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Abstract - This project focuses on creating a tool for the 

systematic and robust referencing of reservoir 

analogues. Its purpose is to rank and evaluate reservoirs 

based on a set of key geologic parameters and give an 

estimate of their expected recovery (fraction of 

hydrocarbon in place that can be extracted from the 

reservoir). It is meant to be used by investors and 

decision makers who need to evaluate their portfolio and 

take rapid decisions on investment allocations. We 

explore different supervised and unsupervised learning 

techniques to compare the performances of data driven 

approaches with a standard correlation used in the 

industry. The results show a three-fold improvement 

compared to classical, state-of-the-art methods. 

 

 

Index Terms – Oil and Gas, Reservoir, Analogue, Recovery, 

Predictions, Uncertainty, Machine Learning, AI 

INTRODUCTION 

A prevalent problem in the oil and gas industry is the lack of 

a recognized development planning model that incorporates 

reservoir properties to facilitate robust capital investment 

decisions. The development of an oilfield is a lengthy 

industrial process that mobilizes large amounts of capital 

investments and operator efforts. Uncertainty is at the core 

of this industry as the characterization of the subsurface 

where the hydrocarbon is trapped relies on analysis of 

scarce data and experts’ interpretation. To mitigate such 

risks, large integrated energy companies have adopted 

models for field development planning. These workflows 

vary in length and involve different geoscience and 

engineering experts depending on the amount of data and 

level of precision required.  Figure 1 shows the full cycle 

workflow used for decision making. The inputs to all 

geoscience workflows are a set of attributes (porosity, 

permeability, structure, fluid properties) under the form 

of referenced tables. Due to inherent uncertainties and time 

constraints, experts very often resort to analogues for 

decision-making. An analogue is a reservoir that displays 

similar properties to the reservoir under study and has (in 

general) reached a more mature stage of development. The 

selection of an analogue development upon which to base 

major capital investment decisions is typically based on a 

collection of individual experiences that are subject to high 

bias. We propose to enhance the process by introducing a 

data-oriented approach. We use a collection of regression 

(linear and non-linear, neural network) and clustering (k-

means) to predict the potential recovery of a reservoir based 

on its geological features. 

 

 
Figure 1: Reservoir characterization and decision 

workflow in a typical asset operator 

 

RELATED WORK 

The purpose of this tool is to estimate the potential recovery 

of a reservoir based on a set of geological features. Similarly 

to the approach used for estimating house prices, we capture 

features that could influence the outcome and fit a model to 

the data. This model is used as a recovery potential 

indicator. The challenge is that the features that influence 

recovery can be expressed differently depending on the 

reservoir and the scale we consider. Various properties of 

fluids in place (density, viscosity, solubility, formation 

volume factor), properties of the rock (porosity, 

permeability, stiffness, brittleness), or of the fractures that 

can form inherently or as a result of exploitation can have an 

equal impact on recovery. (Dake, 1978) provides a 
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comprehensive review of reservoir engineering techniques 

used to make predictions. Although each reservoir has a 

unique set of challenges and complexities, attempts have 

been made to capture the key recovery drivers within each 

prospect, for both clastic and carbonate lithologies. (H. 

Martin Rodriguez, 2013) focuses on the clustering of 

reservoirs based on petro-properties such as porosity, 

permeability, lithology but does not address the 

performance.  (G.S. Bromhal, 2014) addresses the use of 

reduced order models (surrogate and response surfaces) to 

quantify the risk associated with a carbon sequestration 

project using reservoir simulation to generate training 

inputs. Results show good predictability within the training 

space but limited predictability outside. This problem 

remains the major drawback of data driven approaches to 

flow in porous media. The complexity and coupling of 

various physics and scales make the system nonlinear and 

difficult to mimic other than with a robust physics based 

forward model. More recently, the development of 

unconventional hydrocarbons (mostly shale based) created a 

pull for the use of data driven approaches as the volume of 

data has drastically increased and the physics of these 

reservoirs are still not well understood.  (Mohaghegh, 2016) 

focuses on the prediction of wells productivity in the 

Marcellus basin as a function of the “quality” of the 

reservoirs where they are completed. The paper introduces 

intermediary variables that are derived from the primary 

inputs and help improve the performances of the model. 

Other attempts mostly focus on enhanced oil recovery 

(EOR) techniques screening based on geological features.  

(Jaime Moreno, 2014) runs a review of all existing data 

driven approaches for the evaluation of the best EOR 

techniques to apply to a Portfolio of fields.  

DATASET AND FEATURES 

Data in the oil and gas is abundant within companies 

(especially operators) but not easily shared. Regulatory 

agencies such as the Texas Railroad Commission1, the Gulf 

of Mexico Bureau of Safety and Environmental 

Enforcement2, or the Division of Oil, Gas and Geothermal 

from the Department of Conservation in California3 

maintain public databases that can be downloaded freely. 

Typical databases are formed of tables aggregated at a well 

level and usually display different attributes depending on 

the measurements that were performed at the specific well at 

a specific date (well test, well log, core, flow test, pressure 

test). Private companies like IHS-Markit or Drilling Info 

specialize in acquiring and referencing publicly available 

and private data and sell subscription rights for a fee. Others 

like G&G Reservoir or Wood McKenzie provide a 

consulting service based on the interpretation and synthesis 

of the data. These services are typically priced following a 

subscription model. Discussions were initiated with various 

companies about a potential collaboration, but we were 

                                                           
1 http://www.rrc.state.tx.us 
2 https://www.data.bsee.gov/Main/GandG.aspx#ascii 
3 http://www.conservation.ca.gov/dog 

unable to come to an agreement within the timeline of this 

project. The application remains valid and when the 

conclusions of the study were presented, major actors in the 

industry expressed their interest in providing more data to 

further test the approach. We review this in the results 

section. In this study, we used a dataset composed of public 

data (TRC and BCEE) and private data collected during 

prior industrial experiences. This work focuses on a dataset 

of producing fields around the world analyzed and quality-

checked over the first part of this project. Through cross 

referencing, we were able to extract comprehensive 

materials for nearly 400 reservoirs that span a wide range of 

properties and characteristics (onshore, offshore, carbonate, 

clastic, deep, shallow). We collected properties and 

consolidated them into a set of reservoir parameters listed 

below: 

 Permeabilities 

 Viscosities 

 Thickness of the hydrocarbon bearing zone 

 Depth of the reservoir 

 Lithology (Carbonate, Clastic,…) 

 Depositional Environment (Channel, sands) 

 Presence of faults 

 Fracture density 

 Net to Gross ratio 

 

While referencing and quality checking the data, we ensured 

that the parameters we picked were independent from each 

other. Figure 2 shows a correlation plot between seven of 

the most important identified parameters. The correlation 

values rarely exceed 0.3 and are in most cases incidental. A 

classical approach consists in using analytical models that 

combine these parameters to predict the overall quality of 

the prospect.  

 
Figure 2: Correlation plot between identified features 

 

 

The first task is to create a set of “macro-features” that 

capture the primary geologic complexities that drive 

recovery efficiency and link them to the data coming from 

fields where the ultimate recovery is known. The primary 

inputs are combined to derive a set of indices referred to as 

compartmentalization, transmissibility and intrinsic energy 

of the reservoir.  
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Reservoirs that are highly compartmentalized or are 

discontinuous, vertically or laterally, often exhibit lower 

recovery efficiency. The transmissibility index accounts for 

reservoir thickness, net-to-gross, permeability, and fluid 

viscosity; high transmissibility correlates with high recovery 

efficiency. Shallow reservoirs also generally exhibit higher 

recovery efficiency than deeper reservoirs, due to the 

increased time and cost required to drill with increased 

depth (hence the ultimate spacing that can be attained), and 

the time and cost required to monitor and intervene in the 

reservoir. There are other more geologic factors that are 

affected by increasing depth including reduced porosity 

from compaction and diagenesis and the increasing 

probability of reservoir over-pressure. The output for each 

reservoir is the recovery factor realized or planned 

according to the reserves reported and most current field 

development plan. 

 

METHODS 

I. Linear and non-linear regressions 

We normalize the data and create a model that separates the 

“micro-features” into three different categories. Next, we 

establish correlations between these macro features and the 

ultimate recovery of the reservoir. We are careful to ensure 

that they fit the data and make empirical sense (this step is 

similar to the house price correlation with a quadratic pick). 

We choose a combination of logarithms as it follows the 

observed trend of the data and agrees with the 

log/exponential nature of petroleum physical quantities 

(Dake, 1978) (production decline, log distribution of 

permeability, exponential decay, infinite acting steady state 

flow, Formation volume factors, viscosity vs pressure, etc.). 

These correlations are used in the industry and are very 

often proprietary to the companies that invented them4. We 

present general forms: 

 Compartmentalization 

        (1) 

 Intrinsic Energy 

            (2) 
 Mobility 

                              (3) 

These analytical models represent a good baseline for the 

overall performance as they are widely used and fit the same 

purpose we are trying to achieve with our approach. The 

objective function we select is the sum of least absolute 

error between correlations and actual data. We measure this 

error within a certain margin (or bandwidth) around the 

original curve. This allows to account for technical and 

execution uncertainties. The error L is defined as: 

                                                           
4 Patent: Identifying field development opportunities for increasing 

recovery efficiency of petroleum reservoirs #US 20130110571 A1 

                 (4) 

 
Where µi is the marginal weight that is null within the 

allowed margin defined by δ and equal to 1 outside. We 

match a simple linear combination of logs to part of the 

dataset using fminsearch. We train the model on 75% of 

the data. The match we get for one realization is not optimal 

(Figure 3, top). We then apply the prescribed industry 

correlation without any training and get a better fit (Figure 

3, bottom). The respective average errors for a model with 

+-10% margin are 22 and 16. 

 

 
Figure 3: Fits obtained for least square regression of 

logarithms models (top) and industry standard (bottom) 

 

We observe the variation in training and testing error as the 

number of training entries increases. Figure 4 shows the 

evolution of the two quantities. We note that the training 

error converges with the testing error around 50 training 

examples.  
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Figure 4: Training and testing error for regression 

model 

 

This gives us an indication on the minimum number of 

reservoirs to train for this model to reach a peak variance. It 

also indicates that the models we use shows a high bias, 

stressing the need to explore other regression techniques. 

II. Neural Network regression 

A three layers neural network was implemented with 

various architectures (number of features and hidden 

neurons). The fitting algorithms used were Bayesian 

regression and Levenberg-Marquardt. The models were 

trained on 70% of the data. 15% of the data were used on 

the dev set and another 15% for testing. Sensitivity analysis 

showed that increasing the number of features and hidden 

neurons generally improved the performance of the model 

without much trade-off on speed. Figure 5 shows a 

performance matrix for the errors of networks trained using 

various numbers of features and hidden neurons. We see an 

improvement when these two get larger. 

 
Figure 5: Performance matrix representing the impact 

of number of features and hidden neurons on the NN 

models’ accuracy 

We also observe a leap in accuracy for models with 3 

features or more. We chose features that were de-correlated 

but did run the model on a large number of arbitrary features 

and hidden layers. Results are shown in the next section. 

III. Unsupervised Learning 

The evolution of the training vs testing error of the 

regression test (Figure 4) indicates that subsets of the data 

can be used to train different models. The fact that 50 

reservoirs are “enough” to train the model means we can 

afford to separate the set in 2-3 clusters. We apply k-means 

clustering to the data and separate it into 3 sub-groups. 

Figure 6 shows the result of a k-means clustering using the 

three macro features presented in Figure 2 coupled with 

three Neural Network models. 

 
Figure 6: Clustering of data based on the macro 

parameters, Compartmentalization, Mobility and 

Energy Index of the reservoir 

 

Different entries were used for the clustering but we found 

that the dataset size constrains to keep the dimensionality of 

the problem low. We choose the indices of 

Compartmentalization, Mobility and Energy to do so as they 

offer a reduced representation of the feature space. The 

three models are then combined by simple summation. The 

resulting accuracy exceeds the one obtained for all single 

models. Figure 7 shows the model along with the data it 

matches. 

 
Figure 7: Regression model based on combined neural 

nets on three clusters 

 

The model shows an average error of 7.2 which is over a 

three-fold reduction compared to our first non-linear 

regression. It captures the non-linearities in the data more 

accurately. It also shows varying trends depending on the 

reservoir potential index with a steep incline for the 
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reservoirs that display exceptionally good quality. This 

conclusion falls in line with what is expected from our 

observation of such fields5 that reach extreme recovery 

based on slight variations in their geology. 

RESULTS 

We compute and compare the error function presented in 

Eq.4 with a +/-10% margin.  Neural nets alone show a two-

fold reduction in error (11% vs 22%). We then show 

additional improvement with the combination of Neural 

Networks within each cluster. Our clustered neural net 

model achieves a three-fold reduction in error on average 

compared to a “basic” regression approach (7% vs 22%). 

All results are reported in Table 1 and Figure 8. 
 

TABLE I 

MODELS DESCRIPTION AND PERFORMANCES 

Model Description Error (margin 10%) 

Log Reg 

 
 

Analytical 

 
Neural Network 

 

 
 

Clustered NN 

 

Use of fminsearch function to 

minimize a linear combination of 
inputs 

Use of analytical models the 

correlate reservoir quality and 
recovery  

 

3 Layers Neural Net trained on 
70% on the dataset. Best Model 

trained on 9 features with 10 

hidden layers 
 

Three models trained on subset 

defined by k-means clustering. 
Combined model is a sum of the 

three best models 

22 

 
 

16 

 
 

 

 
11 

 

 
 

 

7.2 

 

Figure 8: Error comparison between regression 

methods. A margin of 10% was selected 

 

We run sensitivities with respect to the width of the margin. 

The idea is to have a model that behaves well under 

uncertainty (operations and geology). We ensure that the 

models accuracies remain consistent for different margin 

values. We see in Figure 9 that the clustered NN model 

remains superior no matter the margin value we use.  

                                                           
5 Belridge in San Joaquin Valley and Kern County, DOGGR annual report 

 

Figure 9: Evolution of average error with margin size 

for different regression models. 

CONCLUSIONS 

The study focused on the classification and ranking of 

analogue reservoirs purely based on geological features. 

The combination of unsupervised and supervised learning 

algorithms achieves a drastic improvement in accuracy of 

prediction compared to a “naïve” regression (average error 

divided by 3) and industry standards by a factor of 2. The 

simple Neural Network approach naturally highlights the 

dependencies between features and macro-parameters. 

Work to get additional data or augment the dataset using 

numerical simulation should follow and will help test other 

hypothesis (unconventional, green fields, gas fields).  

The next step should also focus on the realization of this 

potential recovery through the integration of the operational 

and financial aspects of a project. A similar approach based 

on the identification of “big hitters” can be extended. The 

coupling of these models will be a useful tool for a rapid 

screening of assets. 
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NOTES 

The Statistics and Machine Learning Toolbox of Matlab 

was used for the supervised and unsupervised learning 

algorithms of this project 


