model. 
Using the earth model and the associated Voronoi cells volumetric reserves are estimated and by integrating the volumetric 
reserves with the results of the decline curve analysis, a recovery factor for each well is estimated. Furthermore, during this 
process the top five “Closest Offset Wells (COWs)” along with their static and dynamic properties are identified and 
associated with each of the wells in the field. Static and dynamic properties of the top five “Closest Offset Wells (COWs)” 
carry important information about the interferences that take place amongst neighboring wells throughout the production 
process. This information is an important part of developing predictive models at the later stages of TDIRM analysis.  
 
Upon completion of the two common activities that were mentioned in the above paragraphs the results are used in a process 
called Field-Wide Pattern Recognition. The Field-Wide Pattern Recognition employs Fuzzy Pattern Recognition (FPR) (6) 
technology in order to extract non-trivial, implicit, previously unknown, and potentially useful information and patterns from 
the large database that has been generated as the result of activities that were mentioned above. The process of Field-Wide 
Pattern Recognition using Fuzzy Pattern Recognition (FPR) is demonstrated briefly in Figure 2.  
 
 

 
Figure 2. Generating Voronoi cells for the wells during the TDIRM analysis process. 

 
Figure 3. Results of Fuzzy Pattern Recognition showing the sweet spots in a field after the first 3 months (left) and 5 years of production 
(left). 
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This process includes generation of fuzzy patterns (from actual data that is usually quite scattered and a trend cannot be 
observed in a cross plot) of a given attribute (such as 3 months cumulative and 5 years cumulative production) against latitude 
and longitude as indicated in Figure 3. Then each of these patterns (that are now essentially a two dimensional plot) are 
divided into three segments using two horizontal lines (the red-top and the blue-bottom lines in the figure). These lines divide 
the pattern into high (the segment above red line), average (the segment between red and blue lines), and low (the segment 
below the blue line). At locations where these lines cross the fuzzy pattern (the 2D profile along the latitude and longitude) a 
vertical line is generated and projected on to the field map (latitude vs. longitude). These projection lines delineate the 
reservoir into Relative Reservoir Quality Indices indicating the high from the latitude and high from the longitude as “high-
high” to be the best portion of the reservoir. Similarly where low from the latitude and low from the longitude are crossed, it 
would be indicated as “low-low” or the worst portion of the reservoir. Other RRQIs are identified accordingly as indicated in 
Figure 3. The TDIRM “Trend Analysis” that is shown in Figure 3 as “tornado charts” is provided to serve as qualitative 
indications for moving the red and the blue lines appropriately in order to create trends that are consistent with the RRQIs 1 
through 5. 
 
Results from Fuzzy Pattern Recognition (FPR) process and development of earth model using Voronoi cells are used in 
developing the final cohesive model that emerges from the TDIRM and subsequent analysis and conclusions are made from 
the FPR and final full field model. In the following sections each of the three models that have been investigated for this study 
will be explained in some details. For each of the models the purpose and the objective are identified along with the simulation 
model details followed by the results of the TDIRM analysis. The TDIRM analysis results are then compared with the results 
generated by the commercial reservoir simulator. 
 
It is important to note that TDIRM analyses (especially Fuzzy Pattern Recognition as shown in Figure 3) are qualitative in 
nature and should only be used as trend and pattern identifiers. The quantities represented in these analyses may not 
necessarily be accurate or represent specific physical meaning.   
 
Model #1, Predicting Well Performance 
Figure 4 shows the reservoir characteristics that have been used in this model. Permeability, porosity, formation tops and 
thickness distribution for the modeled reservoir is shown in this figure. The distributions in this figure clearly show the degree 
of heterogeneity that has been incorprated in this reservoir model . Details of this model is shown in Table 1. The modeled 
reservoir has a porosity range of 20% to 35%, horizontal permeability range of 30 to 60 md, vertical permeability range of 3 to 
6 md and pay thickness range of 100 to 200 ft. It is produced at a bottomhole pressure of 600 psi while the initial pressure of 
the reservoir is 2500 psi.  
 

 
Figure 4. Permeability, Porosity, formation tops and thickness distribution that was used in model #1. 
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A total of 150 irregularly spaced wells were drilled and produced for 10 years in this filed. In order to investigate the 
predictive capabilities of Top-Down, Intelligent Reservoir Modeling (TDIRM) 15 of these wells were removed from the 
analysis to be used as blind verification wells. The objective was to build a TDIRM model using the production rate and well 
log data (porosity, formation thickness and initial water saturation)  from the the remaining 135 wells and then use the model 
to predict the production from the 15 wells used as blind verification wells. Locations of the 15 wells that were randomly 
selected as blind verification wells are shown in Figure 5.  
 
Upon completion of the TDIRM analysis that was briefly summarized in the previous section, the TDIRM predicted 
production of the 15 blind-verification wells. These predictions were compared with the production of these wells generated 
by the commercial reservoir simulation model.  
 

Table 1. Reservoir Characteristics used in model #1. 

 
 
 

 
 

 
Figure 5. Wells used as blind test in this study for verification of TDIRM are identified in red. 
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Figure 6 provides the comparative results for four out of the 15 blind-verification wells. The results shown in this figure are 
typical of the 15 wells. In this figure cumulative production is plotted against time. The blue continuous profile is the 
cumulative production from each well generated by the commercial simulator and the red dots are the predictions made for 
these wells by TDIRM using the data (production data and well logs) from the other 135 wells. The TDIRM predictions were 
made at 3, 6, 9, 12, and 60 months of production. Almost in all cases the predictions made by TDIRM are accurate.  
 

 
Figure 6. TDIRM’s predictions versus the actual (modeled) production profile for four of the 15 wells used as blind test to verify the 

TDIRM’s predictive capabilities. 

 
Figure 7. Error statistics for TDIRM production prediction. 

To better analyze the accuracy of TDIRM predictions, all the predictions from TDIRM was tabulated and analyzed. Figure 7 
provides statistics of TDIRM’s predictions throughout this analysis. This figure shows that the range of TDIRM production 
prediction error is between -17% and +14%. Furthermore, the statistical analysis of the error show that about 75% of the 
predictions made by TDIRM is within ±10% of the actual values and 36% of the predictions is within ±5% of the productions 
from the reservoir simulator. 
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Model #2, Estimating Remaining Reserves 
The model used to investigate the capabilities of TDIRM technology in estimating the remaining reserves is similar to the 
previous model as far as the range of the reservoir characteristics and the number of wells are concerned. There are two major 
differences between models #1 and #2. First, although the ranges of the reservoir characteristics are the same as shown in 
Table 2, the reservoir properties distribution are quite different between the two models. The reservoir properties distribution 
for model #2 is shown in Figure 8 and can be compared to that of model 1 that is shown in Figure 4. Furthermore, the initial 
reservoir pressure in the model #2 is 4,500 psi that is larger than the initial pressure of model #1. These changes were made in 
order to investigate the robustness of the TDIRM in making predictions and to evaluate its performance under different 
reservoir conditions. 
 

 
Figure 8. Permeability, Porosity, formation tops and thickness distribution that was used in model #2. 

Table 2. Reservoir Characteristics used in model #2. 
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Similar to the previous model a total of 150 irregularly spaced wells were drilled in this reservoir but this time only produced 
for 8 years. To test the capabilities of TDIRM in estimating the remaining reserves as an important inducator for identification 
of infill locations, remaining reserves distribution was mapped (generated) by the TDIRM at two different times (after one and 
eight years of production).   
 

 
Figure 9. Map of remaining reserves from TDIRM (left) compared to reservoir pressure distribution generated by the commercial simulator, 

both after one year of production by the 150 wells. 

 

 
Figure 10. Map of remaining reserves from TDIRM (left) compared to reservoir pressure distribution generated by the commercial 

simulator, both after eight years of production by the 150 wells. 

To investigate the validity of the remaining reserves distributions generated by the TDIRM, similar maps needed to be 
generated in the reservoir simulator for comparison purposes. It was concluded that to generate similar maps some calculations 
needed to be performed at the grid block level in the reservoir simulation model. Since such functions were not readily 
available in the simulator (or we were not say enough in using all available functions in the reservoir simulator) and it had to 
be formulated, to avoid any potential miscalculation or misinterpretation, it was decided to use a readily available function 
such as pressure distribution as a valid indicator of a similar property such as remaining reserve. Given the fact that the 
recovery factor is embeded in the formulation that is used to calculate and map the remaining reserves in TDIRM, reservoir 
pressure at a given time seemed to be an appropriate measure for comparison between the remaining reserves generated by the 
TDIRM and the appropriate infill locations in the reservoir simulator model.  
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Figure 9 and Figure 10 show the comparison between remaining reserves mapped by TDIRM and the reservoir pressure 
distriution generated by the reservoir simulator after one and eight years of production. In these figures the analyses generated 
by TDIRM are shown on the left. The pressure distribution in the reservoir generated by the commercial reservoir simulator 
are shown on the right in each figure. The “TDIRM Analysis” that are shown at the bottom of each figure indicates the average 
value of remaining reserves in each of the RRQI (Relative Reservoir Quality Index) segments. As mentioned before these 
number are to be viewed as qualitative indicators rather than quantitavily accurate.  
 
In both figures, the TDIRM analysis indicates no RRQI(1). In Figure 9 the RRQI(2) has a value of 160 Mbbls followed by 
RRQIs(3) thruogh 5 with average values ranging from 80 to 9 Mbbls after one year of production. After eight years of 
production, as shown in Figure 10, these values changes slightly but the trend (in both cases) are consistent (lower RRQIs 
having larger value). In both cases figures show that TDIRM analyses have captured the overall trend of the remaining 
reserves in the field and can serve as guide for identifying infill locations (especially when aggregated with other TDIRM 
predictions and analyses). Once again it is important to note that TDIRM analysis was performed only with production rate 
data and well logs (porosity, thickness, and saturation) and no pressure data was furnished to the TDIRM for this analysis. 
 
Model #3, Estimating the Location of Gas Cap Development 
In the previous two models the reservoir was producing above the bubble point. In this model that is quite different from the 
previous two models, the reservoir is produced below the bubble point in order to allow the formation of gas cap in the 
reservoir. The objective here is to see if TDIRM analysis can help identify the locations in the reservoir where gas cap is 
formed. TDIRM’s attempt in accomplishing this task is based on two sets of analyses.  First, an “intelligent” decline curve 
analysis is performed (where negative decline in GOR as a function of time is modeled adaptively) and the predictions is made 
on each well’s GOR based on the negative decline analysis. Second, Fuzzy Pattern Recognition is used to identify the patterns 
in the reservoir where GOR may propagate based on the production pattern of the wells in the reservoir.  
 
Ranges of the reservoir characteristics used in this model are shown in Table 3. The reservoir properties distribution for this 
model (model #3) is shown in Figure 11 and can be compared to that of models 1 and 2 that were shown in Figure 4 and 
Figure 8, respectively. Initial reservoir pressure in this model  is 2,500 psi while the bottom hole pressure for the 345 wells 
producing from this reservoir is kept at 300 psi. Furthermore, the bubble point is set at 1000 psi.  
 

 
Figure 11. Permeability, Porosity, formation tops and thickness distribution that was used in model #3. 
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Table 3. Reservoir Characteristics used in model #3. 

 
 

 
Figure 12. Gas cap analysis by TDIRM and comparison with the reservoir simulator. The gas cap formation is shown after 5 years of 

production. The delineation lines identified by the TDIRM analysis are projected on gas saturation distribution from the simulator. 

To perform this analysis the reservoir was produced for five years. Oil and gas production from all the 345 wells were 
imported into TDIRM. GOR profiles were calculated and modeled using an “intelligent” decline curve analysis technique that 
can model, analyze and make predictions based on negative declines. Fuzzy pattern recognition was used in order to map the 
GOR in the field. Reservoir was delineated in order to identify the pattern of gas saturations in the reservoir. Figure 12 shows 
the result of this analysis. The figure on the left shows the TDIRM analysis and delineation while the figure on the right shows 
the gas saturation distribution after 5 years of production from the commercial reservoir simulator. In the TDIRM analysis the 
darker colored areas indicate the location identified with highest probability of gas cap presence in this reservoir. Similarly the 
lightest colored areas are the locations in the reservoir where no gas cap is being formed. Comparing the TDIRM’s analysis 
and predictions and comparing to the reservoir simulation output of gas saturation after five years of production indicates that 
TDIRM’s prediction are reasonably accurate. This is important to note, since TDIRM has only used production rate data in 
order to perform its analysis. 
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Conclusions 
In this article it was demonstrated that Top-Down, Intelligent Reservoir Modeling (TDIRM) can provide reasonably accurate 
results when it is being used to analyze oil producing reservoirs. TDIRM integrates classic reservoir engineering analysis with 
Artificial Intelligence and Data Mining (AI&DM) techniques such as artificial neural networks, fuzzy set theory, and genetic 
optimization in order to build reservoir models. In this article it was demonstrated that TDIRM can predict production profiles 
of new wells based on the production performance and well logs of offset wells, with good accuracy. Furthermore, it was 
demonstrated that TDIRM can be used as a tool to locate remaining reserves in the reservoir and to identify the presence of gas 
cap. It is important to note that TDIRM is capable of performing these tasks while only using production rate and well log 
data. It was also mentioned that some results from the TDIRM (especially those from Fuzzy Pattern Recognition) are 
qualitative in nature and should be used accordingly. 
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