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Abstract 

Predicting primary and infill well performance accurately is an industry focus with increasing development of unconventional 

shale plays. Traditionally, physics-based forecasting models require extensive time to generate predictions compared to the time 

to plan and implement multi-stack developments because they require extensive human resources and data. Other, more 

simplified methods, lack the ability to model well-to-well interference effects, either because they rely on empirical relationships 

or simplified analytical single-well models. This paper presents an alternative method to construct physics-based type well 

profiles using deep-learning models trained with pre-run reservoir simulator forecasts. This method improves on traditional 

approaches by delivering the accuracy of physics-based models in a timely manner. 

 

The paper presents five case histories in which we applied our methodology to leases in the Permian Basin. These case histories 

show fracture interference as indicated by neural networks history matches and they include forecasts of primary and future infill 

production associated with each lease. From several blind tests of predicted vs. actual production for these leases, we drew 

important conclusions regarding optimized infill spacing and overfill vs. underfill sequencing. We estimated the degradation in 

EUR for each scenario. The workflow resulted in realistic forecasts. 

 

This method is applicable to reserves estimation from early appraisal projects with little to no production to full-field 

development projects based on using ranges of physical parameters (PRMS p. 25). The method is also applicable in diagnosing 

production inefficiencies and developing remediation strategies rapidly to realize the EUR uplift from operational changes such 

as lowering effective FBHP. 

 

Introduction  

Current methods used in industry to forecast production can be placed into two categories: one focuses on speed and the other 

focuses on accuracy. Rapid methods typically lack physics fundamentals as a basis, e.g., the basic principles of flow though porous 

media and multi-phase flow, relying instead on empirically derived relationships. The assumptions required for these equations to 

hold true (Fetkovich et al. 1996) are often overlooked (impacting factors such as b-factor, Di, & qi), therefore invalidating results 

derived from their use in unconventional reservoirs. Those methods that seek to rapidly model fluid flow are typically data intensive 

and suffer from the same limitations of traditional empirical techniques such as DCA (Casey et al. 2021). Methods that provide 

enhanced accuracy require extensive reservoir characterization data and engineering time to conduct area-specific projects. These 

facts create the need for an alternative approach that fulfills requirement of both speed and accuracy.  

 

The patented method we propose is a physics-based approach to forecasting which makes use of production, reservoir, 

completion, and pressure data. It uses numerical-simulation-fed and trained neural networks models to history match primary-

well production data and find the “best fit” to historical data within specified ranges of parameters. Once we obtain a match for 

primary wells, we can then forecast infill well production by modifying reservoir and stimulated rock volume (SRV) 

characteristics starting from primary wells’ ranges of parameters and then adjusting the values based on existing depletion. 

 

Neural networks models can create deep-learning algorithms, which in turn can predict the production profiles for a specific 

wellsite. Machine learning is a mathematical approach to forecasting using massive amounts of data to “teach” algorithms 

predictable outcomes based on given parameters. Deep learning/neural networks models in some applications are limited by the 

data that is available for training the models. For example, if a wellsite has been active for only six months, then the training set 

for “teaching” the neural network is limited to six months of data. Teaching the models from simulation results which are pre-

run for 30 years along with full parametrization capabilities from multi-stack models minimizes uncertainties and improves the 

accuracy of predictive reservoir engineering workflow. 
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A problem that operators face when producing unconventional reservoirs is that infill wells often underperform compared to 

primary wells, especially when downspacing (Grover et al. 2017). Fig. 1 illustrates this; it presents the production profile of a 

primary well and two infill wells. Time has been normalized to the start of production for each well in the figure, but the primary 

well actually began to produce two years prior to the infill wells. The infill wells began to produce one month apart.  

 

 
Fig. 1 – The cumulative production of the primary well and two infill wells in the Southern Delaware Basin, TX. This figure 

shows that the two infill wells are underperforming compared to the primary well. The timing of start of production from the 

wells has been normalized. 

 

This underperformance of infill wells is a major problem in practice and a major focus of our study. We examined causes of 

underperformance and how to predict performance when wells interfere with one another. To assist in this study, we defined a 

factor to quantify well-to-well interference called Fracture-Driven Interaction (FDI). Fig. 2 shows the overlap in SRV which 

leads to interference between two wells (grey rectangle), and when we include fracture height (hf) we can calculate the volume 

of FDI.  

 

 
Fig. 2 – Visual representation of fracture interference between two wells, I1 & I2. 

FDI is calculated using Eq. 1. 

 

𝐹𝐷𝐼 =
(𝑥𝑓−𝐻𝑎𝑙𝑓𝑊𝑒𝑙𝑙𝑆𝑝𝑎𝑐𝑖𝑛𝑔)∗2∗ℎ𝑓∗𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑆𝑝𝑎𝑐𝑖𝑛𝑔∗(𝑇𝑜𝑡𝑎𝑙𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑠−1)

43,560
 …………………. (1)   

     
where 

 xf = fracture half-length, ft 

 hf = fracture height, ft 

 ClusterSpacing = perforation spacing, ft 

 HalfWellSpacing = half distance between two wells, ft 

 TotalClusters= Length of lateral (ft) / perforation spacing, ft 

 FDI = fracture-driven interaction, acre-ft 

 

In Eq. 1, we assume that all fracture parameters above are the same in both wells.  
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The workflow we use to predict oil and gas production includes applying neural networks models to pre-run numerical 

simulations to evaluate reservoir performance. The method consists broadly of four major steps: 

 

Build base numerical models and run simulations to generate physics-based type well profiles 

The first step involves classical reservoir engineering to build full-field numerical simulation models. These single- or multiple- 

well models were history matched and calibrated with actual field data to derive certain key reservoir inputs (which are hidden 

from field data without laboratory measurements) such as compaction tables and relative permeability tables. These simulation 

models were built for the entire lateral length and matched with historical data to avoid discrepancies when scaling a sector 

model to a full-field model. In multi-well cases, interference factors throughout the entire wellbore are much more severe than 

within a sector model. As a result, the physics-based type well profiles (TWPs) were generated using full lateral models while 

varying drawdown, reservoir, SRV, spacing and timing factors while creating hundreds of thousands of pre-run simulations. The 

models are run using bottom-hole pressure (BHP) control that provides a non-biased approach to TWP generation. 

 

Process the physics-based type well profiles and calculate input features for neural networks models 

After exporting the simulated production and parameter tables from the simulators into a database using a set of Python codes, 

new input features are calculated as a post-processed set of parameters. The four subsets of new input features which will be 

combined with traditional reservoir simulation outputs to train the neural networks models are interference factors, neighboring 

well quantities, neighboring well spacing and neighboring well timing. These combined parameters will then line up in a one-

line table with 30 years simulated outputs that will be used to train the neural networks models. 

 

Build, test and validate neural networks models and select optimal models 

To build a neural networks model, we used Python programing language and Keras. Hypothetical parameters or hyperparameters 

are tuned to train a sequential model to build an optimal model. The training parameters are imported as an input layer which 

has up to twenty-seven nodes and twenty to fifty input features. An output layer has up to 360 nodes that represent 360 months 

of EUR. The hidden layers are designed to find the optimal numbers of nodes in layer. In some embodiments, other parameters 

are tuned for training purposes. They are optimizer functions, activation functions, learning rates, dropout rates, and 

regularization. 

 

After building a sequential model, a dataset is then adapted to fit the sequential model. In adapting the dataset to fit the sequential 

model, cross-validation is performed for every tuning (Belyadi and Haghighat 2021a). K-fold cross-validation refers to 

evaluating a model by using a limited sample to determine how the model is expected to perform in general. Different 

combinations of parameters are adapted to fit the model, and the model can be trained multiple times. For example, if a model 

is trained ten times (K=10), the data will be split 10 times into a training data set, validation data set, and test data set. Using 

training data, the model undergoes k-fold cross-validation, then is tested for accuracy by using test data. Ninety percent of the 

data that was adapted to fit the model is training data. The remaining ten percent of the data is test data. After fitting a dataset, a 

final neural networks model with the lowest possible average-validation loss is generated. The neural networks model is saved 

and ready to be used. 

 

Apply neural networks models to blind test new production, history match existing wells, generate physics-based type well 

profiles for future infill wells with various development scenarios and construct EUR degradation curves as functions of well 

count, spacing, and timing 

Within the trained neural networks models, a certain set of reservoir, drawdown, SRV, spacing, timing and FDI parameters can 

be assigned to individual wells to blind test and history match. The blind test process includes comparing probabilistic TWPs 

generated from neural networks models with actual production for a well or a group of wells. The parameter ranges then can be 

adjusted to reflect actual well performance outcomes. Once optimized ranges are achieved, history matching can be performed 

to determine a set of parameters that can be used to assign to the primary wells. Once the primary well parameters are set, infill 

wells parameters ranges can also be assigned to evaluate and determine optimized development scenarios. Infill well EURs and 

TWPs can be derived as a result of this workflow with high degree of confidence. 
 

Details of Methodology 

Details of the individual steps in our methodology follow. 

 

Step 1: Build base numerical models and run simulations to generate physics-based type well profiles 

The foundation of our method is to feed neural networks models with pre-run simulated type-well production profiles which are 

fully characterized in the simulators to avoid noise and uncertainty in actual production curves. The physics-based TWPs are 

pre-run for 30 years which allow the neural networks to generate long-term EURs based on specific sets of reservoir and 

completion parameters and which minimize uncertainties associated with development planning and reserves booking. In this 

paper, the neural networks models became fully functioned with training using hundreds of thousands of simulated cases with 

several key components. Eight key reservoir simulation components are required to build high-quality neural networks models: 

 

1. Full wellbore models (1, 1.5, and 2+ miles) to capture correct FDI levels, not possible with sector models 

2. PVT data (measured in the laboratory and matched using equations of state, or using standard simulator fluid library) 
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3. Relative permeability and compaction tables (from history matches of single-well performance with generic algorithms, 

which we consider more reliable than laboratory measurements) 

4. Single-porosity vs dual-porosity models (data for natural fracture spacing and permeability required) 

5. Pressure ranges and drawdown histories from which to derive appropriate pressure-control models 

6. Vertical and lateral interference levels and their relationship to gross thickness 

7. Porosity, matrix permeability, Swi, thickness, SRV, proppant loading ranges, water production (to tweak kv/kh ratio), 

hydraulic fracture permeability and fracture Swi values  

8. Spacing patterns (Permian: 1 to 5+ stacks and single well models) to capture FDI, spacing, timing, and neighboring quantity 

features 

 

The first step of our method is to build base simulation models with common lateral length values such as one, one and one-half, 

and two miles.  

 

The base simulation library includes multiple base models from single wells to fifteen-well models varying in spacing and stacking 

configurations. Figs. 3 and 4 are well spacing diagrams for a 100 ft x 10 ft x 20 ft single-porosity model that consists of three wells. 

 

 
Fig. 3 – Visual representation of gun-barrel view base model for a three-well single-porosity model 

 

 
Fig. 4 – Visual representation top view showing the entire 2-mile lateral modeled for three wells 

 

Quality data input is key to building robust base simulation models. For example, Figs. 5 and 6 are equation of state (EOS) matches 

of a Delaware Basin Wolfcamp B well for which fluid characteristics are described properly in the simulator. 
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Fig. 5 – EOS-matching results for constant-volume expansion experiment for Wolfcamp B wells in Delaware Basin 

 

 
Fig. 2 – EOS-matching result for differential liberation experiment for Wolfcamp B wells in Delaware Basin 

 
Constructing relative-permeability curves and pressure-dependent permeability (compaction) tables are challenging for 

unconventional reservoirs. Our methodology includes a genetic algorithm that uses JavaScript to derive endpoints for constructing 

relative permeability and compaction tables. Fig. 7 shows how the genetic algorithm was set up to minimize errors in the model’s 

production and actual production errors by narrowing the ranges for relative permeability and compaction tables. 
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Fig. 7 – Genetic algorithm method to construct compaction and relative permeability tables using industry history match process. 

 

To build the base models for Permian Basin, both single-porosity and dual-porosity approaches were tested. Within the dual- 

porosity model, natural-fracture spacing and permeability values were assumed in certain ranges and calibrated with actual field 

data. We found that the dual-porosity models overestimated EURs when compared to field data. Also, the standard dual-

permeability model is usable to properly model extremely low permeability fractured shales (Rubin 2010) with properly measured 

core data which was extremely limited. As a result, we applied single-porosity models in our workflow, and they provided much 

more reasonable answers based on our engineering judgement and consistency throughout the process. 

 

To derive appropriate pressure drawdown profiles for the models, certain BHP data were calculated and measured for the Permian 

Basin. Most of the gas-lift wells’ BHPs were calculated using nodal analysis while, ESP wells have pump intake pressures with 

which to estimate actual BHP. Certain pressure drawdown-curve slopes were estimated based on these data. Another JavaScript 

was then written to allow the physics-based TWPs to be generated based on pressure control. 

 

The major step in the model building process is estimating reservoir and SRV parameters which can be challenging when certain 

data is not available. Our workflow requires only minimal input data, notably minimum and maximum value ranges. As a result, 

certain key parameters such as fracture half-length can be placed within a wide range of values if no data is available to select a 

smaller range. Matrix porosity and water saturation can be estimated from either available core or log data; however, large ranges 

can also be placed on these parameters for the neural networks to function properly. Some hidden parameters which can be 

engineered while generating the physics-based TWPs include kv/kh ratio, hydraulic-fracture permeability and hydraulic-fracture 

water saturation to match fracture-water flowback, GOR behavior, etc. 

 

Step 2: Process the physics-based type well profiles and calculate input features for neural network models 

Generating physics-based TWPs requires effort to adjust parameters until desired outcomes are achieved, and it also takes time to 

complete 30-45 year simulations with monthly time steps, depending on the size and complexity of the base models. Figs. 8, 9, and 

10 show physics-based type-well profiles for a condensate infill well, completed 5 years after the primary wells began to produce 

with certain pressure-drawdown profiles. 

 
Fig. 8- Physics-based oil type-well profiles generated from a set of simulation runs, with infilling after 5 years 
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Fig. 9- Physics-based gas type-well profiles from a set of simulation runs, with infilling after 5 years 

 

 
Fig. 10- BHP control using JavaScript, used to generate physics-based type-well profiles 

 

Quantifying all the physical parameters while generating physics based TWPs resulted in a new set of parameters which provide 

deep insight into well-interference forecasting. These new parameters include interference factors, neighbor-well characteristics 

and timing and spacing features. They are assembled with traditional simulation outputs to define combined features for neural 

networks models. Fig. 11 displays all these input features that we use to train neural networks models. 

 

 
Fig. 3 – All input features used for neural networks model training 
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Step 3: Build, test and validate neural networks models and select optimal models 

Our current methodology uses the programming language Python 3.7 with some common libraries such as TensorFlow and 

Keras.  

 

Step 3.1: Set up Keras sequential model builder with Keras-tuner. 

Keras functional API provides an option to define neural networks layers in a flexible way. Multiple outputs can be created in a 

single model; this allows us to minimize the number of models and improve code quality. 

 

This workflow provides oil, gas, and water cumulative production profiles: 360 values for 360-month or 30-year time-series 

profiles which contain 1080 total output values. To reduce time training and to manage data, we created three separate models 

for each production stream. 

 

Step 3.2: Split and scale data with K-fold cross validation (Belyadi and Haghighat 2021a) 

Step 3.3: Fit data: combine steps 3.1 and3.2 

Step 3.4: Finalize the model (Beyladi and Haghighat 2021b) 

 

Models will likely perform better with trained simulated datasets than with only the subset used to estimate the performance of 

the model. Therefore, we discard the cross-validation models or the train-test datasets. Fig. 12 illustrates the process of building 

a model. 
 

 
Fig. 12- Neural networks model building process 

 

Step 4: Apply neural networks models to blind-test new production, history-match existing wells, generate physics-based type 

well profiles for future infill wells with various development scenarios and construct EUR degradation curves as functions of 

well count, spacing, and timing 

 

To apply neural networks models in an area of interest, certain parameter ranges are assigned to individual wells in a gun-barrel 

view. The deep learning models will then generate probability distributions of type-well profiles based on the requested number 

of iterations. After the probabilistic type-well profiles are validated with actual well production, well production history matches 

can be performed to generate SRV overlap and depletion maps. Fig. 13 shows an example of SRV overlap for a set of primary 

wells before a set of four infill wells are drilled and completed afterwards.  
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Fig. 13- Example of SRV overlap for a set of primary wells in Midland Basin before infill drilling was performed 

 

Based on this map, appropriate fracture half-length and height will be assigned to each infill well for neural networks models to 

generate their type-well profiles. This process can be then documented for reserves-booking purposes and tracking with actual 

production once the infill wells are put on production. After completing the infill wells, post-drill type-well profiles can be re-

evaluated to check the quality of engineering assumptions which can then be optimized for the next round of infill well 

predictions. 

 

Case Studies from the Permian Basin 

We conducted case studies based on five leases in the Permian Basin. The first study aims to optimize infill of undeveloped 

benches following primary infill of the Wolfcamp A&B and the Lower Spraberry Shale benches. The second study aims to 

demonstrate the ability of the neural networks models to determine the interference in a large development and to optimize a 

new infill program. The third and fourth studies both aim to optimize infill scenarios between two primary infill targets by 

determining the optimal spacing and by evaluating concurrent vs. sequential development timing. Finally, the fifth and final 

study aims to determine the optimal step-out spacing in a single target conventional development and to determine the impact 

of development timing on EUR. Through each case study, timing of infills, spacing of infills, and comparison of sequential vs. 

concurrent infills were tested by using the neural networks models. 

 

To begin, we input public monthly production data for each lease into the neural networks models. This allowed us to history 

match performance, ensuring that the ranges of parameters chosen for subsequent steps closely replicated the behavior of the 

reservoir. Gun-barrel views were then generated to allow us to calculate FDI factors based on input stimulated rock volumes 

(fracture half length, fracture height, and lateral length). This factor is instrumental in quantifying the well-to-well interference 

experienced between two or more wells and the subsequent impact of that interference on EUR. The production data was then 

history matched as applicable using a selected range of parameters from available publications, petrophysical analyses, and 

available offset data from the areas.  

 

Case 1: Optimizing Infill of Middle Spraberry following Primary and Secondary Infill of Lower Spraberry, Wolfcamp 

A, and Wolfcamp B in Martin County, Texas 

The first case study was conducted to determine the effects of delaying infilling the Middle Spraberry (MS) following the primary 

infill of the Wolfcamp A&B (WCA/WCB) and secondary infill of the Lower Spraberry Shale (LSSH), and to evaluate the impact 

of spacing within the Middle Spraberry (MS).  

 

 
Fig. 14 – Gun barrel diagram of lease as produced currently.  
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Having determined a range of parameter values for the Lower Spraberry, Wolfcamp A and B, presented in Table 1, a blind test 

was conducted to determine the accuracy of this method vs. decline curve analysis (DCA). The P50 type-well profiles generated 

with a neural networks model were then compared to the decline curve for each of the five wells’ actual production in the LSSH, 

with the exception of one well, as it only had one month of available production data at time the study was conducted. In 

aggregate, with a blind range of parameters, this method yielded results within 3% of the decline curve actual results as shown 

in Table 2.  

 

Reservoir Parameters 

Porosity (φ) 4% - 7% 

Permeability (k) 0.001 mD - 0.01 mD 

Initial Water Saturation (Swi) 60% - 70% 

Bubble Point Pressure (Pb) 2,200 - 2,500 psi 

Reservoir Pressure (Pi) 4,400 – 4,800 psi 

Completions Parameters 

Fracture Half Length (xf) 500 ft - 700 ft 

Fracture Height (hf) 130 ft – 230 ft 

Fracture Permeability (khf) 2,000 mD – 4,100 mD 

Fracture Water Saturation (Sw,hf) 70 % - 80% 

Table 1 – Input parameters used in neural networks model blind test of LSSH. 

 

Well DCA on actuals (MBO) Neural Networks P50 (MBO) Difference 

1 (1 mo of data) (1 mo of data) (1 mo of data) 

2 719 711 1% 

3 648 624 4% 

4 713 758 -6% 

5 749 825 10% 

Average 707.3 729.5 -3% 

Table 2 – Comparison of decline curve analysis of LSSH wells to neural networks model blind-test generated P50 EURs.  

 

Having history matched the WCA/WCB and the LSSH (following the conclusion of the blind test), a history match of a nearby 

offset MS pad was conducted to gather reservoir petrophysical characteristics to use in the study. After conducting this history 

match, the values were averaged, and a single value was then used in all future studies of the MS to ensure consistency and to 

allow calculation of EUR degradation as a function of well count/spacing.  

 

Using the one selected value, we added six MS wells which are evenly spaced and started twelve months after the infill of the 

LSSH. We then decreased the well count to five MS wells (spaced evenly at five wells/section) and again recorded the EUR. 

We repeated this process of decreasing the well count and recording the EUR of the MS down to two wells/section. Fig. 15 

shows the resulting EUR degradation. 

  

 
Fig. 15 – Average EUR/well vs. well count in Middle Spraberry for a Martin County lease from neural networks models.  

 

We then examined the two wells/section case that yielded highest EUR per well in the MS and delayed the infill by 12 months, 

36 months, and 60 months, and plotted the resulting EUR degradations of the MS, LSSH, WCA, and WCB, in Fig. 16.  
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Fig. 16 – Average EUR/well degradation vs. time as a result of delay of infill of Middle Spraberry from neural networks models.  

 

Case 2: Determining Interference Factors for twenty-three well Development and Optimizing Development Retroactively 

in Lea County, New Mexico 

 

We designed the second case study to quantify the effects of FDI in a multi-well development, and to examine the effect of 

downspacing on a large scale.  

 

 
Fig. 17 – Gun barrel diagram of lease as currently developed.  

 

The first step in this study was a blind forecast of the lease production. A range was selected from nearby offset operators and 

available publications and a pre-determined number of cases were run using the neural networks. The actual production was 

then aggregated into a single set of P10/P50/P90 curves and plotted against the same neural-networks-generated P10/P50/P90 

curves. At the end of available production history (time of 30 months), the actual P50 was 28% above the neural-networks P50 

curve. At the end of 360 months, the neural networks and actual P50 DCA curves were within 12.5% of each other, illustrating 

the capability of the neural networks model to forecast extensive well interference using only rough ranges of input parameters.  

 

 
Fig. 18 – Probabilistic type curves (P10/P50/P90) compared to P10/P50/P90 values of actual production.  

 

We then history matched several of the wells, validating the ranges of parameters against actual production history. We used a 

history-matched value from this range repeatedly throughout the remainder of the study to ensure consistency and to allow 

calculation of EUR degradation. Several alternate infill cases were then run using the neural networks, from four wells to eight 

wells per section in a two-tiered winerack configuration, and from twelve wells to twenty-five wells per section in a three-tiered 

winerack configuration to optimize the development of this lease as if it were undeveloped. After running these scenarios with 

neural networks models, average EUR per well was plotted vs. well count to construct a degradation curve as shown in Fig. 19. 
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Fig. 19- EUR vs. well count of Wolfcamp A in Lea County, New Mexico 

 

Also derived from these results were the values of the maximum FDI factors associated with each scenario. Table 3 shows FDI 

index associated with interference percentages. We see in Fig. 20, that, as the well count increases, fracture interference also 

increases.  

 
Interference % FDI Index 

1-20% 1 

21-40% 2 

41-60% 3 

61-80% 4 

81-100% 5 

**101-120%+ 6+ 

Table 3- FDI Index with Interference Percentages 

 

 
Fig. 20- Maximum calculated FDI factors vs. well count from optimization study. The “maximum value as drilled” lying above 

the trend line is due to historical non-uniform spacing and SRVs, in contrast to the uniform spacing used in evaluation to 

introduce consistency in EUR degradation calculations.  

 

This study indicates that neural networks models can be used to plan an infill program in an area where there are currently no 

wells, using an assumed range for reservoir parameters. The models have the ability to quickly quantify the interference 

associated with tighter spacing and allow operators to make more informed development decisions.  

 

Case 3: Optimization Study of Several Infill Scenarios in the 2nd & 3rd Bone Spring following Primary Development of 

Avalon & Wolfcamp A in Lea County, New Mexico 

 

We designed the third case study to determine the optimal sequencing and spacing for secondary infill wells between two 

previously-infilled target zones.  
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Fig. 21 – Gun barrel diagram of lease as currently developed.  

 

We began the study with a blind forecast of the secondary infill-well performance in the WCA to determine good preliminary 

of parameter estimates for the Avalon and WCA. Table 4 shows parameters that were used to conduct a successful blind test 

and Fig. 22 shows a quality blind match for one of the WCA wells. 

 

Reservoir Parameters 

Porosity (φ) 4% - 7% 

Permeability (k) 0.0001 mD - 0.01 mD 

Initial Water Saturation (Swi) 55% - 75% 

Bubble Point Pressure (Pb) 2,500 - 3,500 psi 

Reservoir Pressure (Pi) 6,500 – 8,000 psi 

Completions Parameters 

Fracture Half Length (xf) 300 ft - 1000 ft 

Fracture Height (hf) 330 ft – 600 ft 

Fracture Permeability (khf) 3,000 mD – 6,000 mD 

Fracture Water Saturation (Sw,hf) 62% - 80% 

Table 4 – Input parameters used in neural networks model blind test of WCA. 

 

 
Fig. 22 – Successful blind test for one Wolfcamp A infill well  

` 

We then history matched all existing producing wells using neural networks models. Table 5 shows the results of history match 

parameters for the fifteen wells in the gun barrel view from Fig. 21. 
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Well Formation Pi (psi) Pb (psi) k (μD) Φ Swi khf (mD) Lateral 

Length (ft) 

xf hf Sw, hf 

1 U. Avalon 5,743  2,683  8.28  8% 0.43 4,268  7,000  693  320  0.58 

2 U. Avalon 5,480  3,093  9.5  5% 0.58 4,727  7,000  605  440  0.49 

3 U. Avalon 4,920  3,125  2  9% 0.58 5,015  7,000  635  290  0.41 

4 U. Avalon 5,387  2,979  4.34  5% 0.41 3,544  7,000  240  360  0.43 

5 U. Avalon 6,450  2,574  9.33  5% 0.4 3,186  7,000  383  410  0.44 

6 U. Avalon 5,417  3,123  2.83  4% 0.52 4,029  7,000  656  240  0.68 

7 U. Avalon 5,593  2,952  5.77  6% 0.44 2,273  7,000  301  410  0.46 

8 U. Avalon 5,687  2,957  5.97  8% 0.41 4,296  7,000  642  350  0.74 

9 U. Avalon 5,987  2,662  8.08  4% 0.52 2,806  7,000  534  390  0.74 

10 L. Avalon 6,491  2,875  1.29  7% 0.54 2,355  7,000  493  270  0.62 

11 L. Avalon 5,781  2,883  5.51  5% 0.61 5,288  7,000  724  370  0.48 

12 L. Avalon 5,052  3,062  3.22  6% 0.62 2,689  7,000  557  550  0.86 

13 WCA 6,807  2,995  8.3  5% 0.56 3,786  7,000  357  380  0.62 

14 WCA 7,342  2,804  7.3  4% 0.6 2,041  7,000  358  280  0.75 

15 WCA 6,751  2,992  2.56  7% 0.63 3,094  7,000  273  440  0.68 

Table 5 – History Match parameters for Avalon and Wolfcamp A wells. 

 

To determine parameters for the 2nd and 3rd Bone Spring, several wells nearby from offset operators were history matched and 

adjusted consistent with known geology for this lease. From these history matches, we selected single set of parameters for the 

2nd and 3rd Bone Spring to ensure consistency and to allow us to calculate EUR degradation with the study.  

 

After selecting these values, we began evaluating the effects of spacing in the 2nd Bone Spring. We did this by adding proposed 

infill wells to the history-matched model, evenly spaced, from 2 to 8 wells per section. This allowed us to calculate EUR 

degradation as a function of spacing in the 2nd Bone Spring, which Fig. 23 shows. This same process was repeated, but instead 

targeting the 3rd Bone Spring with results shown in Fig. 24. 

 

 
Fig. 23 – EUR degradation as function of well spacing for 2nd Bone Spring  

 

 
Fig. 24 – EUR degradation as function of well spacing for 3rd Bone Spring  
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Finally, we investigated the impact of top-down vs. bottom-up development of the infill wells between Avalon and WCA. We 

added six wells per section in the 2nd and 3rd Bone Spring, and two additional wells in the WCA, spaced 12 months from each 

other. We then modelled these developments progressing from the top down, and then from bottom up. We found that, by 

infilling in a top-down manner, the field gained an incremental of almost 2 MMBO as Table 6 shows. 

 
  Bottom Up Top Down 

U Avalon 3,664.5 MBO 3,657.3 MBO 

L Avalon 1,743.3 MBO 1,826.8 MBO 

BS2 9,820.5 MBO 10,491.3 MBO 

BS3 5,386.4 MBO 6,413.6 MBO 

WCA 5,941.9 MBO 6,000.5 MBO 

Total 26,556.6 MBO 28,389.5 MBO 

 Table 6 – Incremental production from top-down vs. bottom-up development 

 

Case 4: Forecasting Performance of Secondary Infill wells in Wolfcamp A & 3rd Bone Spring following Primary 

Development in Reeves County, Texas 

We designed the fourth case study to determine the optimal sequencing and spacing for secondary infill wells between primary 

wells in the WCA and the 3rd Bone Spring.  

 

 
Fig. 25– Gun barrel diagram for lease as produced currently along with projected infill wells at t=2 years 

 

We began this case study by history matching the wells currently producing in the formation. Following the history match, we 

created four infill wells wineracked in the WCA-1&2 as shown in Fig. 25. We assigned to the wells parameters that were 

averaged from the history matches of the wells currently producing the WCA-1&2. Again, we maintained the characteristics of 

these wells instead of using ranges to ensure consistency and to allow calculation of EUR degradation through the study. Only 

one spacing was used in the study of the WCA to emulate the current spacing design. We then varied the infill timing from t=0, 

12, 36, and 60 months as shown in Fig. 26.  

 

 
Fig. 26 – EUR degradation vs. time by bench following infill of WCA-1&2.  

 

We then used this WCA-1&2 spacing study as our new base case to examine the effects of infill spacing in the 3rd Bone Spring. 

With the timing for the original producing wells set to t=0, and the WCA-1&2 infill wells from the previous study set to t=12 
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months, we began creating wells in the 3rd Bone Spring using neural networks models. We spaced the wells in the models evenly, 

from 3 to 8 wells per section. At each step, we calculated and recorded the EUR for each well. A plot of the EUR degradation 

as a function of well count can be seen in Fig. 27.  

 

 
Fig. 27 – Average EUR/well vs. well count in the 3rd Bone Spring, following infilling the Wolfcamp A 1&2 Between six & 

seven wells we see an increase in average EUR/well in the WCA; this is due to a transition from a stacked to a staggered 

arrangement within the well orientation as shown to the right.  

 

Case 5: Determining Optimal Step-Out Timing and Spacing for Wolfcamp Carbonate in Winkler County, Texas 

 

We designed the final case study to determine the optimal spacing for a step out development in the Wolfcamp carbonate and 

the impact of well-to-well interference on EUR of additional wells.  

 

 
Fig. 28 – Gun barrel diagram of lease as currently developed.  

 

In this case study, we wanted to examine the impact of interference on the productivity of secondary infill wells, so we first 

history matched the available production data. From this history match, we found that the FDI from the first primary well 

severely impacted the productivity of the secondary infill wells. Table 7 shows the SRV parameters from the history match of 

the three wells. From this table we can see that the SRV’s from well-to-well did not significantly overlap; however, the 

interference effect was so severe that it decreased the effectiveness of the fractures and ultimately the productivity of the wells, 

leading to an ~75% decrease in EUR from the primary well to the most recent infill well.  

 

Well Swi (%) xf (ft) hf (ft) Sw, hf (%) Timing (months) 

4H 26-35 875-1,820  220-320  54-58 0 

5H 42-45 722-1,642  150-240  59-67 12 

6H 39-44 630-1,295  180-280  90-98 24 

Table 7 – History match completion parameters from the producing wells showing change in fracture effectiveness over time.  

 

Following this history match, we evaluated the impact of different fracture designs, using the longest and median fracture half-

length values from history matches of the primary and infill wells. We then conducted a step-out spacing study of 3 to 10 wells 

per section beyond the original infill area.  
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We used values from the history-match range repeatedly throughout the remainder of the study to ensure consistency and to 

allow us to calculate EUR degradation. Beginning with ten wells per section evenly spaced, we decreased the well count to three 

wells per section, recording EUR at each step. Fig. 29 shows the resulting EUR degradation in with two history-matched fracture 

half-length values representing medium- to high-interference levels. 

 

  
Fig. 29 – EUR degradation as a function of well count in the Wolfcamp carbonate. Larger fracture half-lengths resulted in severe 

EUR degradation when well count reached six per section or more. 

 

Summary and Conclusions 

This collection of studies demonstrates that combining neural networks models with pre-run numerical reservoir simulations 

gives us the ability to quickly analyze multiple infill scenarios for development projects. We also have the ability to identify 

upside potential in a way that takes into consideration the effect of production from other formations, not merely applying 

averages from nearby projects. We can also develop production forecasts for wells in a new area, using updated completion 

designs. Traditional methods lack these abilities, as they are backward-looking approaches with limited applicability. They are 

truly valid only in the same area, under the same completion design, and timing of the start of production.  

 

Using the neural networks model and a blind range of input parameters, we have been able to model the performance of an infill 

project with remarkable accuracy (within 3%). We have also demonstrated the ability to quantify interference effects and their 

impact due to modern completion designs and spacings with reasonable accuracy (12.5%), even in large developments with 

multiple landing targets. We can examine dozens of scenarios and rank them easily depending on available capital or corporate 

strategy, and we can determine the feasibility of projects considering available technology or infrastructure.  

 

The greatest benefit of using pre-run simulations and trained neural networks models is the decreased model construction and 

computation time compared to traditional reservoir simulation. To conduct a study with multiple spacing designs, well counts, 

and completion parameters with neural networks takes minutes instead of weeks or months.  

     
We believe that combining pre-run numerical simulations and neural networks models is a desirable alternative for designing 

infill-development strategies and booking reserves. And the future is even brighter: researchers will improve neural networks 

models with time in predictability, accuracy, and with the addition of pre-run simulation cases along with new input features 

such as relative permeability and compaction table components. 
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Nomenclature 
b-factor = Arps’ b-factor for the DCA equation 

Di = Initial decline rate (percent) 

hf = Fracture height (ft) 

k = Matrix permeability (mD, nD) 

khf = Permeability in hydraulic fracture (mD) 

kv/kh = Ratio between vertical and horizontal permeability used to quantify reservoir anisotropy 

P10 = There is 10% probability that the actual reserves are greater than the P10 quantile  

P50 = There is 50% probability that the actual reserves are greater than the P50 quantile 

P90 = There is 90% probability that the actual reserves are greater than the P90 quantile 

FDI         = Fracture Driven Interaction 

TWP             = Type Well Profile 

SRV = Stimulated Rock Volume 

PDPH = Pressure drop per hour (psi/hr) 

Pi = Initial reservoir pressure (psi) 

Pb = Bubble point pressure (psi) 

qi = Initial rate (bpd) 

Swi = Initial water saturation (percent, ratio) 

Sw, hf = Water saturation in hydraulic fracture (percent, ratio) 

xf = Fracture half-length (ft) 

φ = Porosity (percent, ratio) 
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