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ABSTRACT 

Reserve estimation is an essential part of developing any reservoir. Predicting the long-

term production performance and estimated ultimate recovery (EUR) in unconventional wells 

has always been a challenge. Developing a reliable and accurate production forecast in the oil 

and gas industry is mandatory as it plays a crucial part in decision making. Several methods are 

used to estimate EUR in the oil and gas industry and each method has its advantages and 

limitations. Decline curve analysis is a traditional reserve estimation technique that is widely 

used to estimate EUR in conventional reservoirs. However, when it comes to unconventional 

reservoirs, traditional methods are frequently unreliable to predict production trends for low 

permeability plays. In recent years, many approaches have been developed to accommodate the 

high complexity of unconventional plays and establish reliable estimates of reserves. The 

objective of this study is to develop a methodology to predict EUR for hydraulically fractured 

horizontal wells that outperforms current methods and overcomes some of the limitations of 

using decline curve analysis or other traditional methods to forecast production.  

A new approach is introduced in this study to estimate EUR for hydraulically fractured 

horizontal wells that consists of a workflow for production history matching using decline curve 

analysis (DCA), artificial neural networks (ANN) predictive models, and probabilistic and 

statistical analysis. The developed workflow for production history matching combines different 

DCA models with least-squares fitting to match actual production data and reliably forecast 

production. The production history matching workflow resulted in very accurate matches 

(correlation coefficient of 0.99) of actual production data for the entire production history and 

produced accurate production forecasts (correlation coefficients of 0.73-0.99) using only limited 
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periods of early production history (three months to two years). The predictive models use ANN 

to predict EUR given short early production history data along with well completion data. The 

ANN models showed good accuracy (correlation coefficients of 0.85-0.99) in predicting EUR for 

around 1,000 hydraulically fractured horizontal wells used in this study given only three months 

to two years of production data. The ANN models utilize the production forecasts from the 

production history matching workflow along with well completion data to improve EUR 

predictions. Probabilistic analysis performed on all the models using Monte Carlo simulation 

techniques established a range of probabilities of the ANN models predictions (P90, P50 and 

P10). Also in this study, several statistical data analysis were conducted to study the production 

behavior of more than 1,000 hydraulically fractured horizontal wells. The end product of this 

work is a comprehensive workflow to predict EUR that can be implemented in different 

formations by utilizing well completion data along with short production history data. 

The credibility of the work in this study was tested using actual production and 

completion data from more than 1,000 hydraulically fractured horizontal wells from five 

different formations and compared with other models from literature. One of the main added 

values of this study is the ability to predict EUR given a short early production history (one 

month to two years), overcoming a major limitation in DCA as it tends to require longer 

production history to produce reliable forecasts. Furthermore, this study utilizes well completion 

data in predicting productivity using ANN models, leading to much better predictions of EUR 

than solely relying on production data alone. Finally, a comprehensive computer-based interface 

(software) was assembled to conduct and utilize all the analyses and models developed in this 

study. 
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CHAPTER 1 

INTRODUCTION 

 This dissertation focuses on developing a new approach to estimate ultimate recovery for 

hydraulically fractured horizontal wells. This new approach developed aims to outperform 

current techniques widely used in the industry. It utilizes completion data along with available 

short periods of production data to forecast future production with high accuracy. This new 

approach was developed by combining production history matching with artificial neural 

networks. The models developed were tested using actual data of more than 1,000 wells from 

several formations in the United States (US).  

 

1.1 Research Motivation 

Using decline curve analysis to estimate reserves with high accuracy is challenging. The 

empirical approach of decline curve analysis has many limitations specifically the need of 

several years of production to be able to estimate ultimate recovery with high certainty.  Also, 

there is a need to add and emphasis the impact of different completion designs into decline curve 

analysis to improve reserve estimations. With today’s advancements in technology and data 

analytics, coupling such models with statistical analysis can improve our understanding and 

hence enhance our reserve estimation predictions. Also, identifying the hidden and complicated 

patterns and relationships between different production, completion and reservoir parameters is 

not possible using the naked eye or simple equations but can be possible using machine learning 

techniques. There will always be uncertainty, and that is where probabilistic approaches become 

more reasonable and appropriate.  
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The objective of any model that estimates reserves is basically to mitigate the risks in 

estimating future production and help build a sound economic analysis of a given reservoir 

before the first day of development. Achieving an accurate reserve estimation without the need 

of a significant period of production data is truly challenging. Improving upon current methods 

and reducing the production data needed to have a very accurate reserve estimations is what is 

being attempted in this work. Utilizing and including completion data into decline curve analysis 

adds a “physics factor” into decline curve analysis rather than just being an empirical approach. 

It also emphasizes the impact of each completion or reservoir parameter on reserves estimations 

and can ultimately improve production forecasts accuracy. Improving upon current reserves 

estimation methods by overcoming their limitations is extremely valuable in building a reliable 

economic analysis. Furthermore, a better understanding of the complex production behavior of 

hydraulically fractured horizontal wells needs to be investigated. Therefore, several statistical 

analysis are conducted as part of this research to establish better production forecast models.  

 

1.2 Research Objectives 

The overall goal of this research is to develop a methodology to estimate ultimate recovery 

for hydraulically fractured horizontal wells that outperforms current methods and utilizes 

completion data to emphasize the impact of each completion parameter into productivity. More 

specifically the objectives of this research are: 

 Develop a workflow for production history matching using different decline curve 

analysis models and least-squares fitting that yields a high accuracy match and can be 

reliable to forecast production given short early production data (one month to two 

years). 
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 Build a predicative model to predict estimated ultimate recovery (EUR) for any 

unconventional well given its completion and short production history data using 

artificial neural networks (ANN) including: 

 ANN models built for different formations using actual well production and 

completion data; and, 

 Prediction of EUR with high accuracy given short early production history data 

(one month to two years). 

 Conduct probabilistic analysis on all the developed ANN models using Monte Carlo 

simulation. The probabilistic approach is aimed to understand and quantify uncertainty. 

 Conduct statistical analysis to study and observe the production behavior of several 

hydraulically fractured horizontal wells from different formations. 

 Develop a comprehensive workflow to predict EUR that can be implemented in different 

formations and only requires basic well completion data along with short early 

production data. This step will: 

 Combine all analyses into a computer-based interface (software) that allows the 

use of all the models developed in this study; and, 

 Create a workflow to build different ANN models for other formations. 

 

1.3 Outline of Approach 

The approach used to achieve these objectives includes: 

a. Collect and prepare data from more than 1,000 hydraulically fractured horizontal 

wells from five different formations in the US. 

Types of data collected include: 
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i. Production data. 

ii. Well completion data (completion design). 

b. Perform production history matching using decline curve analysis: 

i. Develop workflow for production history matching using least-squares 

fitting. 

ii. Use two different decline curve analysis models (stretched exponential 

production decline and Arps hyperbolic decline models). 

iii. Match different history periods (one month, three months, six months, one 

year, two years and entire production history) and compare production 

forecast accuracies. 

c. Build and test different predictive models using artificial neural networks (ANN) 

to predict EUR for different formations given different production history periods 

(one month, three months, six months, one year and two years). 

d. Build probability ranges (P90, P50 and P10) using Monte Carlo simulation for all 

the ANN models. 

e. Conduct statistical analysis on all the data to study and observe the production 

behavior of several hydraulically fractured horizontal wells from different 

formations. 

f. Combine all analyses into a computer-based interface (software) that predicts 

EUR for hydraulically fractured horizontal wells in unconventional reservoirs 

with high accuracy. Presented in a user-friendly platform to utilize all the models 

and perform all the analysis and workflows developed. 
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CHAPTER 2 

LITERATURE REVIEW AND BACKGROUND 

A selective literature review of reserve estimation methods, decline curve analysis, 

several newly developed approaches to estimate ultimate recovery, the effects of completion 

parameters on productivity and applications of artificial neural networks in the oil and gas 

industry are presented in this chapter.  

 

2.1 Reserve Estimation Methods 

Petroleum reserves are an estimate of how much oil and gas can be economically feasible 

to extract under current technological constraints. There are several methods to estimate reserves 

in the oil and gas industry. Some of the methods are purely based on physics and others are 

based on empirical techniques. There isn’t a perfect method that can be used all the time as every 

method has its limitations and inaccuracies. The common goal of all these methods is to estimate 

oil or gas reserves available for production by utilizing and understanding the available data. The 

most common and widely used methods to estimate reserves are: 

 Volumetric calculations: The volumetric method is one of the oldest known methods of 

reserves estimation. It consists basically of determining hydrocarbons in place using the 

estimated areal extent, reservoir porosity, thickness, and fluid saturations. 

 Material balance: Material-balance has been used as a simple and powerful method to 

determine the gas or oil in place and estimate EUR values. It is simply a volume balance 

that equates total production to the difference between the initial volume of hydrocarbons 

in the reservoir and the current volume. 
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 Analogy theory:  It is an identifying of similarities between two things by using logical 

comparison. So that, analog data points to existing reservoirs and wells that have like 

properties can lead to a reliable future production forecast and reserves estimation. 

 Decline curve analysis (DCA): Most commonly used method for estimating EUR. 

Empirical technique that is commonly used for analyzing the decline in production rates, 

forecasting the future performance, and estimating EUR. 

 Rate transient analysis (RTA): Widely used for history matching and production forecast 

of unconventional reservoirs where matching future performance and estimating EUR of 

shale plays faces certain difficulties, such as lack of accurate measurements of formation 

properties and sufficient knowledge to understand the physics controlling flow 

parameters. It can be described as the process of analyzing production data (i.e., rates and 

flowing pressures) and matching them with analytical models. 

 Numerical simulation: Several analytical and semi-analytical models have been 

developed to characterize rate/pressure behavior as a function of time in unconventional 

reservoirs. 

 

2.1.1 Decline Curve Analysis: 

Decline curve analysis (DCA) is an empirical technique that is commonly used for 

analyzing the decline in production rates, forecasting future performance, and estimating EUR. 

First introduced by Arps in 1945, the Arps decline model is established from the empirical 

observation that the loss ratio (the rate of change of the reciprocal of the instantaneous decline 

rate) is constant with time (Agarwal et al. 1999). The famous Arps decline curves types and 

equations (Equations 2.1 and 2.2) are: 
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 For exponential decline (b=0): q =  qie−tDi             (2.1) 

 For harmonic (b=1) and hyperbolic (0<b<1) declines:  

q =  qi(1+bDit)(1b)             (2.2) 

Where; b is hyperbolic exponent (unitless), Di is nominal decline rate (per time), q is flow rate 

(volume per time), qi is initial flow rate (volume per time) and t is for time. 

Decline curve analysis is based on empirical observations of production rate decline, and 

not on theoretical derivations. Attempts to explain the observed behavior, using the theory of 

flow in porous media, lead to the fact that these empirically observed declines are related to 

"boundary dominated flow". When a well is placed on production, there will initially be transient 

flow. Eventually, all the reservoir boundaries will be felt, and it is only after this time, that 

decline curve analysis becomes applicable, and the value of "b" lies in the range of 0 to 1, 

depending on the reservoir boundary conditions and the recovery mechanism. The main concern 

when talking about an ultra-low permeability reservoir would be: Is the Arps’ decline model 

valid for unconventional reservoirs? The short answer is no because the Arps’ model is valid 

only if “b” is constant which is only true in boundary-dominated flow (BDF). For conventional 

reservoirs, most of the life of the well is in BDF but for unconventional (ultra-low permeability) 

reservoirs, transient flow will exist for much of, if not the entire, life of the well. BDF if reached 

will be at a very late stage of the well’s life (Harris and Lee 2014). 

Several decline curve models have been introduced to accommodate and fit 

unconventional wells. A very common method is the Arps hyperbolic decline with a “best fit” 

“b” value. When attempting to find the “best fits” it sometimes requires “b” value to be greater 
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than 1. Values of “b” greater than one can cause the reserves to have physically unreasonable 

properties (Lee and Sidle 2010). Also, a commonly used decline model is the stretched 

exponential production decline introduced by Valko in 2009. The main advantage of this decline 

model is its ability to fit the transient period of the production very well compared to other 

methods (Kanfar and Wattenbarger 2012). 

 

2.1.1.1 Arps Hyperbolic Decline Model 

The hyperbolic decline exponent, b, in the Arps decline curve equation has a physical 

meaning in reservoir engineering (Fetkovich et al. 1996) and should be between 0 and 1. In 

general, “b” is believed to be constant but in the transient flow regime period, “b” tends to 

change with time. The Arps hyperbolic decline model is a typical Arps decline model with a “b” 

value estimated using “best fit” to accommodate the changing value of “b” during the transient 

period and find a best fit that usually results in a “b” value more than 1. Lee and Sidle (2010) 

showed that b>1 gives physically impossible results when the Arps’ cumulative production 

equation is evaluated at infinite time. Nonetheless, the Arps’ cumulative production equation 

gives acceptable results when finite values of producing time or economic rate limit are used. 

The Arps hyperbolic decline model is a commonly used decline curve in the industry for 

unconventional reservoirs as it yields a very good fit for the production data and forecasts 

compared to the typical Arps decline curves (Lee and Sidle 2010). It is also very easy to be used 

and applied to any production data. It is basically an Arps decline model (Equation 2.2) with a 

“b” value estimated using “best fit” and usually ranges between 0 and 2. In applying this decline 

equation, there has to be an economic or time limit in order to observe physically possible results 

of cumulative production (Lee and Sidle 2010). 
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2.1.1.2 Stretched Exponential Production Decline (SEPD) 

SEPD is one of many decline curve analysis models developed in the recent years to be 

used with unconventional reservoirs. It is a widely used decline curve analysis for 

unconventional reservoirs developed by Valko in 2009. The SEPD model differs from the power 

law exponential decline model in not considering the production behavior at late times. It has 

been developed specifically to fit the transient flow regime period of a well’s life. The SEPD 

equation has three parameters beside the variable flow rate (q) and time (t) which are: n, τ and qi. 

qi is the initial flow rate. τ is a characteristic time parameter (transition time) and is unique for 

each well. While (n) is an exponent parameter (dimensionless). Knowing these three parameters, 

estimated ultimate recovery (EUR) can be calculated directly for any well.  

For the physical basis of SEPD, it can be described as the integral of all exponential 

decays, with a fat-tailed probability distribution of the time constants. The model attempts to 

mimic heterogeneity by describing the production-decline behavior of the reservoir as a group of 

exponential declines from a number of contributing volumes, with a specific distribution of time 

constraints and where discharge of fluid from a tank against a fixed back-pressure results in an 

exponential decline of flow rate vs. time. Oil or gas reservoirs can be regarded as a collection of 

connected tanks (cells) discharging against different back-pressures and with different 

resistances (‘time constants’). Natural interpretation of stretched exponential decay is generated 

by a sum (integral) of pure exponential decays, and the stretched exponential is the resulting 

model (Valko 2009; Valko and Lee 2010). Equations 2.3 to 2.5 are used to calculate flow rate 

and cumulative production for SEPD decline models. 

q =  qi exp[ − (tτ)n]                          (2.3) 
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Q =  qiτn {Γ [1n] −  Γ [1n , (tτ)n]}             (2.4) 

EUR =  qiτn Γ [1n]               (2.5) 

Where, q is the flow rate (volume per time), qi is the initial flow rate(volume per time),  Q is 

cumulative production (volume), t is time, τ is the characteristic time parameter or transition time 

(time), n is the exponent parameter (unitless) and EUR is the estimated ultimate recovery 

(volume). 

The main characteristic of Stretched Exponential Production Decline (SEPD) is its ability 

to fit the transient flow regime period. For unconventional reservoirs, most, if not all, of the 

well’s life is in the transient flow period. Among the many decline curve analysis models 

developed in recent years, SEPD has the best fit for production along the transient flow period. 

Moreover, other characteristics of the SEPD are: 

 Conservative: in limit, as rate approaches 0, cumulative production approaches finite 

limit (unlike Arps' model for b >1). 

 Fits transient data, with little need to change parameters in the best fit as more production 

history is obtained (unlike Arps' model) after 2-3 years. 

 Simple, three-parameter model; as easy to apply as Arps’. 

 Readily adaptable to analysis of groups of wells in the same reservoir with n and τ 

constant in a given geological area – given that all wells have similar completions. 

The main challenges in using SEPD to estimate reserves with high certainty are: 

 Requires at least 2-3 years of production data (to find best fit for n and τ). 

 Model parameters are field (formation) specific and cannot be generalized. 
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 Model parameters varies greatly between wells from the same formation if the 

completion practice is different (e.g. different lateral length). 

These challenges are true for the SEPD model and any decline curve analysis model used in the 

industry. This is due to the fact that decline curve analysis is purely an empirical approach to fit 

production data and forecast reserves, especially when talking about an ultra-low permeability 

reservoir where heterogeneity plays a major role into production and where those challenges 

become more significant.  

 

2.1.2 Decline Curve Analysis Models for Unconventional Reservoirs 

Ilk et al. (2008) introduced the power law exponential decline (PLED) method for future 

performance forecasting and EUR prediction of tight gas and shale production. They presented 

the "power-law loss-ratio" rate/time relation, which assumes that the decline rate follows a power 

law function on a log-log scale at early time and becomes constant at late time. This constant 

makes the late time behavior similar to Arps’ exponential decline with a smooth transition. 

As discussed above, Valko (2009) developed the Stretched Exponential Production 

Decline model (SEPD). It can be described as the integral of all exponential decays, with a fat-

tailed probability distribution of the time constants. This model attempts to mimic heterogeneity 

by describing the production-decline behavior of the reservoir as a group of exponential declines 

from a number of contributing volumes, with a specific distribution of time constraints. 

Duong (2011) developed the Duong decline model which is a rate-decline approach 

developed specifically for fractured shale-gas reservoirs. It assumes that the connected fracture 

density of the fractured area increases over time possibly because of local stress changes with 
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pressure depletion in a linear-flow regime. It proposed a decline curve method for predicting 

EURs from shale gas wells in which fracture flow is dominant and matrix contribution is 

negligible (i.e., long-duration linear flow). This method was developed on the basis that for 

fracture flows, regardless of fracture types, production rate and time have a power law relation at 

a constant flowing bottomhole pressure. This means that rate/time plot on a log-log scale forms a 

straight line. 

Clark et al. (2011) developed the Logistical Growth Model (LGM) decline model to 

forecast production from a single well in unconventional reservoirs. The model is based on the 

concept that growth is possible only to a certain size.  The maximum possible growth size is the 

one at which the growth variable stabilizes and the growth rate terminates, which is referred to as 

the carrying capacity. This model is adapted from another logistic growth model that models 

liver regrowth hyperbolically. 

Zhang et al. (2015) presented an empirical extended exponential form of the production 

decline analytical equation as an alternate decline curve approach. The authors suggested using 

the mechanism of "growing drainage volume" to conceptualize and model the performance of 

shale wells. This approach does not require the analyst to guess when to switch to a BDF model 

nor to force a switch to exponential decline.  

Wilson (2015) compared different DCA methods (Arps, Power law exponential (PLE), 

Duong and SEPD) with four unconventional gas and oil plays: the Barnett, the Woodford, the 

Bakken and the Eagle Ford.  Their conclusions were that most DCA methods produced great 

history matches for up to 4-8 years (for all four plays), but in forecasting they differ a lot. 
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De Holanda et al. (2018) introduced a physical-based decline curve model that accounts 

for the transition from transient to BDF, allows an initial delay and build up in the production 

rate, and has a bounded EUR. This model was implemented in an automated framework and 

applied to 992 gas wells from the Barnett. The authors concluded that at least 18 months of 

production history must be available for using this model with lower uncertainty compared to the 

Arps’ hyperbolic model. Additionally, they mentioned that the model is more conservative than 

Arps, Duong, and SEPD models for reserves estimation. 

Miao et al. (2018) developed an early-late decline model to better analyze the whole 

production life of shale gas wells based on the similar characteristics between shale gas 

production and self-diffusion of dense gas/surface diffusion of adsorbed gas. Additionally, a 

detailed explicit four-step forecasting procedure applying this novel early-late decline model is 

proposed. The comparison of this method with Arps’ hyperbolic and Duong's methods showed 

that it can lead to more confident forecasts (Mahmoud et al. 2018). 

 

2.1.3 New Approaches to Estimate Reserves in Unconventional Reservoirs 

Yu and Miocevic (2013) presented an improved method based on Valko’s SEPD by 

employing a new specialized plot to find all parameters that are essential to forecast production. 

Hundreds of horizontal wells including both oil and gas wells, from various formations and 

under different hydraulic fracturing conditions, have been analyzed using this YM-SEPD 

method. Results have indicated that both EURs and production forecasts can be easily predicted 

for wells having two to three years of production history. For wells having less than two years of 

production history, this YM-SEPD method is also able to yield a reasonable production 

prediction by coupling it with another empirical method (Yu et al. 2013). The YM-SEPD method 
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can also provide a very useful means of identifying the pseudo-steady state (PSS) flow of 

horizontal wells in very tight reservoirs. In tight/shale reservoirs with permeability ranging from 

0.1md to 0.001md, and regardless of its flow regime, the YM-SEPD approach can produce a 

very reliable production forecast and EUR values having only two to three years of production 

history. For wells having less than two years of production history, the YM-SEPD approach 

combined with the Duong’s Method, allows forecasting a reasonably reliable and conservative 

production profile and EUR (Khanal et al. 2015; Makinde and Lee 2016). 

Can and Kabir (2012) presented a reserves evaluation workflow that couples traditional 

decline curve analysis (DCA) with a probabilistic forecasting frame. They presented a 

probabilistic performance-forecasting method in unconventional reservoirs for wells with and 

without production history by solving for EUR using SEPD by getting n and τ values for P10, 

P50 and P90. The results of 54 synthetic and 820 field data sets from three different shale types 

showed that the suggested method gives reliable production forecasts, as well as EUR 

estimations, for both gas and oil wells in an unconventional settings. Field data suggest that the 

probabilistic future-performance interval (P10/P90) is narrower than those derived from 

numerical flow simulations. Moreover, the ability to treat large data bases by well grouping gives 

realistic statistical distributions of SEPD-model parameters. Overall, the mathematical insights 

offered by the SEPD model provide an opportunity to understand the decline behavior in 

unconventional reservoirs.  

Gong et al. (2014) built a Bayesian probabilistic method using Markov-chain Monte 

Carlo (MCMC) with Arps DCA. They tested the model with two plays: the Barnett with seven 

years of production available (197 horizontal gas wells) and the Eagle Ford with more than one 

year of production (536 oil wells). They designed their model to hindcast using 6, 12, 18, 24 and 
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36 months of production data. Then they developed P10, P50 and P90 probabilities with a P90 to 

P10 range as small as possible. The results of probabilities were then compared with a modified 

bootstrap method (MBM) model previously developed by Cheng et al. (2010).  

For the test case of 197 horizontal, hydraulically fractured Barnett shale gas wells with at 

least seven years of production, the proposed Bayesian methodology coupled with the Arps 

decline-curve model reliably quantified the uncertainty of hindcast cumulative production with 

as little as six months of production. The probabilistic estimates P90, P50, and P10 were all well-

calibrated. The Bayesian method had narrower P90/P10 confidence intervals and required less 

computational time for comparable stability than the MBM presented in the literature. Also, the 

Bayesian method performed well on the data set consisting of 536 Eagle Ford wells with much 

less production data than the Barnett, requiring a change in only the prior distribution. The P90 

and P50 estimates were quite accurate (corresponding to P88 and P51, respectively), whereas the 

P10 was less accurate but acceptable (corresponding to P18).  

The Bayesian method is a probabilistic method like bootstrap which used Bayes' theorem. 

It uses the least-squares method to find the best fit by use of decline curves, which can be readily 

integrated with Bayes’ theorem. Some wells had been restimulated. For those wells, they chose 

the longest time window without any restimulation, either the interval starting from the initial 

production date or the interval starting from the date of restimulation. They also deleted 

significant outliers and, in some cases, periods of sparse, erratic data to obtain more-reasonable 

least-squares fit. The model is basin-based not well-based (by taking average of all wells per 

basin). Also, data is chosen for only the periods when decline is consistent (they ignored outliers 

and restimulation). 
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Gonzalez et al. (2012) tested six DCA models including; Arps, SEPD, Duong, Power 

Law and Arps with minimum decline with a Markov-chain Monte Carlo (MCMC) method. Their 

results showed that the hindcast cumulative production P90 to P10 range for the set of wells 

narrows as the amount of production data matched increases. The Markov Chain Monte Carlo 

probabilistic methodology combined with decline curve models developed for shale gas 

resources reliably quantifies the uncertainty in production hindcasts to 59-119 months for 

hydraulically fractured horizontal shale gas wells in the Barnett. Even with DCA models based 

on Arps’ equations, the probabilistic methodology is reasonably well calibrated. 

Khazaeni and Mohaghegh (2011) developed a new approach to production data analysis 

using artificial-intelligence (AI) techniques in which production history is used to build a field 

wide performance prediction model. Production history is paired with field geological 

information to build datasets containing the spatiotemporal dependencies among different wells. 

These dependencies are addressed by compiling information from the closest offset wells that 

includes their geological and reservoir characteristics as well as their production history 

(temporal data). A series of neural networks are trained using a back-propagation algorithm. 

They formed intelligent time-successive production- modeling (ITSPM) system using data from 

165 wells. Input data includes data from the well itself and offset wells’ static data (porosity, 

thickness, Sw, formation top, latitude and longitude). Dynamic data includes ultimate drainage 

area and initial production rate for offset wells. They also investigate the degree of influence of 

input data on production. 

Sharma and Lee (2016) developed a comprehensive workflow which improves our ability 

to forecast future production and estimate ultimate recovery more accurately in ultra-low 

permeability reservoirs. Their workflow uses diagnostic plots to determine the flow regime then 
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forecasts using the Duong decline model then switch at 5% decline to the Arps’ model until the 

economic limit is reached. Also, the workflow includes gas-oil-ratio analysis if the well is not a 

single phase well. The objective of their study was to develop a workflow which effectively uses 

the best methodologies to forecast production in unconventional reservoirs. They concluded the 

following: the workflow developed not only meets this criterion but also makes the overall 

process simpler by integrating the various components and showing their interdependence.  

The data sorting and outlier detection process developed by Chaudhary and Lee (2016) is 

more reliable than existing techniques and provides a robust method to remove excessive noise 

from raw data. However, care should be taken regarding early production data as the 

methodology has the tendency to throw out these points. The analysis of the diagnostic plots 

provides crucial insight into flow regime identification processes and how they form the 

backbone of a healthy reserve estimation workflow. Material balance time is a powerful tool but 

one must be careful regarding the impact of outliers. The suggested solution provides a way out 

of this problem and leads to accurate BDF identification. The workflow also incorporates 

suggestions for the boundary influenced flow regime. The suggested method has reasonable 

assumptions and helps in making smarter decisions in determining EUR values. Validation (via 

hindcasting) and comparative analysis between the workflow results and the conventional Arps 

decline method show that the proposed workflow works better in most situations and lends 

perspective regarding the magnitude and scale of errors possible. The results obtained are high 

confidence values and hence lend critical perspective into the magnitude of errors possible, 

further reinforcing the need for the proposed workflow. Incorporating such a workflow in 

determining EUR values would definitely improve decision making and help better understand 

investment opportunities. 
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Kim et al. (2014) used Monte Carlo simulation for single-well analysis. Monte Carlo 

simulation was also used in combination with decline envelopes for multiple-well analysis. The 

probabilistic results of both methods are analyzed. They estimated the EUR of shale gas by 

hyperbolic decline and SEPD, drew the P10, P50, and P90 type curves and analyzed the shape of 

the EUR distribution by decline envelope and Monte Carlo simulation. These procedures can be 

used to reduce uncertainties when making decisions for the development of gas reservoirs. They 

concluded that hyperbolic decline tends to show higher EUR because the hyperbolic decline 

curve diverges with prolonged production. Also, the skewness of the histogram of the EUR 

obtained by SEPD is greater than that of the histogram obtained by hyperbolic decline, and the 

SEPD histogram has a longer tail to the right with the mean at the center compared to the 

hyperbolic decline histogram. 

Zhukovsky et al. (2016) developed a Bayesian decline curve methodology, using Markov 

Chain Monte Carlo (MCMC) simulation and a novel empirical decline curve equation (Zhang et 

al. 2015) to better quantify uncertainty in estimated ultimate recovery (EUR) for oil shales. The 

methodology was calibrated using hindcasting of production data from an area of the Eagle Ford 

oil window. Hindcasting, on an areal basis with 254 wells demonstrated good results, with a 

coverage rate of true reserves of 78% for an 80% confidence interval (P90-P10) or 199 of the 

254 wells tested. The novelty of their model is in the implementation of the empirical decline 

curve equation for shale wells in Bayesian decline curve analysis with fast per well solution time 

on typical engineering computers. 

Paryani et al. (2016) proposed residual functions that can be used to provide optimistic 

and conservative estimations of remaining reserves using PLE, Arps hyperbolic decline or LGM 

decline models for economic analysis. Using the logarithmic and normalized rate-time residuals 
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(instead of LSE) increases the tendency of the Arps' model to have bounded estimates of well's 

remaining reserves and life by approximately 87.5% and 50%, respectively. They also allow for 

the most recent production data to be weighted more heavily, thereby ensuring that the fitted 

parameters reflect the current flow regime in the drainage area of the wells.  

 

2.2 Investigating the Effects of Different Completion Parameters on Productivity 

Wang (2017) presented a unified shale-gas-reservoir model, which incorporates real-gas 

transport, nanoflow mechanisms, and geomechanics into a fractured-shale system. The author’s 

model built to predict shale gas production under different reservoir scenarios and investigate 

which factors control its decline trend. The presented results and analysis provided a better 

understanding of gas production and decline mechanisms in a shale-gas well with certain 

conditions of the reservoir characteristics. The author concluded the following: depending on the 

size of the stimulated reservoir volume (SRV), matrix permeability, and the density, 

connectivity, and conductivity of fracture networks, boundary-dominated flow may not be 

apparent in the first few years, making traditional decline-curve analysis ineffective. The 

existence of adsorption gas increases overall production and decreases the production-decline 

rate. Even though higher matrix permeability contributes to higher production rate, it also leads 

to steeper production-decline trend in bounded SRV. In addition, matrix permeability becomes 

less influential on gas production in the presence of abundant, conductive fracture networks. 

When SRV is surrounded by non-SRV, production rate declines more gradually. The higher the 

matrix permeability, the lower the decline rate because the pressure loss in the SRV can be 

compensated more quickly by the surrounding non-SRV. Therefore, the inclusion of non-SRV 

can indeed impact long term production prediction. The density, conductivity, and connectivity 
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of fracture networks have dominant effects on gas production and its decline trend, especially 

when matrix permeability is low. 

Balan et al. (2017) conducted a detailed sensitivity analyses on an analog simulation 

model of a hydraulically fractured shale gas well to assess the effects of various controlling 

parameters on gas rates. They concluded that early-time production response is dominated by 

SRV. The uncertainties in estimation of SRV and calculation of bottom-hole pressure from 

surface data in the presence of transient liquid loading complicate early-time data analysis for 

obtaining reliable estimates of reservoir properties. Long-term production forecasting highly 

depends on uncertainties in reservoir parameters. Therefore, accurate measurement of reservoir 

properties is critical for predictive modeling. While history matching the flow-back period may 

reduce uncertainties in SRV to some extent, large uncertainties in the estimates of reservoir 

properties remain the same. Accurate measurement of reservoir properties before massive 

hydraulic fracturing, independent of history matching the early-time data, is critical for obtaining 

reliable predictions of gas production rates. Controlling the uncertainty in long-term prediction 

of gas rates and EUR based on early-time data is highly dependent on decoupling the effect of 

reservoir, SRV, and wellbore dynamics on production response. 

Zhang and Fassihi (2013) presented two workflows to utilize a stochastic history 

matching method on a multi-fracture horizontal well in the Eagle Ford shale oil reservoir. They 

discussed the impact of reservoir properties, hydraulic fractures, phase behavior, microfracs and 

rock characteristics on production behavior using sensitivity analysis. They used key 

uncertainties to calibrate the model against historical data using genetic algorithms.  

Ozkan et al. (2011) provided/compared an analysis of the performance of conventional 

(millidarcy permeability) and unconventional (micro to nanodarcy permeability) gas reservoirs 
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and also some factors that may improve production from such reservoirs. A trilinear analytical 

model was used to simulate the performance of multiple-fractured horizontal wells on the basis 

that the linear-flow regimes dominate most of the productive life of a multiple-fracture 

horizontal well in a tight formation. Applying the trilinear model to practical tight sand and shale 

gas reservoirs showed that the productivity of the more permeable homogeneous tight sand 

reservoir is less than that of the shale reservoir with natural fractures. The flow capacity of 

natural fractures is increased by higher fracture permeability but did not necessarily change the 

matrix flow capacity or flow from matrix to fracture. On the other hand, higher natural fracture 

density increased flow capacity of both natural fractures and the matrix. The effect of hydraulic-

fracture permeability and spacing from the analysis also showed that increasing the natural-

fracture density and simultaneously decreasing hydraulic-fracture spacing provides the best 

productivity increase. 

Ogunyomi et al (2014) discussed the main limitations of most decline curves. Which is, 

the model parameters as a rule are not functions of reservoir parameters and may yield to 

unrealistic (nonphysical) values of EUR because boundary-dominated flow may not develop in 

unconventional reservoirs. In their study, they performed statistical and model-based analysis of 

production data from 87 hydraulically fractured horizontal oil wells and presented a method to 

mitigate some of the limitations in using typical decline curves. The production data were 

analyzed to identify the flow regimes and understand decline behavior. Then they performed 

model-based analysis using the parallel-flow model and the logistic-growth model. Finally, they 

statistically analyzed the model parameters and cross-plotted them against available reservoir 

and well completion parameters. As a result, they found out that production characteristics from 

these wells are highly variable. Also, the parallel-flow model indicates that there are at least two 
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to three different time domains in the production behavior and that they are not the result of 

operational changes, such as well shut-in or operating pressure changes at the surface. Their 

models provided a very good fits to the data and realistic EUR values.  

 

2.3 Artificial Neural Networks (ANN) 

Artificial neural networks have been applied in many science and engineering fields’ 

problems ranging from face recognition to predicting traffic, stock market and protein secondary 

structure. ANN are machine learning algorithms that use the processing of the brain as a basis to 

develop algorithms that can be used to model complex patterns and prediction problems. An 

artificial neural network is created by simulating a network of model neurons in a computer. By 

applying algorithms that mimic the processes of real neurons, the network can ‘learn’ to solve 

many types of problems (Krogh 2008). 

2.3.1 Use of Artificial Neural Networks in the Oil and Gas Industry 

Throughout the years, artificial intelligence (AI) techniques have been used in the oil and 

gas industry to enhance the engineer’s ability to forecast and predict the many different and high 

uncertain outcomes of many of the petroleum industry aspects. AI methods have proven their 

accuracy for many cases and have been used as successful tools by many oil and gas companies. 

In recent years, there has been a rapid increase in the number of artificial intelligence tools 

applications in petroleum industry due to greater availability of human expert and numerous 

publications of successful application case studies (Gharbi and Mansoori 2005; Mohaghegh et al. 

2011; Esmaili et al. 2012; Bello et al. 2015; Gaurav 2017; He 2017). 
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Prediction/forecasting using AI is a well-known practice and very essential requirement 

toward a better and more productive industry. The belief that AI is very powerful in capturing 

both statistical and physical relationships between different variables encouraged many 

researchers to implement it in the oil and gas industry to predict and forecast. ANN methods 

have proven their accuracy for many cases and have been used as successful tools by many oil 

and gas companies. It has been used as a tool which evolved in the industry for some time. It can 

be used as data interpreting and data mining tool and helps predicting data by training and testing 

already existing data sets and coming up with a very low error of prediction as a result. 

Prediction and forecasting is always uncertain whether by using regression, empirical or any type 

of models, unless a very well know physical relationship is fully captured, which is a rare 

situation in the petroleum industry and especially for a given set of reservoir characteristics. 

Throughout many aspects of the industry, ANN has proven its efficiency and advantages 

(AlAjmi et al. 2015). 

The petroleum industry has benefited from using AI in the prediction of many of the 

reservoir characteristics with low uncertainty as an ultimate result. An ANN is designed to 

predict data by training a set of data (inputs and outputs) using algorithms then checking the 

validity of the model trained against a set of testing data by measuring the error of predicted 

output. The inputs and outputs for building the model have to be accurate values. Therefore, after 

building the model and checking its validity, any set of input data can be inserted in the model to 

predict the output with high certainty compared with any other numerical or empirical models 

being used in the industry (Alarifi et al. 2015). 
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2.4 Probabilistic Analysis Using Monte Carlo Simulation 

Kok et al. (2006) discussed the different reserves categories: proved (P90), probable 

(P50) and possible (P10). Where, proved reserves (P90) are estimated quantities of hydrocarbons 

and other substances that are recoverable in future years from known reservoirs that geological 

and engineering data demonstrate with reasonable certainty. The average risk or confidence 

factor for recovering the amount estimated as proved is at least 90%. For probable reserves 

(P50), the average risk or confidence factor recovering the amount estimated as probable will be 

at least 50%. While for possible reserves (P10), the average risk or confidence factor for 

recovering the amount estimated will at least 10%. All investments in the oil and gas industry 

involve high risks with a wide range of potential outcomes.  However, most of the economic 

evaluations are based on the “most likely” outcomes. Other possible outcomes have to be 

evaluated and considered too (Kok et al. 2006). 

Risk assessment is a crucial part of developing any oil and gas project. Building a project 

based on specific assumptions and expectations without the consideration of all the possibilities 

can truly make a potentially successful project a failure.  One of the most common and highly 

appreciated applications of risk assessment is the use of Monte Carlo simulation (Kok et al. 

2006). Monte Carlo simulation is a statistics-based analysis tool that yields probability vs. value 

relationship for parameters such as estimated ultimate recovery (EUR). A Monte Carlo 

simulation technique involves the random sampling of each probability distribution within the 

model to produce hundreds or even thousands of scenarios (Vose 1996). Each probability 

distribution is sampled in a manner that reproduces the distribution’s shape. The distribution of 

values calculated for the model outcome therefore reflects the probability of values that could 

occur (Kok et al. 2006). 
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CHAPTER 3 

DATA ACQUISITION AND PREPARATION 

 In this chapter, a detailed look into the data used to build the models developed in this 

study is presented. All the data acquired is actual data reported to the public domain and 

collected from Drillinginfo website. This chapter talks about types of data collected, production 

data analysis, data availability, production data cleaning and preparation methods. Also, this 

chapter shows and explains a methodology developed to estimate well spacing using the latitude 

and longitude information of the wells. Finally, this chapter explains the error analysis 

techniques used in this study.  

 

3.1 Data Availability 

Data from more than one thousand wells from five different formations have been used in 

this study. All the data used are from publically reported data. In this study, both completion and 

production data of horizontal and hydraulically fractured wells are acquired. The estimated 

ultimate recovery (EUR) values used in this study are the cumulative oil and gas quantities 

produced by a well until it reached its economic limit assigned by the operator and is then 

reported to be in a “shut-in” status. To capture the entire production decline of a well, only wells 

that are shut-in (reached economic limit) and abandoned are used. The average shut-in 

production rate for all the wells was around 800 BOE/month (26 BOE/day). The current 

conditions of all the wells studied is abandoned or shut-in. To capture a wider variety of different 

types of wells and formations, five formations were selected to obtain production and completion 

data. The five formations are all in the US and they vary in terms of the geology and also the 
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type of wells they have. Two of the formations (Barnett and Haynesville) mainly have gas wells. 

Another two formations (Eagle Ford and Bakken) mainly have oil wells. Lastly, one formation 

(Niobrara) is known to have liquid rich gas wells.  

 

3.1.1 Production Data 

The data gathered for production is monthly oil flow rates, monthly gas flow rates, monthly 

water flow rates and the number of days during each month when the well was produced. Table 

3.1 shows the number of wells collected and used from each formation. Production data is 

gathered from all the wells from the five formations mentioned as long as the wells satisfy the 

following conditions:  

1- Horizontal well 

2- Hydraulically fractured well 

3- Produced for more than three years 

4- Currently shut-in or abandoned 

5- Produced until it reached the economic limit (average of around 800 BOE/month) 

 

Table 3.1 Number of wells data collected and used from each formation 

Formation Well type 
Number of wells 

collected 

Number of wells that satisfy 

the conditions 

Niobrara Liquid rich gas 450 161 

Barnett Gas 762 505 

Haynesville Gas 198 101 

Eagle Ford Oil 696 334 

Bakken Oil 455 115 

Total 2,561 1,216 
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3.1.2 Well Completion Data 

Well completion data was collected for all wells in this study. The main completion 

parameters collected are: 

1- Perforation interval (ft) 

2- Number of fracturing stages 

3- Total proppant volume pumped (lbs) 

4- Total fluid volume pumped (bbl) 

5- Horizontal length (ft) 

6- Lateral length (ft) 

7- True vertical depth (TVD) (ft) 

8- Maximum treatment pressure (psi) 

9- Horizontal well spacing (ft) 

Table 3.2 summarizes the general well completion data availability for each formation. 

 

Table 3.2 Completion data availability for each formation 

Formation Niobrara Barnett Haynesville Eagle Ford Bakken 

Perforation interval ✔ ✔ ✔ ✔ ✔ 

Stage count ✔ ✖ ✖ ✖ ✖ 

Total proppant volume ✔ ✔ ✖ ✔ ✔ 

Total fluid volume ✔ ✔ ✖ ✔ ✔ 

Horizontal length ✔ ✔ ✔ ✔ ✔ 

Lateral length ✔ ✔ ✔ ✔ ✔ 

True vertical depth ✔ ✔ ✔ ✔ ✔ 

Maximum treatment 

pressure 
✔ ✖ ✖ ✖ ✖ 

Horizontal well spacing ✖ ✖ ✖ ✖ ✖ 
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After knowing the well completion data availability, all the wells were used for 

production history matching, while only the wells with all the completion data available were 

selected and used for the artificial neural network (ANN) models. Table 3.3 shows the number of 

wells used for production history matching and ANN models. 

 

Table 3.3 Number of wells used for production history matching and number of wells used for 

ANN models 

Formation 
Number of wells used for production 

history matching 

Number of wells used for 

ANN 

Niobrara 161 161 

Barnett 505 470 

Haynesville 101 0 

Eagle Ford 334 243 

Bakken 115 115 

Total 1,216 989 

 

3.2 Production Data Clean-up 

A process was developed to eliminate all outliers and exclude data when the well is shut-

in or not producing at full potential, i.e. when the well was “choked back”. 

The rules used to cleanup production data and to exclude production data points are: 

 When the well is shut-in. 

 When the flow rate is below the economic limit. The average economic limit is around 

800 BOE/month. This is considered as not flowing at full potential (when the flow rate is 

less than latest reported flow rate at shut-in); and, 
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 When there is a sudden high drop in production (50% drop per month). Most likely 

caused by “choking back” the well. 

As long as the monthly production rate of any well at any time is not excluded by the above 

rules, it was counted as a production data point. For some of the wells, the number of production 

days per month are reported. In this case, months where wells are produced for less than 20 days 

a month are excluded as the average monthly production rate dropped significantly in these 

months. 

 

3.3 Raw Data Analysis 

Data collected from more than 1,000 wells from different formations showed how 

variable each formation is in terms of the expected production parameters and also the common 

completion procedures done in each formation.  A comprehensive analysis of the raw data was 

done to capture the major differences between formations and realize the range of parameters to 

work with.  

 

3.3.1 Production Data Analysis   

The raw production data for each well from each formation was collected and then 

cleaned-up for analysis. Table 3.4 shows the major key production performance indicators for 

each formation such as cumulative oil and gas productions, water cut, maximum flow rate and 

average wells’ life using the data from all the wells used in this study. Several key performance 

indicators (KPIs) are developed for each formation by measuring the average of all the wells 

collected per each formation. The production data KPIs measured are: 
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1- Average well life: 

The number of months of reported production for each well from its first day of 

production until it was shut-in for reaching the economic limit or not being profitable 

anymore. Figure 3.1 shows the average wells’ life for each formation. 

2- Cumulative production: 

The total produced volume for each well in barrel of oil equivalent (BOE). Figure 

3.2 shows the results broken down into the following: 

a- Cumulative production  

b- Cumulative production after three months of production 

c- Cumulative production after six months of production 

d- Cumulative production after one year of production 

e- Cumulative production after two years of production 

3- Initial flow rate (qi) 

There are several ways to estimate the accurate initial flow rate. For this study, qi 

is selected as the maximum flow rate reached. Figure 3.3 shows the different average 

initial flow rate values (qi) for each formations. The average time when the maximum 

flow rate is reached for each formation is shown in Figure 3.4. 

4- Percentage drop in production rate 

Percentage drop in production rate is usually very high in unconventional wells 

within the first year of production. In Figure 3.5, a comparison of the average drops in 

production rates for each formation within one year is provided.  
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Table 3.4 Average major key production performance indicators for each formation 

Formation 

Average 

well life  

(months) 

Average 

cumulative  

production 

(BOE/well) 

Average 

cumulative  

gas 

production 

(Mcf/well) 

Average 

cumulative  

oil 

production 

(bbl/well) 

Average 

maximum 

flow rate 

(BOE/month) 

Average 

water 

cut  

(%) 

Niobrara 49 140,848 394,446 74,976 12,341 16.4 

Barnett  62 110,404 661,102 - 8,192 56.13 

Haynesville  69 547,384 3,277,748 - 43,858 13.47 

Eagle Ford 70 245,791 813,021 110,016 20,754 22.48 

Bakken 71 182,105 186,321 150,989 14,419 44.53 

 

 

 

Figure 3.1 Average well life for each formation. 
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Figure 3.2 Average cumulative production volumes after entire well’s life, two years, one year, 

six months and three months for all wells from each formation. 

 

 

Figure 3.3 Average initial flow rate (qi) for each formation, initial flow rate is selected as the 

maximum flow rate reached. 
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Figure 3.4 Average time to reach maximum flow rate for all wells from each formation. 

 

 

Figure 3.5 Average drop in production from the maximum flow rate reached and from average 

flow rate for the first month within one year. 
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 The range of productivity varies greatly between formations and even varies within wells 

from the same formation. Different completion designs produce different productivities between 

wells from the same formation. Table 3.5 shows the different ranges of estimated ultimate 

recovery (EUR) in barrel of oil equivalent (BOE) for all the five formations. 

 

Table 3.5 EUR (BOE) statistical analysis for each formation 

Formation 
Number 

of wells 

Average 

(BOE) 

Maximum 

(BOE) 

Minimum 

(BOE) 

Range 

(BOE) 

Standard 

deviation 

(BOE) 

Niobrara 161 140,848 393,131 12,331 380,799 80,652 

Barnett 505 124,498 538,412 5,109 533,303 85,212 

Haynesville 101 547,384 1,182,722 40,350 1,142,372 250,992 

Eagle Ford 334 260,221 1,185,473 6,582 1,178,891 195,120 

Bakken 115 193,833 827,628 21,587 806,041 114,210 

 

3.3.2 Well Completion Data Analysis 

For many wells from the same formation, the completion procedures varies greatly. 

Tables 3.6-3.9 summarize the different completion parameters for wells from the Niobrara, 

Barnett, Eagle Ford and Bakken formations. The average, maximum, minimum, range and 

standard deviation values are measured for each parameter in each formation to capture the wide 

variety of data dealt with in this study.  
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Table 3.6 Statistical analysis of well completion data for wells from the Niobrara formation 

Niobrara formation Average Maximum Minimum Range 
Standard 

deviation 

True vertical depth  - (ft) 6,893 7,964 5,451 2,513 378 

Perforation interval - (ft) 4,835 10,465 669 9,796 1,769 

Horizontal length - (ft) 5,743 15,696 1,530 14,166 2,079 

Stage count 26 62 5 57 11 

Total proppant volume - 

(lbs) 
4,642,714 14,240,917 94,926 14,145,991 2,387,994 

Total fluid volume - (bbl) 99,710 279,051 16,591 262,460 53,186 

Proppant concentration - 

(lbs/gal) 
1.2 2.5 0.04 2 0.4 

Proppant volume per feet of 

perforated length - (lbs/ft) 
995 3,318 25 3,293 325 

Fluid volume per feet of 

perforated length - (bbl/ft) 
20 62 8 54 7 

Maximum treatment 

pressure - (psi) 
7,115 9,794 3,467 6,327 1,225 

Stage spacing - (ft) 194 318 125 193 39 

 

 

Table 3.7 Statistical analysis of well completion data for wells from the Barnett formation 

Barnett formation Average Maximum Minimum Range 
Standard 

deviation 

True vertical depth  - (ft) 7,284 9,562 5,093 4,469 694 

Perforation interval - (ft) 3,576 7,532 213 7,319 1,230 

Horizontal length - (ft) 4,279 12,572 998 11,574 1,472 

Lateral length - (ft) 3,805 12,470 730 11,740 1,385 

Total proppant volume - (lbs) 3,649,380 20,207,151 69,180 20,137,971 2,214,905 

Total fluid volume - (bbl) 115,351 1,189,680 2,152 1,187,528 102,245 

Proppant concentration - 

(lbs/gal) 
0.99 13.77 0.027 14 1 

Proppant volume per foot of 

perforated interval - (lbs/ft) 
1,053 6,074 13 6,061 575 

Fluid volume per foot of 

perforated interval - (bbl/ft) 
32.94 285.5 0.4 285 27,41 
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Table 3.8 Statistical analysis of well completion data for wells from the Eagle Ford formation 

Eagle Ford formation Average Maximum Minimum Range 
Standard 

deviation 

True vertical depth  - (ft) 11,384 15,500 6,443 9,057 1,922 

Perforation interval - (ft) 4,839 8,852 1110 7,742 1,176 

Horizontal length - (ft) 5,426 9,722 1,989 7,733 1,140 

Lateral length - (ft) 4,960 8,658 774 7,884 1,144 

Total proppant volume - (lbs) 4,171,559 13,639,796 25,000 13,614,796 2,134,315 

Total fluid volume - (bbl) 93,177 278,454 2,372 276,082 45,547 

Proppant concentration - 

(lbs/gal) 
1.13 2.38 0.04 2 0.4 

Proppant volume per foot of 

perforated interval - (lbs/ft) 
871 4,190 6 4,184 418 

Fluid volume per foot of 

perforated interval - (bbl/ft) 
19.8 99.3 0.46 99 10 

 

Table 3.9 Statistical analysis of well completion data for wells from the Bakken formation 

Bakken formation Average Maximum 
Minimu

m 
Range 

Standard 

deviation 

True vertical depth  - (ft) 10,334 11,371 7,783 3,588 677 

Perforation interval - (ft) 8,138 12,763 3,021 9,742 2,384 

Horizontal length - (ft) 8,591 13,156 4,242 8,914 2,372 

Lateral length - (ft) 8,158 12,714 3,803 8,911 2,365 

Total proppant volume - (lbs) 2,907,974 14,403,212 311,114 14,092,098 2,156,096 

Total fluid volume - (bbl) 55,631 305,168 8,726 296,442 45,808 

Proppant concentration - 

(lbs/gal) 
1.44 3.73 0.18 4 0.6 

Proppant volume per foot of 

perforated interval - (lbs/ft) 
380 2,992 39 2,953 320 

Fluid volume per foot of 

perforated interval - (bbl/ft) 
7.14 63.4 1.46 62 7 
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3.4 Horizontal Well Spacing  

Horizontal well spacing is the physical distance (in feet) between a well’s lateral 

horizontal section to the closest nearby well’s lateral horizontal section in the same formation. 

Horizontal well spacing data was not available in the public domain for most of the wells in this 

study. Operators do not usually report well spacing for each well. The kind of information 

available where well spacing can be calculated from is the location (latitude and longitude) of 

each well’s wellhead and lateral section’s toe. Using the location information available for each 

well, several mathematical calculations were done to estimate the horizontal well spacing for 

each well. The following are the steps and equations followed to estimate well spacing for well 

(A) (well (A) could be any well in any formation).  

1- Obtain the latitude and longitude location data (for wellhead and toe) for all drilled wells 

in the same formation and within the same production period of well (A). That includes 

any well being produced during the lifetime of well (A). 

2- Conditions for a nearby well to be considered as a bounded well 

a. Angle direction condition: Angle direction difference between any well with well 

(A) is 15 degrees or less (to be relatively  parallel) Angle of any well:= [atan2(sin(longitude (toe) ― longitude (wellhead)) x cos(latitude(toe)),cos (latitude(wellhead))x sin(latitude(toe))― sin(latitude(wellhead)) x cos(latitude(toe))  x cos(longitude (toe)― longitude (wellhead))] x 180π         (3.1) 

Angle direction condition:                                          
=  abs(Well (A) angle − nearby well angle) < 15o         (3.2) 
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b. Alignment condition: The difference between longitudes plus difference in 

latitudes between any well and well (A) is less than 0.01 degrees to ensure they 

are aligned to each other 

Difference in longitudes between well (A) and any nearby well: 
= abs(longitude (toe of nearby well) − longitude (toe of well (A))                                   (3.3) 

Difference in latitudes between well (A) and any nearby well: 
 =  abs(latitude(toe of nearby well) − latitude(toe of well (A))        (3.4) 

Alignment condition:               
= Difference in longitudes +  Difference in latitudes < 0.01                                               (3.5) 

3- Determine if the well direction is north/south or east/west: 

a. For north/south – latitude difference between wellhead and toe is less than 0.0001 

degrees 

Difference in latitudes between wellhead and toe of any well: 
= abs(latitude(toe) − latitude(wellhead))                                                                            (3.6) 

For north/south directions, the difference in latitudes should be less than 0.0001 

b. For east/west – longitude difference between wellhead and toe is less than 0.0001 

degrees Difference in longitudes between wellhead and toe of any well  = abs(longitude (toe) − longitude (wellhead))                                                        (3.7) 

For east/west directions, the difference in latitudes should be less than 0.0001 



39 

4- Measure the spacing towards north and south if the well direction is north/south and 

spacing towards east and west if the well direction is east/west 

 Using “distance” function in MATLAB to measure the rhumb line distance 

between two points on a sphere and then convert the distance from degrees to 

feet. 

5- Using a for loop, report the lowest spacing (in feet) towards north, south, east and west 

between well (A) and the closest nearby wells 

6- End product is two values of spacing for well (A) representing spacing toward each side  

After following these steps, calculations and equations, well spacing for each well was 

measured. There are three types of wells in terms of well spacing:  

1- Inner well, which is a well with nearby wells from both sides (bounded from both 

sides) 

2- Outer well, which is a well with nearby well from one side only (bounded from one 

side) 

3- Unbounded well, which is a well without any nearby wells 

Table 3.10 summarizes the well spacing data estimated for each formation. 
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Table 3.10 Well spacing estimations results for each formations 

Formations 
Number 

of wells 

Number 

of outer 

wells 

Number 

of inner 

wells 

Number of 

unbounded 

wells 

Average 

spacing 

(ft) 

Niobrara 161 48 84 29 715 

Barnett  505 125 89 291 926 

Haynesville  101 27 8 66 1,570 

Eagle Ford 334 38 33 263 1,293 

Bakken 115 24 10 81 1,287 

 

3.5 Error Analysis 

There are several methods to measure how accurate a model is. For this study, three 

different error analysis methods were used to estimate the accuracy of the models developed and 

to measure the uncertainty. 

 

3.5.1 Mean Absolute Percentage Error (MAPE) 

The mean absolute percentage error (MAPE) equation, Equation 3.8, is a measure of the 

prediction accuracy of a forecasting method in statistics. It is commonly used as a loss function 

for regression problems and in model evaluation because of its very intuitive interpretation in 

terms of relative error. Its unit is in percent (%).  

MAPE = 100%n ∑ |At−FtAt |nt=1                            (3.8) 

Where At is the actual value, Ft is the model value and n is the number of fitted point.  
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3.5.2 Pearson Correlation Coefficient (r) 

The Pearson correlation coefficient (r) equation, Equation 3.9, is a measure of the linear 

correlation between two variables.  It is usually referred to as (r) and the square of it (r2) is called 

the coefficient of determination (R-squared). It has a value between +1 and -1, where +1 is total 

positive linear correlation, 0 is no correlation and -1 is total negative correlation. It is the 

covariance of the two variables divided by the product of their standard deviations.  

rxy = ∑ (xi−x̅)(yi−y̅)ni−1√∑ (xi−x̅)2ni−1 √∑ (yi−y̅)2ni−1              (3.9) 

Where, n is the sample size, xi and yi are the individual sample points indexed with i. 

Also,  x̅ = 1n∑ xin1=1  and y̅ = 1n∑ yin1=1  which are the sample means for x and y, respectively.  

 

3.5.3 Normalized Root-Mean-Square Error (NRMSE) 

Root-mean-square error is a frequently used measure of the differences between values 

predicted by a model and the actual values. RMSE represents the square root of the second 

sample moment of the differences between predicted values and actual values. RMSE serves to 

aggregate the magnitudes of the errors in predictions for various times into a single measure of 

predictive power. It is a measure of accuracy to compare forecasting errors of different models 

for a particular dataset and not between datasets, as it is scale-dependent. It is always non-

negative where a value of zero would indicate a perfect fit to the data. In general, the lower the 

RMSE is the better. The effect of each error on RMSE is proportional to the size of the squared 

error; thus larger errors have a disproportionately large effect on RMSE. Consequently, RMSE is 

sensitive to outliers. Normalizing RMSE results in the NRMSE equation (Equation 3.10) which 
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facilitates the comparison between datasets or models with different scales. RMSE is normalized 

using the mean of the measured data.  

NRMSE = √∑ (ŷi−yi)2ni=1 ny̅               (3.10) 

Where, n is the number of data points, yi is the ith observation of y and ŷ is the predicted 

y value from the model. Also, the mean value of y is y̅ = 1n∑ yin1=1  
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CHAPTER 4 

PRODUCTION HISTORY MATCHING (PHM) 

The objective of this part of the study is to develop a workflow to match production 

history data of hydraulically fractured horizontal wells with a decline curve analysis model. The 

history production data lengths to match vary (one month, three months, six months, one year, 

two years and entire production history). History matching is defined as the act of adjusting a 

model of a reservoir until it closely reproduces the past behavior of a reservoir (Rwechungura et 

al. 2011). The method used for matching (fitting) is least-squares fitting. More than 1,000 wells 

were studied and used for production history matching with an objective to formulate a 

computerized production history matching model that minimizes the margins of errors in 

forecasting and ensures a sound economical evaluation of unconventional wells.  

Establishing such a model starts with finding the optimum decline curve analysis (DCA) 

model that matched the actual production data. Decline curve analysis has been used to forecast 

production since its development by Arps in 1945 (Arps 1945). In unconventional reservoirs 

(ultra-low permeability reservoirs), using the classic Arps exponential, harmonic and hyperbolic 

DCA equations is unrealistic and leads to substantial risk of overstating reserves. The main 

reason behind for this is the fact that Arps’ model is developed for reservoirs undergoing 

boundary-dominated flow (BDF) which is nearly unreachable as a flow behavior in ultra-low 

permeability reservoirs as the dominate flow behavior throughout much of, possibly entirely, life 

of the well is transient flow.  

Several DCA models have been developed to fit different types of wells or flow 

behaviors. After testing several DCA models against the production data available it was 

observed that stretched exponential production decline (SEPD) equation and Arps hyperbolic 
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decline model showed the most promising results in matching actual production data of the 1,216 

hydraulically fractured horizontal wells from five different formations. The five formations are: 

Niobrara, Barnett, Haynesville, Eagle Ford and Bakken formations. Therefore, a workflow was 

developed to optimize production history matching. Afterwards, the optimized model was used 

to forecast production.  

The objective of the production history matching workflow is to be able to forecast 

production given only a limited production history. The workflow was tested against using 

different periods of production history. This procedure helped defining the optimum and realistic 

production data period needed to have satisfactory production forecasts using decline curve 

analysis. All the findings from this part of the study are used in further models and analysis. 

Using actual production data to match a DCA equation is challenging, but using the proposed 

workflow in this study can reduce the margin of error in history matching and ensures better 

forecasting estimates.  

 

4.1 Production History Matching Optimization Workflow 

The workflow developed for production history matching is designed to optimize fitting 

accuracy between actual production data and DCA models. The production data used into the 

workflow have to go through the data cleanup process discussed in Chapter 3. A MATLAB code 

was developed to perform the production history matching workflow. The objective of the 

developed production history matching workflow is to find the decline parameters that give best 

fits for the available production data. Best fit is found using least-squares fitting. After finding 

the best fit, the outputs are the decline parameters (for SEPD, parameters are n and τ, and for 

Arps hyperbolic decline, parameters are b and Di). The workflow to optimize production history 
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matching using the SEPD model is shown in Figure 4.1 and consists of three major steps 

following the cleanup process.  

The first step of the production history matching workflow is defining the inputs for the 

model. There are two main inputs gathered from production data:  

1- Initial monthly production rate, which is measured as the maximum flow rate reached in 

BOE/month. 

2- Monthly measured flow rates in barrel of oil equivalent (BOE), which is the sum of 

monthly oil and gas productions. Oil production is in barrels and gas volumes are 

converted to barrel of oil equivalent (BOE) by multiplying every thousand cubic feet 

(Mcf) by a conversion factor of 0.1767. The conversion factor is based on the energy 

contained in a barrel of oil compared to one Mcf of natural gas. There is approximately 

5.66 million British thermal units (MMBtu) of energy in a barrel of oil (this is an 

approximate measure as different grades of oil have slightly different energy 

equivalents). One Mcf of natural gas contains approximately one million British thermal 

units (MMBtu); therefore, approximately every 5.66 Mcf of natural gas have the energy 

equivalent of one barrel of oil.  

 

The second step is an iterative approach (least-squares fitting) used to test all the possible 

scenarios of n and τ to come up with the values which will produce the best match. Parameter (n) 

values are tested from 0.001 to 1 with an increment of 0.001, and parameter (τ) values are tested 

from 1 to 1000 with an increment of 1. Therefore, there are 1,000,000 different possible values 

combinations of n and τ for each well to be tested to come up with the best values of n and τ that 

result in the lowest errors in matching actual production data.  
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The third and last step of the production history matching workflow is matching the 

target. The target is the actual production data and using the SEPD equation with all the different 

scenarios of n and τ values as the model tries to find the optimum SEPD parameters’ values that 

produces the best match by calculating the total least square error (LSE) between actual 

production data and data produced using the SEPD equation for the entire production history. 

The SEPD parameters that produce the lowest total LSE are selected as the optimum model 

parameters and then used to forecast production until the economic limit and estimate cumulative 

production (EUR).   

Similarly with the Arps hyperbolic decline, the same workflow is followed with the 

objective of matching b and Di instead of n and τ values for each well. The entire workflow is 

written in MATLAB code and developed to be very user friendly and fully automated to run 

production history matching for several wells at once. The workflow illustrated in Figure 4.1 is 

designed to optimized production history matching with SEPD model. Nonetheless, the 

workflow developed could be adjusted to fit production history with any other decline curve 

analysis model. For this study, production history matching is done using two decline curve 

analysis models (Arps hyperbolic decline model and stretched exponential production decline 

(SEPD) model). Forecasting for all production history matching is done until the economic limit 

is reached. The economic limit for each well is the lowest reported flow rate at shut-in, at which 

the wells are believed to not be profitable anymore. In this study, the economic limit average is 

around 800 BOE/month for all the wells. 
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Figure 4.1 Optimized production history matching with SEPD model workflow using least-

squares fitting. 
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4.2 Production History Matching Using the Entire Production History 

In this section, production history matching is done between the entire actual production 

data with decline curve analysis models. The objective is to find the decline curve analysis model 

that best fits the production data and produces the most accurate ultimate recovery value. 

Production data from 1,216 wells from five different formations in the United States (Niobrara, 

Barnett, Haynesville, Eagle Ford and Bakken) were collected and then cleaned-up to eliminate 

all outliers and exclude data when the well is shut-in or not producing at full potential. The 

iterative Least-squares fitting workflow is performed on the production data with the stretched 

exponential production decline (SEPD) and the Arps hyperbolic decline equations to find the 

optimum (fitted) values of the decline parameters for each model. For the SEPD model, the 

parameters are initial flow rate (qi), n and τ, and for the Arps hyperbolic decline model, the 

parameters are initial flow rate (qi), b and Di. 

 

4.2.1 Matching Production with Arps Hyperbolic Decline Model 

Table 4.1 represents the error analysis results from production history matching between 

the entire production history and Arps hyperbolic decline model. Figures 4.2-4.6 show an 

example of a well from each formation of the resulted model match with the Arps hyperbolic 

decline model. The outcome of this production history matching is the decline parameters values 

for each well (qi, b and Di) assuming them to be constant through the entire production period. 

These parameters are used to calculate EUR for each well and compared with the actual EUR 

values which are measured using the cumulative production at the economic limit.  
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Table 4.1 Error analysis results for production history matching using entire production history 

with the Arps hyperbolic decline model 

Decline  

model 
Formation 

Average 

fitted qi  

(BOE/month) 

Average 

fitted b  

Average 

fitted Di  

(per 

month) 

MAPE  

(%) 
r 

NRMSE 

(%) 

Arps 

hyperbolic 

decline 

 

Niobrara 19758 1.33 0.032 1.10 0.999 1.57 

Barnett  11924 1.56 0.033 1.79 0.999 3.75 

Haynesville  59198 1.06 0.011 2.84 0.998 4.23 

Eagle Ford 30551 1.09 0.041 2.05 0.999 3.76 

Bakken 26770 1.56 0.055 1.76 0.993 8.16 

 

 

Figure 4.2 Example of production history matching of entire production history data with the 

Arps hyperbolic decline model for a well in the Niobrara formation. 
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Figure 4.3 Example of production history matching of entire production history data with the 

Arps hyperbolic decline model for a well in the Barnett formation. 

 

 

Figure 4.4 Example of production history matching of entire production history data with the 

Arps hyperbolic decline model for a well in the Haynesville formation. 
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Figure 4.5 Example of production history matching of entire production history data with the 

Arps hyperbolic decline model for a well in the Eagle Ford formation. 

 

 

Figure 4.6 Example of production history matching of entire production history data with the 

Arps hyperbolic decline model for a well in the Bakken formation. 
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4.2.2 Matching Production with the SEPD Model 

Table 4.2 represents the error analysis results from production history matching between 

entire production history and the SEPD model. Figures 4.7-4.11 show an example of a well from 

each formation of the resulted model match with SEPD. The outcome of this production history 

matching is the decline parameters values for each well (qi, n and τ) assuming them to be 

constant through the entire production period. These parameters are used to calculate EUR for 

each well and compared with the actual EUR values.  

 

Table 4.2 Error analysis results for production history matching using entire production history 

with the SEPD model 

Decline  

model 
Formation 

Fitted qi  

(average) 

(BOE/month) 

Fitted n  

(average) 

Fitted τ 

(average)  

(days) 

MAPE 

 (%) 
r 

NRMSE 

(%) 

SEPD  

Niobrara 19,740 0.62 258 1.34 0.9997 1.70 

Barnett  13,772 0.63 364 0.77 0.9998 1.32 

Haynesville  48,282 0.86 369 2.46 0.9973 3.81 

Eagle Ford 33,165 0.72 277 2.90 0.9989 4.44 

Bakken 35,254 0.39 161 1.40 0.9992 2.69 
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Figure 4.7 Example of production history matching of entire production history data with the 

SEPD model for a well in the Niobrara formation. 

 

 

Figure 4.8 Example of production history matching of entire production history data with the 

SEPD model for a well in the Barnett formation. 



54 

 

Figure 4.9 Example of production history matching of entire production history data with the 

SEPD model for a well in the Haynesville formation. 

 

 

Figure 4.10 Example of production history matching of entire production history data with the 

SEPD model for a well in the Eagle Ford formation. 
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Figure 4.11 Example of production history matching of entire production history data with the 

SEPD model for a well in the Bakken formation. 

 

4.2.3 Matching Production Data with a Hybrid Model 

When a well is being produced, there will be a transient flow regime initially. Eventually, 

the reservoir boundaries will be felt (boundary dominated Flow (BDF)). Therefore, a hybrid 

model is developed to accommodate both the transient and the BDF flow regimes. For the 

transient period, SEPD is used due to its high accuracy in matching production in transient flow. 

When the flow regime changes to BDF, Arps equation is used for the reminder of the well’s life. 

The main challenge is to identify the time to switch from SEPD to Arps equation (the time flow 

regime changes from transient to BDF). Diagnostic plots are used to study the flow regimes of 

all the wells in this research. The main challenge faced in using diagnostic plots is the 

unavailability of well production pressure data. Therefore, a diagnostic plot is used that doesn’t 

require pressure data. Also, given the large amount of wells to be studied, a MATLAB code is 
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written to do the diagnostics part and identify the time to switch from a transient model to a BDF 

model.  

To determine the flow regimes, the normalized flow rate is plotted (Equation 4.1) against 

material balance time (MBT) (Equation 4.2) in a log-log plot. The slope is measured and 

wherever the slop is a negative unit slope (slope = -1) that period is identified as a BDF period.  

Normalized flow rate at time t (unitless) = 
qtqi           (4.1) 

Material balance time (MBT) at time t (months) = 
Qtqt         (4.2) 

Where qt is the flow rate at time t in BOE/month, qi is the initial flow rate in BOE/month 

and Qt is the cumulative production at time t in BOE. Figures 4.12-4.16 show examples of a well 

from each formation of the diagnostic plot done on all wells to identify the start of the BDF 

period. Table 4.3 summaries the results from the flow regimes diagnostics for each formation.   

 

Table 4.3 Results from flow regime diagnostic for all wells in each formation and error analysis 

of production history matching using the developed hybrid model 

Decline  

model 
Formation 

% of 

wells 

reached 

BDF 

(%) 

Average 

BDF start 

time 

(days) 

% of 

well's life 

in BDF 

(%) 

Error in using hybrid model to 

calculate EUR 

MAPE  

(%) 
r NRMSE 

(%) 

Hybrid 

model 

Niobrara 73% 934 23 1.08 0.999 1.40 

Barnett  88% 914 29 1.18 0.999 1.97 

Haynesville  94% 949 44 2.20 0.998 3.41 

Eagle Ford 91% 1045 33 2.65 0.999 4.69 

Bakken 86% 1228 24 1.33 0.999 2.47 
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Figure 4.12 Example of flow regime diagnostic for a well in the Niobrara formation. 

 

 

Figure 4.13 Example of flow regime diagnostic for a well in the Barnett formation. 
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Figure 4.14 Example of flow regime diagnostic for a well in the Haynesville formation. 

 

 

Figure 4.15 Example of flow regime diagnostic for a well in the Eagle Ford formation. 
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Figure 4.16 Example of flow regime diagnostic for a well in the Bakken formation. 

 

4.3 Production History Matching Using Limited Production Data (Hindcasting) 

Hindcasting is performed by matching a portion of the known production history and 

comparing the remaining portion of known production history to the forecast. The main objective 

for production history matching is to forecast production with high accuracy given only a short 

production period. Therefore, production history matching is done using different early 

production periods (one month, three months, six months, one year and two years) and then 

compared to find the shortest production period needed to get reliable forecasts of EUR. Tables 

4.4 and 4.5 summarize the results from production history matching between different early 

production periods and Arps hyperbolic decline and SEPD models, respectively. Figures 4.17 – 

4.26 present an example of a well from each formation of the outcomes of production history 

matching using early production data with SEPD and Arps hyperbolic decline models. 
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Table 4.4 Results from production history matching on all wells from each formation using 

different production data periods with Arps hyperbolic decline model 

Decline  

model 
Formation 

Matching 

period  

Fitted b 

(average) 

Fitted Di 

(average) 

(per 

month) 

MAPE 

(%) 
r 

NRMSE 

(%) 

Arps 

hyperbolic 

decline 

Niobrara 

2 years 1.35 0.034 3.6 0.996 5.2 

1 year 1.44 0.034 9.3 0.979 13.9 

6 months 1.58 0.032 20.6 0.931 25.0 

3 months 1.66 0.018 31.3 0.863 32.6 

1 month 1.30 0.219 49.9 0.472 127.7 

Barnett  

2 years 1.62 0.033 5.7 0.987 13.3 

1 year 1.66 0.029 11.4 0.967 20.9 

6 months 1.71 0.036 17.9 0.935 28.6 

3 months 1.75 0.041 25.0 0.878 39.0 

1 month 1.31 0.384 58.9 0.627 196.5 

Haynesville  

2 years 1.36 0.011 20.2 0.965 28.7 

1 year 1.60 0.012 35.3 0.930 38.0 

6 months 1.78 0.011 48.9 0.849 43.8 

3 months 1.90 0.012 51.4 0.736 45.0 

1 month 1.33 0.198 62.8 0.307 142.2 

Eagle Ford 

2 years 1.20 0.042 9.8 0.983 22.3 

1 year 1.34 0.041 22.1 0.960 34.7 

6 months 1.51 0.043 36.5 0.929 41.5 

3 months 1.69 0.036 47.8 0.847 49.1 

1 month 1.27 0.398 57.2 0.563 175.9 

Bakken 

2 years 1.56 0.056 6.7 0.972 14.5 

1 year 1.50 0.069 14.5 0.942 22.3 

6 months 1.37 0.060 27.5 0.861 40.0 

3 months 1.26 0.043 38.5 0.776 58.0 

1 month 1.32 0.148 44.6 0.500 96.0 
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Table 4.5 Results from production history matching on all wells from each formation using 

different production data periods with SEPD model 

Decline  

model 
Formation 

Matching 

period  

Fitted n  

(average) 

Fitted τ 

(average)  

(days) 

MAPE 

(%) 
r NRMSE 

(%) 

SEPD  

Niobrara 

2 years 0.68 270 5.9 0.991 9.30 

1 year 0.76 279 15.4 0.946 21.4 

6 months 0.72 315 30.8 0.814 49.5 

3 months 0.58 474 67.9 0.735 92.1 

1 month 0.49 510 81.9 0.473 88.4 

Barnett  

2 years 0.69 360 7.0 0.981 14.8 

1 year 0.73 363 18.3 0.896 35.6 

6 months 0.59 385 42.3 0.780 80.9 

3 months 0.36 443 80.6 0.743 128.2 

1 month 0.44 465 65.6 0.568 94.6 

Haynesville  

2 years 0.89 389 9.4 0.938 20.3 

1 year 0.83 472 29.5 0.772 64.5 

6 months 0.65 629 86.6 0.652 136.8 

3 months 0.43 751 146.2 0.626 172.5 

1 month 0.52 528 81.7 0.303 94.8 

Eagle Ford 

2 years 0.79 288 10.5 0.974 20.6 

1 year 0.81 335 25.5 0.841 71.6 

6 months 0.61 454 77.8 0.791 179.2 

3 months 0.34 574 149.2 0.757 231.8 

1 month 0.46 447 96.4 0.476 139.8 

Bakken 

2 years 0.46 159 11.0 0.964 17.9 

1 year 0.53 172 24.0 0.861 37.0 

6 months 0.60 199 44.7 0.711 58.8 

3 months 0.61 205 68.3 0.615 94.6 

1 month 0.46 481 115.9 0.619 155.1 
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Figure 4.17 Example of production history matching using different production history data with 

Arps hyperbolic decline model for a well in the Niobrara formation. 

 

 

Figure 4.18 Example of production history matching using different production history data with 

SEPD model for a well in the Niobrara formation. 
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Figure 4.19 Example of production history matching using different production history data with 

Arps hyperbolic decline model for a well in the Barnett formation. 

 

 

Figure 4.20 Example of production history matching using different production history data with 

SEPD model for a well in the Barnett formation. 
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Figure 4.21 Example of production history matching using different production history data with 

Arps hyperbolic decline model for a well in the Haynesville formation. 

 

 

Figure 4.22 Example of production history matching using different production history data with 

SEPD model for a well in the Haynesville formation. 
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Figure 4.23 Example of production history matching using different production history data with 

Arps hyperbolic decline model for a well in the Eagle Ford formation. 

 

 

Figure 4.24 Example of production history matching using different production history data with 

SEPD model for a well in the Eagle Ford formation. 
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Figure 4.25 Example of production history matching using different production history data with 

Arps hyperbolic decline model for a well in the Bakken formation. 

 

 

Figure 4.26 Example of production history matching using different production history data with 

SEPD model for a well in the Bakken formation. 
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CHAPTER 5 

ARTIFICIAL NEURAL NETWORK (ANN) MODELS 

This chapter presents the models developed to estimate ultimate recovery using artificial 

neural networks. The developed models combine production history matching, completion data, 

production data and machine learning. The objective for each model developed is to predict EUR 

for each well with higher accuracy than using decline curve analysis or any production history 

matching technique given only a short early production data. The way these models are 

constructed is to improve upon the predictions of EUR from production history matching by 

including the completion data of each well. Machine learning algorithms deal with the 

complexity and recognize the hidden patterns between completion data and production.  There 

are six models developed for each of the four formations studied in this part for a total of twenty-

four models. The main differences between the six models developed for each formation is the 

production data used in each one of them. This chapter also presents in details how the ANN 

models are constructed and their final form used in predicting EUR values. These models are 

built and tested using actual data from 989 horizontal and hydraulically fractured wells from four 

different formations (Niobrara, Barnett, Eagle Ford and Bakken formations).  

 

5.1 ANN Models General Structure 

 Artificial neural networks are computing systems vaguely inspired by the biological 

neural networks that constitute our brains. The general structure of all the ANN models is a 

prediction (regression) model built using a feed-forward back-propagation network. The models 

consist of three main layers: 
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1- Input layer: Brings the initial data into the system for further processing. 

2- Hidden layer: A layer in-between input and output layers where artificial neurons take in 

a set of weighted inputs and produce an output through an activation function. There 

could be more than one hidden layer. Each hidden layer consists of a number of neurons. 

3- Output layer: The last layer of neurons that produces the output of the ANN model. 

Figure 5.1 shows an example of how the network layers are constructed (example network 

with four inputs, five neurons in hidden layer 1, three neurons in hidden layer 2 and one output). 

Each node represents a neuron and each arrow represents an associated weight value. The 

neurons (often called a unit or node) that constitute the hidden layers receives input from other 

nodes and computes an output. Each input has an associated weight (w), which are assigned and 

adjusted as the model is being trained. Each neuron applies a function to the weighted sum of its 

inputs. If a neuron is fed with N inputs, the processing it will perform is a weighted sum as 

shown in the equation below (Equation 5.1): 

Neuron output = f(∑ wi. xiNi=0 )        (5.1) 

Where, xi is the input value, wi is the weight associated with each input, N is the number 

of inputs and ƒ is the transfer function performed (often called activation function). The transfer 

function converts a neural network layer's net input into its net output. The sum of all the weights 

for each neuron equals one.  For each neuron there is a bias unit (X0) -or it can be referred to as 

(b)-, and it has its associated weight (w0). Figure 5.2 is an example of the structure of one neuron 

with several inputs feeding into it. There are two main phases in building ANN models. The first 

phase is training the model, and the second phase is testing and validating the model. 
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Figure 5.1 Example of the artificial neural network layers and connections structure. 

 

 

Figure 5.2 Example of the artificial neural network neuron structure with several inputs 

connected through weights. 
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5.1.1 Training ANN Models 

The objective of training the model is to establish the complex relationships between the 

many inputs and the output. The feed-forward back-propagation learning algorithm used starts 

by setting all the weights in the networks to small random numbers then the network gives an 

output using the assigned weights. The square difference between this output and the actual 

output is measured. Then the weights are adjusted using the training algorithm used until the sum 

of all errors is minimized (closest to zero).  Figure 5.3 illustrates the ANN training workflow, 

where target values are the actual values the model is trying to match. 

 

 
Figure 5.3 Illustration of the training workflow of an ANN model. 

 

There are several training algorithms that can be used in ANN. After several trial and 

error attempts, the training algorithm used in building all the models in this study is Bayesian 

regularization back-propagation algorithm which produced the best results compared with other 

algorithms tested on the data sets available for this study. It is a network training function that 

updates the weight and biases according to Levenberg-Marquardt optimization method.  It 

minimizes a combination of squared errors and weights and then determines the correct 

combination of weights to produce a network which generalizes and predicts well (MacKay 

1992). 
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The transfer function used for the two hidden layers is the positive saturating linear 

transfer function to avoid producing negative outputs. Where the transfer function used for the 

output layer is the linear transfer function. 

To train the ANN model and establish the most accurate weights between all the neurons, 

70% of the data set is used for training. The training phase is basically providing the model with 

both the inputs and the actual outputs (target) and letting the model train itself until it comes up 

with the best possible model structure that produces the most accurate estimates.   

 

5.1.2 Testing and Validation of ANN Models 

Testing and validation is the second phase of building an ANN model where the 

remaining 30% of the data sets are used. In this phase, only the inputs are provided to the model. 

The ANN model will then estimate the outputs. 10% of the data sets are used for validation to 

avoid overfitting, and the remaining 20% are used to test the model. Testing the model is done 

by using the already developed relationships between the inputs and the output through the 

training phase of the neural network.  

 

5.2 ANN Models Design 

There are twenty-four different ANN models with six models for each of the four 

formations developed in this study. These models vary in terms of inputs used and also in terms 

of the number of neurons they each have. The six ANN models for each formation have the same 

inputs with one major difference in terms of length of the production data period used. Table 5.1 

summarizes the ANN models developed.  
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Table 5.1 Models’ numbers, production period used and number of wells used for training and 
testing and validation for each model 

# Formation 
Model 

number 

Production data 

used 

Total 

number 

of wells 

Number 

of wells 

used to 

train the 

model 

Number of 

wells used 

to test and 

validate the 

model 

1 

Niobrara 

1.1 2 years 

161 113 48 

2 1.2 1 year 

3 1.3 6 months 

4 1.4 3 months 

5 1.5 1 month 

6 1.6 
No production data 

used 

7 

Barnett  

2.1 2 years 

470 329 141 

8 2.2 1 year 

9 2.3 6 months 

10 2.4 3 months 

11 2.5 1 month 

12 2.6 
No production data 

used 

13 

Eagle 

Ford 

3.1 2 years 

243 170 73 

14 3.2 1 year 

15 3.3 6 months 

16 3.4 3 months 

17 3.5 1 month 

18 3.6 
No production data 

used 

19 

Bakken 

4.1 2 years 

115 80 35 

20 4.2 1 year 

21 4.3 6 months 

22 4.4 3 months 

23 4.5 1 month 

24 4.6 
No production data 

used 

 

5.2.1 Determining Number of Neurons for Each Model 

All the ANN models developed consist of four layers; input layer, two hidden layers and 

an output layer. The number of neurons for each of the hidden layers are decided by trial and 

error. Each of the hidden layers will have one to twenty neurons which leads to 400 different 
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scenarios or combinations (20x20) of neurons for each model. All combinations of the number of 

neurons are tested to come up with the optimum number of neurons for each model. Testing the 

different combinations of neurons is done for the 400 scenarios by measuring the models 

outcome’s accuracy and selecting the most accurate model.  Table 5.2 summarizes the number of 

neurons for each of the models.  Figures 5.4 – 5.27 show the structure for all of the twenty-four 

ANN models. For each model, the number of inputs, number of neurons for each hidden layer 

and the transfer functions are shown in these figures. 

 

Table 5.2 Number of inputs and number of neurons in each hidden layer for each model 

Formation 
Model 

number 

Number of input 

variables 

Number of neurons 

in hidden layer 1  

Number of neurons 

in hidden layer 2 

Niobrara 

1.1 14 16 14 

1.2 14 12 7 

1.3 14 13 10 

1.4 14 12 3 

1.5 13 10 2 

1.6 11 7 10 

Barnett  

2.1 12 19 16 

2.2 12 17 17 

2.3 12 20 8 

2.4 12 18 18 

2.5 11 12 19 

2.6 9 13 14 

Eagle Ford 

3.1 12 11 11 

3.2 12 20 9 

3.3 12 18 15 

3.4 12 7 13 

3.5 11 18 1 

3.6 9 17 16 

Bakken 

4.1 12 8 17 

4.2 12 6 19 

4.3 12 5 14 

4.4 12 5 13 

4.5 11 17 13 

4.6 9 15 8 
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Figure 5.4 Model 1.1 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.5 Model 1.2 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.6 Model 1.3 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.7 Model 1.4 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 
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Figure 5.8 Model 1.5 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.9 Model 1.6 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.10 Model 2.1 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.11 Model 2.2 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 
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Figure 5.12 Model 2.3 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.13 Model 2.4 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.14 Model 2.5 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.15 Model 2.6 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 
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Figure 5.16 Model 3.1 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.17 Model 3.2 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.18 Model 3.3 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.19 Model 3.4 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 
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Figure 5.20 Model 3.5 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.21 Model 3.6 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.22 Model 4.1 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.23 Model 4.2 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 
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Figure 5.24 Model 4.3 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.25 Model 4.4 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.26 Model 4.5 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 

 

 

Figure 5.27 Model 4.6 structure (number of inputs, hidden layers, neurons in each hidden layer 

and number of outputs). 
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5.2.2 ANN Models Inputs and Output 

The output for all the models developed is the actual cumulative production (EUR) for 

each well after the well is shut-in and reached its economic limit. The estimated ultimate 

recovery (EUR) values used in this study are the cumulative oil and gas quantities produced by a 

well until it reached its economic limit assigned by the operator and is then reported to be in a 

“shut-in” status. To capture the entire production decline of a well, only wells that are shut-in 

(reached economic limit) and abandoned are used. The average shut-in production rate for all the 

wells was around 800 BOE/month (26 BOE/day). In selecting the inputs, several factors were 

taken into account including availability and actual impact in productivity. Also, the correlation 

coefficient between the inputs and EUR were taken into account in considering the inputs for 

each model. This method in selecting the input variables is called “rank correlation” method 

(May et al. 2011). Figures 5.28 – 5.31 represent the absolute correlation coefficient between the 

several input parameters and EUR for each of the four formations. Cumulative production values 

after certain periods (three months, six months, one year and two years) showed -as expected- a 

very high correlation with EUR. Even the one month cumulative production which is presented 

as initial flow rate (cumulative production for the first month) showed a much higher correlation 

with EUR than any other completion parameter. The remaining inputs are completion parameters 

and their correlation with EUR varies between formations and range mostly between 0.10 to 0.20 

and in few cases reach around 0.60 or drop to less than 0.05 absolute correlation coefficient.  

The input parameters consist of production data, production history matching outcomes 

and well completion data. For production data, each one of the six models for each formation 

covers a portion of production history (model for two years, one year, six months, three months 

and one month) and a model without any production data. These models use cumulative 
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production at the end of the production period it is designed to work with. Also, initial flow rate 

is used in all the models except the models designed without the use of any production data. For 

production history matching outcomes, EUR estimates for each well are used. Some models use 

EUR from matching production with SEPD model and others with Arps hyperbolic decline 

model, depending on which DCA model provided a better EUR estimates in production history 

matching.  

For completion data, perforated interval length (ft), lateral length (ft), horizontal length 

(ft), total proppant volume used (lbs), total fluid volume used (bbl) and horizontal wells spacing 

(ft) are used as input parameters for the ANN models. Also, a formulation of these inputs are 

developed and used (e.g. proppant volume per foot of perforated interval (lb/ft), fluid volume per 

foot of perforated interval (bbl/ft) and proppant concentration (lb/gal)). For the Niobrara 

formation, due to the availability of more well completion data, number of stages, stage spacing 

(ft), maximum treatment pressure (psi) and maximum treatment pressure per foot of true vertical 

depth (TVD) (psi/ft) are also used as input parameters in the models. Tables 5.3 – 5.6 summarize 

the inputs used for each model. Horizontal well spacing calculated is used as a completion 

parameter that differs between wells depending on their location within the nearby wells. 

Whenever a well has no nearby wells (no well spacing calculated), well spacing would be 

assumed as 5,000 ft (just a large number to differ unbounded wells from wells that have nearby 

wells affecting their productivity). 
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Figure 5.28 Absolute correlation coefficient between well completion parameters and EUR 

values for wells in the Niobrara formation. 

 

 

Figure 5.29 Absolute correlation coefficient between well completion parameters and EUR 

values for wells in the Barnett formation. 
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Figure 5.30 Absolute correlation coefficient between well completion parameters and EUR 

values for wells in the Eagle Ford formation. 

 

 

Figure 5.31 Absolute correlation coefficient between well completion parameters and EUR 

values for wells in the Bakken formation. 
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Table 5.3 Inputs used for each model for the Niobrara formation 

 

 

Table 5.4 Inputs used for each model for the Barnett formation 

 

Formation
Model 

number

Number 

of input 

variables

Production data used
EUR value from production history matching

(DCA model used for matching - length of production data used)
Completion data used

1.1 14
Initial production rate

2 years Cumulative production
Arps hyperbolic decline model - 2 years

1.2 14
Initial production rate

1 year Cumulative production
Arps hyperbolic decline model - 1 year

1.3 14
Initial production rate

6 months Cumulative production
Arps hyperbolic decline model - 6 months

1.4 14
Initial production rate

3 months Cumulative production
Arps hyperbolic decline model - 3 months

1.5 13 Initial production rate SEPD model - 1 month

1.6 11 - -

Niobrara

Perforation interval length

Horizontal length

Horizontal well spacing

Total proppant volume

Total fluids volume

Proppant volume/ft of perforated interval

Fluids volume/ft of perforated interval

Number of stages

Stage spacing

Maximum treatment pressure 

Maximum treatment pressure per TVD

Formation
Model 

number

Number 

of input 

variables

Production data used
EUR value from production history matching

(DCA model used for matching - length of production data used)
Completion data used

2.1 12
Initial production rate

2 years Cumulative production
Arps hyperbolic decline model - 2 years

2.2 12
Initial production rate

1 year Cumulative production
Arps hyperbolic decline model - 1 year

2.3 12
Initial production rate

6 months Cumulative production
Arps hyperbolic decline model - 6 months

2.4 12
Initial production rate

3 months Cumulative production
Arps hyperbolic decline model - 3 months

2.5 11 Initial production rate Arps hyperbolic decline model - 1 month

2.6 9 - -

Barnett 

Perforation interval length

Horizontal length

Lateral length

Horizontal well spacing

Total proppant volume

Total fluids volume

Proppant volume/ft of perforated interval

Fluids volume/ft of perforated interval

Proppant concentration
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Table 5.5 Inputs used for each model for the Eagle Ford formation 

 

 

Table 5.6 Inputs used for each model for the Bakken formation 

 

Formation
Model 

number

Number 

of input 

variables

Production data used
EUR value from production history matching

(DCA model used for matching - length of production data used)
Completion data used

3.1 12
Initial production rate

2 years Cumulative production
Arps hyperbolic decline model - 2 years

3.2 12
Initial production rate

1 year Cumulative production
Arps hyperbolic decline model - 1 year

3.3 12
Initial production rate

6 months Cumulative production
Arps hyperbolic decline model - 6 months

3.4 12
Initial production rate

3 months Cumulative production
SEPD model - 3 months

3.5 11 Initial production rate SEPD model - 1 month

3.6 9 - -

Eagle Ford

Perforation interval length

Horizontal length

Lateral length

Horizontal well spacing

Total proppant volume

Total fluids volume

Proppant volume/ft of perforated interval

Fluids volume/ft of perforated interval

Proppant concentration

Formation
Model 

number

Number 

of input 

variables

Production data used
EUR value from production history matching

(DCA model used for matching - length of production data used)
Completion data used

4.1 12
Initial production rate

2 years Cumulative production
Arps hyperbolic decline model - 2 years

4.2 12
Initial production rate

1 year Cumulative production
Arps hyperbolic decline model - 1 year

4.3 12
Initial production rate

6 months Cumulative production
Arps hyperbolic decline model - 6 months

4.4 12
Initial production rate

3 months Cumulative production
SEPD model - 3 months

4.5 11 Initial production rate SEPD model - 1 month

4.6 9 - -

Bakken

Perforation interval length

Horizental length

Lateral length

Horizental well spacing

Total proppant volume

Total fluids volume

Proppant volume/ft of perforated interval

Fluids volume/ft of perforated interval

Proppant concentration
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5.3 ANN Models Workflow 

The workflow to develop (train and test) the ANN models in this study for each 

formation consists of four main phases. The data used for each model are from several wells 

from the same formation. To develop an ANN model, a significant amount of data is needed. In 

this case, several wells’ data was gathered from the same formation for each model. The data 

collected is actual raw data of several wells with great differences between them in terms of 

production and completion. Each model differs in the type of input parameters it requires and its 

structure. Designing the optimum structure for each model required following several steps of 

training and testing using the large data set available. A workflow was designed to optimize the 

ANN models performance. The main phases and steps followed to develop the ANN models are: 

Phase 1: Data acquisition and preparation 

1.1 Production data 

1.1.1 Production data clean-up 

1.2 Actual EUR values for each well 

1.3 Completion data 

Phase 2: Production history matching using different production periods 

 2.1 Select the period of production to use 

 2.2 Production history matching using the Arps hyperbolic decline model 

 2.3 Production history matching using the SEPD model 

 2.4 Select the model that provided the best fit 

 2.5 Calculate estimated EUR by forecasting production until reaching economic limit 
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Phase 3: Training the models 

 3.1 Provide both inputs and the output (actual EUR) data of 70% of the wells 

 3.2 Identify optimum number of neurons for each hidden layer using an iterative method 

 3.3 Train the model  

3.4 Produce trained model  

Phase 4: Testing the models 

 4.1 Provide only input data of the remaining 30% of the wells 

 4.2 Run the models for testing 

 4.3 Calculate predicted EUR values 

4.4 Compare the predicted EUR against the known actual EUR and measure the error 

After developing the models they can be used for any well from the same formation 

following these steps: 

1- Select a well 

1.1 Provide production data  

1.1.1 Production data clean-up 

1.2 Provide well completion data  

2- Follow production history matching methodology discussed in Chapter 4 

2.1 Calculate predicted EUR by forecasting production  

3- Choose the appropriate model to use based on the following: 

 ANN model is for the same formation as the well selected 
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 Production data availability depending on the type of model to use (two years, one 

year, six months, three months, one month or no production data) 

4- Run ANN model by providing the inputs it requires 

5- Obtain the predicted EUR value 

 

Figure 5.32 illustrates the training and testing workflow to develop the ANN models. Figure 

5.33 shows the steps to follow in order to use the developed ANN models.  

 

 

Figure 5.32 Workflow illustrating how ANN models were built, trained and tested. 
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Figure 5.33 Workflow illustrating how to use the built ANN models. 

 

5.4 ANN Models Outcomes 

After training and testing the models, each models’ structure (neurons, weights and 

biases) can be presented in an equation (correlation) format with several parameters. The 

objective of presenting the models in equations is to enable utilizing them easily. Also, these 

models have been already trained and developed and therefore, they are ready to be used without 

the need of going through the training phase which requires a significant amount of data sets 

(wells).  



90 

5.4.1 The Developed ANN Process to Calculate EUR 

The developed ANN process in all the models to calculate EUR (using neurons, weights 

and biases) can be illustrated in a series of equations. The weights and biases of the optimized 

model were extracted, as these weights and biases can be implemented to calculate the EUR 

value for any well from the same formation given the inputs each model requires. The following 

steps summarize the process of calculating EUR for any well using the developed ANN models. 

Step 1: Normalize all the inputs  

All the inputs are normalized to fall in the range of [-1 to 1] using the Equation 5.2: yi = 2(xi−xi,min)xi,max−xi,min − 1          (5.2) 

Where, yi is the normalized value for each input (i), xi is the actual value of the input (i), 

xi,max is the maximum value of the input (i) from the entire data set used for training and xi,min is 

the minimum value of the input (i) from the entire data set used for training. 

Step 2: Calculate the sum product of the weights and normalized inputs for each neuron in 

hidden layer 1 (Equation 5.3): S1,j = ∑ wi,j. yiNi=0 + b1,j         (5.3) 

Where, S1,j is the sum product outcome from hidden layer 1 of each neuron (j), N is the 

total number of inputs, wi,j is the weight value for each neuron (j) assigned to each input (i) and 

b1,j is the bias value assigned for each neuron (j) for hidden layer 1. 

Step 3: Apply the transfer function for hidden layer 1: 

The transfer function used for hidden layer 1 is a positive saturating linear transfer function 

(Equation 5.4).  
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A1,j = f(S1,j) = { 1          S1,j ≥ 1         S1,j     0 < S1,j < 10          S1,j ≤ 0        (5.4) 

Step 4: Calculate the sum product of the weights in hidden layer 2 and outputs product (Aj) from 

hidden layer 1 for each neuron (Equation 5.5). S2,j = ∑ wi,j. A1,iJi=0 + b2,j         (5.5) 

Step 5: Apply the transfer function for hidden layer 2: 

The transfer function used for hidden layer 2 is positive saturating linear transfer function 

(Equation 5.6).  

A2,j = f(S2,j) = { 1          S2,j ≥ 1         S2,j    0 < S2,j < 10          S2,j ≤ 0        (5.6) 

Step 6: Calculate the sum product of the weights in output layer and outputs product (Aj) from 

hidden layer 2 (Equation 5.7). Z = ∑ wi. A2,iNi=0 + b3          (5.7) 

Where Z is the normalized model output  

Step 7: De-normalize the output value using the following equation (Equation 5.8) 

EUR = (Z+1)(EURmax−EURmin)2 + EURmin        (5.8) 

 Where, EURmax is the maximum value of the EUR from the entire data set used for 

training, and EURmin is the minimum value of EUR from the entire data set used for training. All 

the weights and biases for the twenty-four ANN models are shown in Tables A.1 – A.24 in 

Appendix A. 
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5.4.2 ANN Models Results Error Analysis 

After developing the models, they were tested against actual data. Table 5.7 summarizes 

the error analysis for training and testing and validation for all the models, where the training 

data set represents 70% of the wells and the testing and validation data set represent the 

remaining 30% of the wells. Figure 5.34 summarizes the absolute correlation coefficient of the 

training and validation part of all the models. Furthermore, plotting actual EUR values versus 

predicted EUR values from the models is presented in Figures 5.35 – 5. 58 for all the twenty-four 

models. These figures represent the model outcomes for the all data sets, training and testing and 

validation data sets.  

 

 

Figure 5.34 Absolute correlation coefficient between EUR values from testing all the models 

with actual EUR values. 
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Table 5.7 Error analysis of training and testing and validation of ANN models developed 

Formation 
Model 

number 

Training data sets (70% of the 

wells) 

Testing and validation data sets 

(30% of the wells) 

MAPE 

(%) 
r NRMSE 

(%) 

MAPE 

(%) 
r NRMSE 

(%) 

Niobrara 

1.1 2.6 0.999 2.7 4.3 0.998 3.7 

1.2 4.2 0.998 3.9 14.0 0.989 10.3 

1.3 7.2 0.992 7.1 17.7 0.962 16.6 

1.4 16.4 0.967 15.4 15.5 0.951 15.6 

1.5 24.6 0.928 20.5 36.7 0.859 32.5 

1.6 35.3 0.906 25.0 50.4 0.547 46.9 

Barnett  

2.1 6.5 0.997 5.8 8.9 0.986 12.2 

2.2 14.1 0.984 13.1 14.3 0.969 17.1 

2.3 22.8 0.970 17.3 29.2 0.946 24.9 

2.4 25.6 0.968 18.8 41.4 0.877 34.6 

2.5 52.7 0.898 32.4 54.4 0.752 45.8 

2.6 93.4 0.534 61.0 112.4 0.337 70.7 

Eagle Ford 

3.1 10.2 0.997 6.1 12.3 0.989 11.5 

3.2 19.3 0.996 6.9 17.4 0.977 18.8 

3.3 19.9 0.978 16.5 31.8 0.949 24.9 

3.4 26.7 0.952 24.4 28.6 0.905 26.6 

3.5 34.6 0.912 31.7 43.0 0.807 41.0 

3.6 86.9 0.637 64.8 126.6 0.400 72.1 

Bakken 

4.1 5.7 0.994 6.3 11.9 0.992 8.2 

4.2 11.0 0.979 12.5 14.1 0.939 18.4 

4.3 17.1 0.976 14.1 18.4 0.885 20.4 

4.4 19.4 0.960 16.8 35.8 0.846 28.9 

4.5 20.4 0.901 25.9 40.9 0.705 41.1 

4.6 53.7 0.884 29.7 57.3 0.354 51.5 
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Figure 5.35 Model 1.1 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.36 Model 1.2 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.37 Model 1.3 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.38 Model 1.4 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.39 Model 1.5 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.40 Model 1.6 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.41 Model 2.1 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.42 Model 2.2 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.43 Model 2.3 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.44 Model 2.4 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.45 Model 2.5 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.46 Model 2.6 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.47 Model 3.1 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.48 Model 3.2 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.49 Model 3.3 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.50 Model 3.4 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.51 Model 3.5 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.52 Model 3.6 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.53 Model 4.1 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.54  Model 4.2 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.55 Model 4.3 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.56 Model 4.4 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Figure 5.57 Model 4.5 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 



117 

 

Figure 5.58 Model 4.6 EUR values vs. actual EUR values for all data sets, training and testing 

and validation data sets. 
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Part of the error analysis performed on all the ANN models developed is plotting the 

error histogram for each model. Error histogram computes the error values as the difference 

between EUR actual values and predicted EUR values. All the error histogram plots consist of 30 

bins (“bins” are the number of vertical bars being observed on the graph). Figures 5.59 – 5.82 

present the histograms for all data sets for each of the twenty-four ANN models. The x-axis 

“errors” represents the difference (in BOE) between the actual EUR vs. the predicted EUR value 

using the model, while the y-axis represents the number of instances where each range of 

differences occurred (number of wells). 

 

 

Figure 5.59 Model 1.1 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.60 Model 1.2 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.61 Model 1.3 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.62 Model 1.4 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.63 Model 1.5 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.64 Model 1.6 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.65 Model 2.1 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.66 Model 2.2 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.67 Model 2.3 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.68 Model 2.4 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.69 Model 2.5 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.70 Model 2.6 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.71 Model 3.1 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.72 Model 3.2 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.73 Model 3.3 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.74 Model 3.4 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.75 Model 3.5 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.76 Model 3.6 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.77 Model 4.1 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.78 Model 4.2 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.79 Model 4.3 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.80 Model 4.4 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

 

Figure 5.81 Model 4.5 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 
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Figure 5.82 Model 4.6 error histogram. Difference between actual and predicted EUR (in BOE) 

vs. number of instances (wells) range of difference occurred. 

 

5.4.3 Weights Ranking of the Inputs 

Neural networks, unlike expert systems, do not provide an audit trail that explains how 

the system arrived at its results and are not designed for exploiting existing expertise. Neural 

networks are taught based on intensive computations. Users can make judgments about the input 

or causal variables in a model by partitioning the relative share of the output prediction 

associated with each input variable. Users employ connection weights from the input layer to the 

hidden nodes to the output layer for partitioning (Garson 1991). Garson (1991) developed a very 

simple method for using neural networks to interpret input factors for purposes of causal 

analysis. The method utilizes the connection-weight outputs. The connection weights from the 

input layer to the hidden neurons to the output layer can be used to partition the relative share of 

the output prediction associated with each input variable. The objective of the method is to 
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employ the partition to make judgments about the relative importance of input variables in a 

model (Hassan and Ibrahim 2013). Equation 5.9 is an algorithm developed by Garson to estimate 

the relative importance of each input in the model. 

Ij = ∑ (( |wjmih |∑ |wkmih | k=Nik=1 )×|wmnho |)m=Nhm=1
∑ {∑ (( |wjmih |∑ |wkmih | k=Nik=1 )×|wmnho |)m=Nhm=1 }k=Nik=1

        (5.9) 

 

Where, Ij represents the relative importance of the jth input variable on the predicted 

output. Ni and Nh are the number of input and hidden neurons, respectively. w are the weights 

values. The subscripts (i), (h) and (o) are input, hidden and output layers, respectively. The 

subscripts (k), (m) and (n) refer to input, hidden and output neurons, respectively. The sum of Ij 

(sum of relative importance for all inputs) equals 1 (or 100% in terms of percentage). 

To measure the relative importance of each input into predicting EUR values, the best 

models in terms of predicting accuracy are selected from each formation (models using two years 

of production history). Tables 5.8 – 5.11 summarize the relative importance index for each input 

in models 1.1, 2.1, 3.1 and 4.1, respectively.  
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Table 5.8 Relative importance index for each input used for model 1.1 

Model 

number 
Input Rank 

Relative 

importance 

Ij 

(%) 

1.1 

EUR value from production history matching 1 28.1 

Proppant volume per foot of perforated interval 2 11.5 

Total proppant volume 3 7.4 

Initial flow rate 4 7.4 

Total fluid volume 5 6.6 

Stage spacing 6 6.1 

Cumulative production after two years 7 4.8 

Well horizontal spacing 8 4.6 

Maximum treatment pressure per TVD 9 4.5 

Stage count 10 4.4 

Horizontal length 11 4.0 

Perforated interval length 12 3.9 

Total fluid volume per foot of perforated 

interval 
13 3.6 

Maximum treatment pressure 14 3.1 

 

Table 5.9 Relative importance index for each input used for model 2.1 

Model 

number 
Input Rank 

Relative 

importance  

Ij 

(%) 

2.1 

EUR value from production history matching 1 17.9 

Cumulative production after two years 2 9.5 

Horizontal  length 3 8.9 

Initial flow rate 4 8.7 

Total fluid volume per foot of perforated 

interval 
5 8.5 

Well horizontal  spacing 6 8.0 

Proppant concentration 7 7.8 

Total proppant volume 8 6.7 

Total fluid volume 9 6.4 

Lateral length 10 6.0 

Proppant volume per foot of perforated interval 11 5.9 

Perforated interval length 12 5.8 
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Table 5.10 Relative importance index for each input used for model 3.1 

Model 

number 
Input Rank 

Relative importance  

Ij 

(%) 

3.1 

EUR value from production history matching 1 15.3 

Cumulative production after two years 2 13.1 

Initial flow rate 3 10.2 

Lateral length 4 9.9 

Total proppant volume 5 8.0 

Well horizontal  spacing 6 7.9 

Total fluid volume per foot of perforated interval 7 6.8 

Horizontal  length 8 6.6 

Perforated interval length 9 6.3 

Total fluid volume 10 5.9 

Proppant volume per foot of perforated interval 11 5.4 

Proppant concentration 12 4.6 

 

Table 5.11 Relative importance index for each input used for model 4.1 

Model 

number 
Input Rank 

Relative 

importance  

Ij 

(%) 

4.1 

EUR value from production history matching 1 15.2 

Horizontal  length 2 10.7 

Lateral length 3 9.5 

Total fluid volume per foot of perforated 

interval 
4 8.8 

Perforated interval length 5 8.6 

Cumulative production after two years 6 7.9 

Total fluid volume 7 7.6 

Initial flow rate 8 6.9 

Proppant concentration 9 6.6 

Total proppant volume 10 6.4 

Proppant volume per foot of perforated interval 11 6.2 

Well horizontal  spacing 12 5.7 
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CHAPTER 6 

PROBABILISTIC AND STATISTICAL ANALYSIS 

In this chapter, probabilistic and statistical analyses are done on the models developed in 

this study using the actual data from several wells from different formations. For the 

probabilistic analysis, Monte Carlo simulation is applied to produce hundreds of thousands of 

different scenarios to evaluate the probability distribution of EUR for each model and each 

formation. Furthermore, several statistical analysis are performed on the models and the actual 

data in this study to observe the different production behaviors each well/formation exhibit.  

 

6.1 Probabilistic Analysis Using Monte Carlo Simulation 

A Monte Carlo simulation begins with a model. In this model, each of the input 

parameters has to be described by a probability distribution. The distribution has to be 

representative of the frequency distribution of the original input data used in the models. Several 

random scenarios are developed using the input data, and these scenarios are used as an input for 

the models. The output for each of the models is EUR values with a normal distribution. Monte 

Carlo simulation is performed on each of the twenty-four ANN models developed with 100,000 

different scenarios for each model.  

 

6.1.1 Normal Cumulative Distribution Function 

Actual EUR values of the wells from each formation are converted to a probability 

distribution using the normal cumulative distribution function. Values of P90, P50 and P10 for 
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each formation can then be interpreted, although subject to the range of wells used only. P90 

represents expected EUR value where there is a 90% probability each well will at least produce. 

P50 represents expected EUR value where there is a 50% probability each well will at least 

produce. P10 represents expected EUR value where there is a 10% probability each well will at 

least produce. These values can be compared with the Monte Carlo simulation outcomes. The 

normal cumulative distribution function is shown in Equation 6.1: 

p = F(x|µ, σ) =  1σ√2π∫ e−(t−µ)22σ2x−∞ dt        (6.1) 

Where p is the probability that a single observation from a normal distribution, µ is the 

mean value of the data set, σ is the standard deviation of the data set and x is the EUR value for 

each well. Table 6.1 summarizes the statistical analysis and normal cumulative distribution of 

EUR values for each formation calculated using the actual data from the several wells collected 

from each formation. Figures 6.1-6.4 represent the frequency distribution and the cumulative 

probability distributions of EUR values for each formation using the actual wells data. 

 

Table 6.1 Statistical analysis and normal cumulative distribution of EUR (BOE) for each 

formation 

Formation 
Number 

of wells  

Max 

(BOE) 

Min 

(BOE)  

µ 

(BOE) 

σ 

(BOE) 

 P90 

(BOE) 

 P50 

(BOE) 

 P10 

(BOE) 

Niobrara 161 393,131 12,331 140,848 80,904 37,165 140,848 244,531 

Barnett  470 538,412 5,109 124,498 79,915 7,989 110,404 212,818 

Eagle 

Ford 
243 1,185,473 6,582 260,221 195,523 9,649 260,221 510,793 

Bakken 115 827,628 21,587 193,833 111,610 39,071 182,105 325,138 
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Figure 6.1 Frequency and cumulative probability distributions for EUR values from wells in the 

Niobrara formation. 

 

 

Figure 6.2 Frequency and cumulative probability distributions for EUR values from wells in the 

Barnett formation. 
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Figure 6.3 Frequency and cumulative probability distributions for EUR values from wells in the 

Eagle Ford formation. 

 

 

 

Figure 6.4 Frequency and cumulative probability distributions for EUR values from wells in the 

Bakken formation. 
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6.1.2 Monte Carlo Simulation Input Data  

For each formation, random input data are created using a triangular distribution for each 

of the input parameters. The triangular distribution is chosen to determine a maximum and a 

minimum for each of the well completion parameters using the actual data used to develop these 

models. The triangular distribution for each input parameter is developed by defining the upper 

limit for each parameter, which is the maximum value of that parameter from the actual data 

used to develop the model, the lower limit, which is the minimum value of that parameter from 

the actual data used to develop the model, and the peak location, which is the mean value of that 

parameter from the actual data used to develop the model. The triangular distribution equation is 

shown in Equation 6.2:  

f(x|a, b, c) = { 
 2(x−a)(c−a)(b−a)    ;    a ≤ x ≤ b2(c−x)(c−a)(c−b)    ;    b < x ≤ c              0             ;        x < a, x > c          (6.2) 

Where, a is the lower limit, c is the upper limit, b is the peak location and x is a randomly 

generated value. 

Tables 6.2 – 6.5 present the main statistical analysis of the input data (completion 

parameters) used for each of the four formations (Niobrara, Barnett, Eagle Ford and Bakken, 

respectively). 100,000 different random scenarios were developed for each input. 
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Table 6.2 Statistical analysis of 100,000 different scenarios of each completion and production 

parameter for the Niobrara formation 

 

 

Table 6.3 Statistical analysis of 100,000 different scenarios of each completion and production 

parameter for the Barnett formation 

 

Input parameter Unit Maximum Minimum Mean Standard deviation

Perforated interval length ft 10,403.7            684.1                    5,319.1           2,008.7                            

Stage count 61.8                    5.2                         31.0                 11.7                                  

Maximum treatment pressure per TVD psi/ft 1.4                       0.3                         0.9                   0.2                                    

Horizontal  length ft 15,684.2            1,566.2                7,662.6           2,968.2                            

Stage spacing ft 317.5                  125.0                    212.5               40.1                                  

Maximum treatment pressure  psi 9,781.7              3,489.2                6,806.7           1,297.7                            

Initial flow rate BOE/month 27,517.5            1,020.3                13,586.3         5,430.7                            

Cumulative production after 2 years BOE 300,162.0          8,016.5                139,561.7      61,018.2                          

Cumulative production after 1 year BOE 205,842.8          6,814.5                96,599.6         41,354.8                          

Cumulative production after 6 months BOE 128,623.0          3,772.3                60,870.2         25,828.2                          

Cumulative production after 3 months BOE 73,320.1            2,163.3                35,278.8         14,654.1                          

Proppant volume per foot of perforated interval Ib/ft 3,303.7              29.2                      1,432.5           692.5                                

Total fluids volume per foot of perforated interval bbl/ft 62.2                    8.4                         30.4                 11.6                                  

Well horizontal  spacing ft 4,989.1              145.2                    2,417.1           997.5                                

Total proppant volume Ib 14,219,693.1    147,164.7            6,325,475.2   2,945,705.8                    

Total fluids volume bbl  278,114.4          17,131.0              131,756.8      54,658.6                          

EUR value from production history matching (2 years) BOE 418,436.5          10,617.0              190,989.8      85,577.6                          

EUR value from production history matching (1 year) BOE 462,464.1          10,063.7              206,928.8      95,033.4                          

EUR value from production history matching (6 months) BOE 468,514.6          10,972.5              211,499.2      95,739.2                          

EUR value from production history matching (3 months) BOE 466,142.8          8,529.1                211,549.0      95,792.4                          

EUR value from production history matching (1 month) BOE 658,090.6          1,802.2                284,841.3      138,600.9                       

Input parameter Unit Maximum Minimum Mean Standard deviation

Perforated interval length ft 7,515.0                 223.5                    3,762.3            1,497.8                              

Horizontal  length ft 12,553.8               1,022.9                5,947.0            2,430.3                              

Lateral length ft 12,457.2               749.4                    5,655.8            2,479.7                              

Total proppant volume Ib 20,129,330.0       76,995.0              7,965,045.6   4,378,511.8                      

Total fluids volume bbl  1,187,668.9         4,732.8                435,922.6       267,721.9                         

Proppant concentration Ib/gal 34.6                       0.04                      11.9                  8.0                                      

Initial flow rate BOE/month 41,735.4               250.0                    17,115.4         8,904.1                              

Cumulative production after 2 years BOE 375,201.7             2,994.7                153,870.7       80,050.9                            

Cumulative production after 1 year BOE 238,347.6             1,570.6                98,494.8         50,551.8                            

Cumulative production after 6 months BOE 161,599.4             1,014.3                66,414.7         34,659.8                            

Cumulative production after 3 months BOE 105,178.1             568.5                    42,616.4         22,571.4                            

Proppant volume per foot of perforated interval Ib/ft 6,064.6                 17.7                      2,381.4            1,324.5                              

Total fluids volume per foot of perforated interval bbl/ft 285.2                     0.7                        106.1               64.0                                    

Well horizontal  spacing ft 4,995.7                 362.0                    3,033.3            981.9                                  

EUR value from production history matching (2 years) BOE 584,362.2             554.2                    232,334.8       126,576.7                         

EUR value from production history matching (1 year) BOE 584,378.5             1,108.8                232,887.9       126,565.6                         

EUR value from production history matching (6 months) BOE 573,788.9             1,130.5                229,524.2       124,295.7                         

EUR value from production history matching (3 months) BOE 534,873.3             515.8                    215,753.3       115,937.9                         

EUR value from production history matching (1 month) BOE 353,893.5             792.1                    133,620.9       79,031.8                            
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Table 6.4 Statistical analysis of 100,000 different scenarios of each completion and production 

parameter for the Eagle Ford formation 

 

 

Table 6.5 Statistical analysis of 100,000 different scenarios of each completion and production 

parameter for the Bakken formation 

 

Input parameter Unit Maximum Minimum Mean Standard deviation

Perforated interval length ft 8,827.7               1,132.8             4,923.4          1,580.6                        

Horizontal  length ft 9,699.5               2,027.5             5,713.7          1,584.8                        

Lateral length ft 8,642.1               801.2                4,791.8          1,616.7                        

Total proppant volume Ib 13,600,179.3    42,578.7          5,946,190.9  2,854,577.6                

Total fluids volume bbl  278,216.9          2,677.5             124,663.4      57,267.4                      

Proppant concentration Ib/gal 2.4                       0.05                   1.2                   0.5                                

Initial flow rate BOE/month 105,859.8          1,123.9             44,132.3        22,499.1                      

Cumulative production after 2 years BOE 838,824.5          5,886.3             348,236.9      178,975.3                   

Cumulative production after 1 year BOE 701,040.1          4,532.5             283,417.1      150,142.7                   

Cumulative production after 6 months BOE 449,522.3          3,624.5             183,921.9      96,363.1                      

Cumulative production after 3 months BOE 249,794.9          2,283.1             104,348.4      52,797.3                      

Proppant volume per foot of perforated interval Ib/ft 4,165.9               13.9                   1,688.9          902.6                            

Total fluids volume per foot of perforated interval bbl/ft 99.1                     0.5                     39.9                21.4                              

Well horizontal  spacing ft 4,994.8               261.7                3,172.0          1,044.9                        

EUR value from production history matching (2 years) BOE 1,404,810.2      5,158.5             560,017.2      304,461.9                   

EUR value from production history matching (1 year) BOE 1,407,585.6      2,752.8             569,720.7      303,242.9                   

EUR value from production history matching (6 months) BOE 1,406,429.4      3,093.7             576,226.4      301,826.0                   

EUR value from production history matching (3 months) BOE 2,975,747.7      8,988.2             1,188,917.0  645,151.6                   

EUR value from production history matching (1 month) BOE 1,482,436.8      3,949.7             589,943.9      322,012.5                   

Input parameter Unit Maximum Minimum Mean Standard deviation

Perforated interval length ft 12,747.0         3,034.0             7,976.6           1,991.9                           

Horizontal  length ft 13,122.5         4,274.6             8,661.4           1,822.7                           

Lateral length ft 12,697.3         3,813.7             8,226.4           1,814.7                           

Total proppant volume Ib 14,378,717.3 332,138.6         5,878,153.3  3,071,420.7                  

Total fluids volume bbl  305,021.6       9,082.7             123,290.9      64,987.6                        

Proppant concentration Ib/gal 3.7                    0.2                      1.8                   0.7                                   

Initial flow rate BOE/month 46,084.2         1,097.1             20,690.6        9,478.9                           

Cumulative production after 2 years BOE 618,821.1       10,923.8           252,392.7      132,770.6                      

Cumulative production after 1 year BOE 386,338.4       6,660.5             158,869.9      82,400.9                        

Cumulative production after 6 months BOE 222,118.2       4,250.3             92,858.0        46,717.9                        

Cumulative production after 3 months BOE 114,240.4       2,491.9             50,096.8        23,688.8                        

Proppant volume per foot of perforated interval Ib/ft 2,980.5            42.8                   1,136.8           658.7                              

Total fluids volume per foot of perforated interval bbl/ft 62.9                  1.5                      24.0                 14.0                                 

Well horizontal  spacing ft 4,994.2            619.2                 3,289.9           969.7                              

EUR value from production history matching (2 years) BOE 641,773.3       9,219.1             277,631.5      134,102.8                      

EUR value from production history matching (1 year) BOE 642,884.0       9,622.3             275,484.7      135,101.4                      

EUR value from production history matching (6 months) BOE 643,202.0       9,518.2             270,494.0      135,631.3                      

EUR value from production history matching (3 months) BOE 1,475,429.0   7,291.6             551,398.9      331,131.2                      

EUR value from production history matching (1 month) BOE 1,276,764.4   4,666.5             540,919.1      270,110.4                      
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6.1.3 Monte Carlo Simulation Results 

For each one of the twenty-four models, 100,000 random different scenarios of input data 

are used to estimate EUR values. The 100,000 EUR values from each model form a normal 

probability distribution using the normal cumulative distribution function. From the cumulative 

probability distribution of the EUR values of each model, P90, P50 and P10 values are extracted. 

These values can be interpreted as the proved (P90), probable (P50) and possible (P10) EUR 

values for each formation depending on the confidence level of each model. Table 6.6 

summarizes the Monte Carlo simulation results. Since the distribution for the EUR values is 

normal, the minimum value could be negative and therefore reported as 0 (normal distribution 

range is -∞ to +∞).  

 

Table 6.6 Monte Carlo simulation outcomes. Statistical analysis of EUR values from 100,000 

scenarios for each model 

 

Model #
 Number of scenarios 

(sampling #) 
Distribution Maximum Minimum Mean Standard deviation P90 P50 P10

1.1 401,842                  11,667     192,014        80,321                          89,079         192,014      294,950         

1.2 419,509                  20,088     206,468        80,322                          103,532       206,468      309,404         

1.3 506,564                  0 201,130        85,102                          92,069         201,130      310,192         

1.4 353,926                  28,593     230,871        79,238                          129,324       230,871      332,418         

1.5 343,577                  42,993     184,814        69,624                          95,588         184,814      274,040         

1.6 550,865                  0 166,796        68,440                          79,087         166,796      254,505         

2.1 687,538                  0 232,618        115,540                       84,547         232,618      380,688         

2.2 599,764                  0 223,537        115,059                       76,083         223,537      370,991         

2.3 540,105                  0 267,950        127,220                       104,912       267,950      430,989         

2.4 750,457                  0 209,511        111,918                       66,081         209,511      352,940         

2.5 858,452                  0 216,958        132,279                       47,436         216,958      386,480         

2.6 418,264                  0 83,790          86,999                          72,641         83,790         94,940            

3.1 1,311,123              0 444,795        196,126                       193,450       444,795      696,141         

3.2 1,480,398              3,743        538,461        273,684                       187,721       538,461      889,200         

3.3 1,680,806              0 496,887        250,692                       175,613       496,887      818,162         

3.4 1,485,975              0 533,996        319,632                       124,371       533,996      943,621         

3.5 1,219,584              0 483,256        249,546                       163,450       483,256      803,062         

3.6 1,361,934              0 424,991        241,425                       115,592       424,991      734,389         

4.1 790,860                  0 259,138        139,527                       80,328         259,138      437,949         

4.2 662,639                  0 186,286        102,971                       54,324         186,286      318,249         

4.3 732,620                  6,787        275,224        92,353                          156,869       275,224      393,578         

4.4 894,514                  57,159     282,980        163,495                       73,453         282,980      492,507         

4.5 582,871                  0 234,020        95,056                          112,201       234,020      355,839         

4.6 1,041,243              111,300   231,455        134,178                       59,499         231,455      403,411         

100,000 Normal
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The frequency distribution of the EUR values from the 100,000 Monte Carlo simulations 

and the cumulative distribution for each of the twenty-four models are shown in Figures 6.5 – 

6.28.  

 

Figure 6.5 Frequency and cumulative probability distributions for EUR values from model 1.1. 

 

 

Figure 6.6 Frequency and cumulative probability distributions for EUR values from model 1.2. 

 

 

Figure 6.7 Frequency and cumulative probability distributions for EUR values from model 1.3. 
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Figure 6.8 Frequency and cumulative probability distributions for EUR values from model 1.4. 

 

 

Figure 6.9 Frequency and cumulative probability distributions for EUR values from model 1.5. 

 

 

Figure 6.10 Frequency and cumulative probability distributions for EUR values from model 1.6. 
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Figure 6.11 Frequency and cumulative probability distributions for EUR values from model 2.1. 

 

 

 

Figure 6.12 Frequency and cumulative probability distributions for EUR values from model 2.2. 

 

 

 

Figure 6.13 Frequency and cumulative probability distributions for EUR values from model 2.3. 
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Figure 6.14 Frequency and cumulative probability distributions for EUR values from model 2.4. 

 

 

 

Figure 6.15 Frequency and cumulative probability distributions for EUR values from model 2.5. 

 

 

 

Figure 6.16 Frequency and cumulative probability distributions for EUR values from model 2.6. 
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Figure 6.17 Frequency and cumulative probability distributions for EUR values from model 3.1. 

 

 

Figure 6.18 Frequency and cumulative probability distributions for EUR values from model 3.2. 

 

 

Figure 6.19 Frequency and cumulative probability distribution for EUR values from model 3.3. 
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Figure 6.20 Frequency and cumulative probability distributions for EUR values from model 3.4. 

 

 

 

Figure 6.21 Frequency and cumulative probability distributions for EUR values from model 3.5. 

 

 

 

Figure 6.22 Frequency and cumulative probability distributions for EUR values from model 3.6. 
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Figure 6.23 Frequency and cumulative probability distributions for EUR values from model 4.1. 

 

 

Figure 6.24 Frequency and cumulative probability distributions for EUR values from model 4.2. 

 

 

    

Figure 6.25 Frequency and cumulative probability distributions for EUR values from model 4.3. 
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Figure 6.26 Frequency and cumulative probability distributions for EUR values from model 4.4. 

 

 

 

Figure 6.27 Frequency and cumulative probability distributions for EUR values from model 4.5. 

 

 

 

Figure 6.28 Frequency and cumulative probability distributions for EUR values from model 4.6. 
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6.1.4 Probabilistic Analysis of the ANN Models 

 After testing each scenario in all the models, the outcomes are 100,000 different EUR 

values for each model. The EUR values for each model were used to form a normal probability 

distribution using the normal cumulative distribution function. Then, from the cumulative 

probability distribution plots, EUR P90, EUR P50 and EUR P10 for each model are estimated.  

These different probabilities of EUR values for each model are compared with the EUR values 

probabilities from the actual data (using a normal cumulative distribution function on actual 

EUR values of all the wells from each formation).  For all the ANN models, 100,000 different 

EUR outcomes are produced while for the P90, P50 and P10 of the actual data sets, only a few 

EUR values are gathered from actual well data (161 for the Niobrara formation, 470 for the 

Barnett formation, 243 for the Eagle Ford formation and 115 for the Bakken formation). Figures 

6.29 – 6.32 compare the ranges of P90, P50 and P10 of each ANN model from the Monte Carlo 

simulations with the actual probability ranges using actual well data for each formation.  

 

 

Figure 6.29 Ranges of P90 to P10 for models 1.1, 1.2, 1.3, 1.4, 1.5 and 1.6 compared with actual 

EUR P90 to P10 range using actual EUR values for wells from the Niobrara formation. 
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Figure 6.30 Ranges of P90 to P10 for models 2.1, 2.2, 2.3, 2.4, 2.5 and 2.6 compared with actual 

EUR P90 to P10 range using actual EUR values for wells from the Barnett formation. 

 

 

Figure 6.31 Ranges of P90 to P10 for models 3.1, 3.2, 3.3, 3.4, 3.5 and 3.6 compared with actual 

EUR P90 to P10 range using actual EUR values for wells from the Eagle Ford formation. 
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Figure 6.32 Ranges of P90 to P10 for models 4.1, 4.2, 4.3, 4.4, 4.5 and 4.6 compared with actual 

EUR P90 to P10 range using actual EUR values for wells from the Bakken formation. 

 

6.2 Statistical Analysis 

 In this part, several statistical analyses were performed on the actual data and the results 

from this study. The objective of the statistical analysis is to further understand the different 

behaviors and trends of productivity shown in this study. Decline parameters distribution and 

averages are investigated across the several wells from the five formations in this study. Also, 

averaging the decline parameters per formation is performed to produce universal average 

decline parameters values for each formation. Using average decline parameters is tested on all 

the wells in this study to estimate the uncertainty in such practice. Also, choosing different 

values of initial flow rate in decline curve analysis is investigated to estimate the most accurate 

representation of initial flow rate. 
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6.2.1 Decline Parameters Distribution  

After performing production history matching for all the wells in the five formations 

using the entire production history for each well, the most accurate fit for the decline parameters 

is obtained for each of the 1,216 hydraulically fractured wells in the five formations. For the 

Arps hyperbolic decline model, the decline parameter is “b” which is the hyperbolic decline 

exponent (unitless) ranging between 0 and 2. Figures 6.33 – 6.37 shows the distribution of the b 

values across all wells in each of the five formations (Niobrara, Barnett, Haynesville, Eagle Ford 

and Bakken, respectively). For the stretched exponential production decline model (SEPD), the 

decline parameter is “n” which is the exponent parameter (unitless) and ranges between 0 and 1. 

The distribution of n values across all the wells in the five formations are shown in Figures 6.38 

– 6.42.  

 

 

Figure 6.33 Distribution of “b” values across 161 wells in the Niobrara formation. 
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Figure 6.34 Distribution of “b” values across 505 wells in the Barnett formation. 

 

 

Figure 6.35 Distribution of “b” values across 101 wells in the Haynesville formation. 
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Figure 6.36 Distribution of “b” values across 334 wells in the Eagle Ford formation. 

 

 

Figure 6.37 Distribution of “b” values across 115 wells in the Bakken formation. 
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Figure 6.38 Distribution of “n” values across 161 wells in the Niobrara formation. 

 

 

Figure 6.39 Distribution of “n” values across 505 wells in the Barnett formation. 
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Figure 6.40 Distribution of “n” values across 101 wells in the Haynesville formation. 

 

 

Figure 6.41 Distribution of “n” values across 334 wells in the Eagle Ford formation. 
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Figure 6.42 Distribution of “n” values across 115 wells in the Bakken formation. 

 

6.2.2 Average Values of Decline Parameters 

After performing production history matching for all the wells in the five formations 

using the entire production history for each well, an average value of decline parameters were 

obtained for each formation. In this section, a comparison is presented between using the 

established average values of the decline parameters against production history matching using 

different periods of production data. Figure 6.43 compares using average values of b and Di in 

measuring EUR using the Arps hyperbolic decline for all the wells in each of the five formations 

against using different early production history matching.  Figure 6.44 compares using average 

values of n and τ in measuring EUR using SEPD for all the wells in each of the five formations 

against using different early production history matching. Table 6.7 summarizes the average 

values of decline parameters of SEPD and Arps hyperbolic decline models for each formation. 

Figures 6.45 and 6.46 illustrate the average values of decline parameters for each formation. The 

accuracy of using the universal average decline parameters are summarized in Table 6.8. 
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Table 6.7 Average decline parameters for all wells in each formation for SEPD and Arps 

hyperbolic decline models 

Formation 

SEPD Arps hyperbolic decline 

Average 

“n” 

Average 

“τ” 

(days) 

Average 

“b” 

Average 

“Di” 

(per month) 

Niobrara 0.62 258 1.33 0.032 

Barnett  0.63 364 1.56 0.033 

Haynesville  0.86 369 1.06 0.011 

Eagle Ford 0.72 277 1.09 0.041 

Bakken 0.39 161 1.56 0.055 

 

 

Table 6.8 Average decline parameters error analysis in terms of correlation coefficient for all 

wells in each formation for SEPD and Arps hyperbolic decline models 

 

Formation 
SEPD Arps hyperbolic decline 

Correlation coefficient (r) 

Niobrara 0.808 0.853 

Barnett  0.816 0.799 

Haynesville  0.605 0.777 

Eagle Ford 0.832 0.853 

Bakken 0.720 0.782 



160 

 

Figure 6.43 Correlation coefficient of using average values of SEPD parameters for each 

formation compared with production history matching using different production periods with 

SEPD. 

 

 

Figure 6.44 Correlation coefficient of using average values of Arps hyperbolic decline 

parameters for each formation compared with production history matching using different 

production periods with Arps hyperbolic decline model. 
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Figure 6.45 Average values of “n” vs. “τ” for each formation 

 

 

Figure 6.46 Average values of “b” vs. “Di” for each formation 
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6.2.3 Selecting the Most Accurate Initial Flow Rate (qi) 

Selecting an accurate value of qi is crucial to the success of production history matching 

as qi is always a main parameter in every decline curve analysis model. Initial flow rate could be 

assumed as the average production rate for the first month, first two months, first three months or 

other values too. Also, qi could be assumed as the maximum flow rate reached. The maximum 

flow rate is reached within the first three months of production in almost all the wells (Figure 

3.4). Production history matching using the entire production data was done on all the 1,216 

wells in this study while varying the value of qi to observe the change in accuracy of the fitted 

models with different qi values. Four cases were investigated: 

Case 1: Assuming qi is equal to the maximum flow rate reached 

Case 2: Assuming qi is equal to the average flow rate for the first month 

Case 3: Assuming qi is equal to the average flow rate for the first two month 

Case 4: Assuming qi is equal to the average flow rate for the first three month 

Figure 6.47 shows the different average values of qi for each formation between the four 

cases. Also, Figure 6.48 compares the error in estimating EUR using SEPD model between the 

four cases for each formation. Furthermore, Table 6.9 summarizes the MAPE (%) of the four 

different cases for each formation. 

 

 



163 

Table 6.9 MAPE (%) of using different initial flow rate values in production history matching 

using SEPD model 

Formation 

MAPE 

(%) 

qi = 

Maximum q 

qi = First 

month average 

qi = First two 

months average 

qi = First three 

months average 

Niobrara 2.96 6.76 4.45 4.42 

Barnett  2.22 19.88 7.23 5.89 

Haynesville  3.88 24.71 7.71 6.06 

Eagle Ford 4.93 22.11 9.25 7.91 

Bakken 2.90 7.81 4.90 4.89 

  

 

Figure 6.47 Average of the four different values of initial flow rate (qi) in BOE per month for all 

wells in each formation. 

 

 

Figure 6.48 Average errors in using four different values of initial flow rate (qi) for all wells in 

each formation in calculating EUR using SEPD model. 
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CHAPTER 7 

DISCUSSION OF RESULTS 

 The focus of this study is to build a model to predict production of any hydraulically 

fractured horizontal well given its main completion design data and early production data. The 

ultimate goal is for the models to predict ultimate recovery with high accuracy and outperform 

current methods used in the industry given the same data (same period of early production 

history data). The first step taken towards this goal is developing a workflow for production 

history matching with decline curve analysis that ensures an accurate match between the decline 

curve model and the actual raw production data.  

The main part of this study is the development of artificial neural network models to 

predict a well’s ultimate recovery. The models built are formation specific and cannot be 

generalized for other formations. The reason behind this is that each model is built by using data 

from a specific formation to train and test the model and therefore would only work with wells 

from the same formation. Nonetheless, the framework and methodologies are built, designed and 

tested to be used to create a new model for any other formation, given enough data to establish a 

new model for a new formation. There are four formations in this study for which artificial 

neural network models are built (Niobrara, Barnett, Eagle Ford and Bakken). Each formation has 

six different models built for it. Each model within the same formation varies in terms of the 

early production data period used (two years, one year, six months, three months, one month and 

no production data); with a total of twenty-four artificial neural network models to predict 

ultimate recovery for any hydraulically fractured horizontal well in these four formations given 

completion and early production data. The models developed were developed using basic well 
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completion data such as perforated interval, lateral length, number of stages, total proppant 

volume pumped, total fluid volume pumped and well spacing. The models for the Niobrara 

formation were developed using data from 161 wells; models for the Barnett formation were 

developed using data from 470 wells; models for the Eagle Ford were developed using data from 

243 wells; and models for the Bakken were developed using data from 115 wells. These 

formations vary in terms of geology and reservoir properties. Also, the type of production fluid 

varies among them. The Niobrara wells produce mainly liquid rich gas, the Barnett wells 

produced mainly gas, and the Eagle Ford and the Bakken wells produce mainly oil. 

Finally, probabilistic analysis is conducted on all the models to observe the degree of 

uncertainty. Monte Carlo simulations are conducted on all the ANN models with 100,000 

different random scenarios (different input data sets) to model the probability of the different 

outcomes and understand the impact of uncertainty of the prediction models. Also, a user-

friendly computer-based model (code) is developed combining all the parts and pieces of this 

study. It was developed to allow the use of the developed models to predict ultimate recovery of 

any well in the four formations by providing the input data each model requires.  

 

7.1 Production History Matching (PHM) 

The objective of this part of the study is to develop a comprehensive workflow to 

optimize production history matching with decline curve analysis (DCA) models. The decline 

curve analysis models used for history matching are the Arps hyperbolic decline model and the 

stretched exponential production decline model (SEPD).  The two DCA models used were 

chosen based on their ability to fit the production data in this study from 1,216 hydraulically 

fractured horizontal wells from five different formations (Niobrara, Barnett, Haynesville, Eagle 
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Ford and Bakken).  The workflow developed can be adjusted to fit production history with any 

other decline curve analysis model. Even though the workflow was only tested with wells from 

five formations, it can be used with production data from any formation to optimize production 

history matching.  

 Production history matching starts with data cleanup followed by an iterative method 

using least-square fitting. The objective of matching the entire production history with DCA 

models is to find the DCA decline parameters that can produce the best fit to the actual 

production data. The outcomes of this part of the study are the DCA decline parameters and the 

estimated ultimate recovery from history matching. Using the entire production history data, the 

Arps hyperbolic decline model showed a higher accuracy in estimating EUR values (at economic 

limit) for wells in the Niobrara and Eagle Ford formations. While the SEPD model showed a 

higher accuracy in estimating EUR values for wells in the Barnett, Haynesville and Bakken 

formations. 

 Hindcasting is performed by matching a portion of the known production history and 

comparing the remaining portion of the known production history to the forecast. The developed 

hindcasting workflow is used to forecast production using only limited early production data, one 

month, three months, six months, one year and two years for this study. The main workflow 

goals for fitting the DCA model to production data is to estimate the optimum decline parameters 

which are then used to forecast production and estimate ultimate recovery. Obviously, the longer 

the production period used for matching, the more accurate the forecast is. Using two years of 

production data to match showed a mean absolute percentage error (MAPE) less than 10% in 

EUR estimations across all wells from all five formations. The DCA model that provided the 

best fit varied between formations. For the Niobrara, Barnett, Eagle Ford and Bakken 
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formations, the Arps hyperbolic decline model showed higher accuracy of matching and 

forecasting production using limited early production data. While for the Haynesville formation, 

the SEPD model showed a higher accuracy in forecasting production using only a limited early 

production data.  

 A hybrid model was then developed to accommodate the changing flow regime over the 

well’s life. The hybrid model consists of the SEPD model to fit the transient flow regime period 

and the Arps model to fit the late boundary dominated flow (BDF) period. A diagnostic plot is 

used (normalized flow rate vs. material balance time) in a log-log scale to distinguish between 

the two regimes and determine the time to switch from a transient flow model to a BDF model. 

Several challenges were encountered while studying the flow regimes of the wells in this 

study. The large number of wells in this study (1,216 wells) was a challenge, and therefore an 

automated method was developed using MATLAB to deal with the large number of data sets and 

perform the flow regime study on all the wells effectively and accurately. Also, another main 

challenge was the unavailability of well production pressure data.  It is preferred to identify the 

different flow regimes using both production and pressure data to observe the different 

production behaviors and exclude human impact on production. Nonetheless, a production rate 

diagnostic plot was used as a log-log plot with normalized flow rate in the y- axis and material 

balance time (MBT) in the x-axis. The start of the BDF regime is when the slope becomes -1 

(unit slope) indicating the transition from transient to BDF.  The vast majority of wells reached 

BDF at a later stage of the well’s life. For the wells in this study, 73% of the wells in the 

Niobrara formation, 88% of the wells in the Barnett formation, 94% of the wells in the 

Haynesville formation, 91% of wells in the Eagle Ford formation, and 86% of the wells in the 

Bakken formation reached BDF.  
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Using the developed hybrid model improved production history matching across most of 

the wells. The improvements in using the hybrid model were not very significant and due to 

several factors. The main factor is the fact that BDF is only reached at a very late stage of the 

well’s life for unconventional ultra-low permeability wells. Therefore, the effects of changing the 

decline model were minimal as the flow rate at the later stages is already very low and doesn’t 

contribute much into the ultimate recovery of the well. Also, for most of the wells, BDF is only 

reached after producing the well for around 75% of its entire life (BDF is only in the last 25% of 

the well’s life). There wasn’t a direct way to investigate the validity of the results from the flow 

regime study (diagnostic plot), and therefore fitting the production with two different decline 

curve analysis models (hybrid model) wasn’t utilized in the ANN models later on in the study. 

 

7.1.1 Initial Flow Rate Value Accuracies 

One of the crucial questions this study investigated is how to select the initial flow rate 

(qi) for the decline curve analysis models given the entire production data of a hydraulically 

fractured horizontal well. Across all wells in this study, different initial flow rate values were 

selected. The cases investigated were; choosing initial flow rate as the maximum flow rate 

reached, as the average of the first month of production, as the average of the first two months of 

production and as the average of the first three months of production. In all 1,216 wells from the 

five formations, choosing the initial flow rate as the maximum flow rate reached showed to 

produce the best estimates of EUR in production history matching with the SEPD model 

compared with other initial flow rate types selected. The maximum mean absolute percentage 

error (MAPE) when using initial flow rate as the maximum flow rate is less than 5% in the 

production history matching performed in this study. Using other initial flow rate values 
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increased the error greatly in all wells in the five formations as shown in Table 6.9. The 

maximum flow rate is reached within the first three months of production for most of the wells 

as shown in Figure 3.4. Ultimately in production history matching, fitting for the initial flow rate 

along with the decline parameters provided the highest accuracy of production history matching 

forecasts. But, in the cases of limited production history data, selecting the initial flow rate as the 

maximum flow rate in estimating ultimate recovery using decline curve analysis provided the 

best outcomes, compared with other options of selecting what represents an initial flow rate.  

 

7.1.2 Average Values of Arps Hyperbolic and SEPD Decline Parameters 

 The main outcomes of the production history matching for all the wells using their entire 

production history are the DCA parameters - n and τ for the SEPD model and b and Di for the 

Arps hyperbolic decline model. The average values of the SEPD model parameters (n and τ) and 

the Arps hyperbolic decline parameters (b and Di) for all the wells in each formation were 

calculated. Obtaining a universal average value of decline parameters per each formation was 

tested against production history matching using limited early production data to investigate the 

accuracy of using universal average values of DCA parameters for each formation. The 

correlation coefficient between actual EUR values and EUR values from using average decline 

parameters per each formation are calculated for all the wells in this study and are shown in 

Table 6.8. 

For the Arps hyperbolic decline model, using the average decline parameters for each 

formation provided a better production forecast accuracy than performing production history 

matching with three months of production or less across all five formations (except using three 

months of history matching with the Niobrara and Barnett formations where it provided similar 
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accuracy). The accuracy of using average decline parameters provides a correlation coefficient of 

0.77 to 0.85 for all the formations. Performing production history matching using the first six 

months of production data or more produced a higher accuracy of production forecasting than 

using the average values of decline parameters per each formation. The only exception was using 

six months of history matching with the Eagle Ford formation where it showed a similar 

accuracy to using average decline parameters. This implies that, when a well hasn’t produced yet 

or has only produced for three months or less, using the established universal average Arps 

hyperbolic decline parameters to forecast production will provide better results than conducting 

production history matching using the same DCA model. 

For the SEPD model, using the average decline parameters for each formation provided 

better production forecast accuracy than performing production history matching with six 

months of production or less across all five formations. The one exception was using six months 

of history matching with the Niobrara and Haynesville formations where it provided similar 

accuracy. A 0.60 to 0.83 correlation coefficient resulted when using the average decline 

parameters for all the formations. Performing production history matching using the first year of 

production data or more produced a higher accuracy of production forecasting than using the 

average values of decline parameters for each formation. The only exception to this was using 

one year of history matching with the Eagle Ford formation where it showed a similar accuracy 

to using average decline parameters. This means that when a well hasn’t being produced yet or 

only produced for six months or less, using the established universal average SEPD parameters 

for each formation in forecasting production will provide better forecasts than conducting 

production history matching using the same DCA model. 
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7.2 Artificial Neural Network (ANN) Models 

 The artificial neural network (ANN) models developed in this study are designed to 

predict the ultimate recovery for any well given its completion data and a certain period of early 

production history data. All of the ANN models were built using actual field data. The data used 

to build the models is raw monthly production data and basic well completion data. Twenty-four 

ANN models were built, and they vary in terms of their structure, formation they can be used for, 

input data required and the length of production history data needed. The common factor 

between all the models is the expected outcome which is the predicted ultimate recovery (EUR) 

value for each well. These models are developed for four formations including the Niobrara, 

Barnett, Eagle Ford and Bakken formations. For each formation, there are six models and each 

model is designed to use a certain period of production history. The first model for each 

formation requires two years of production data, the second model requires one year, the third 

model requires six months, the fourth model requires three months, the fifth model requires one 

month and the sixth and last model for each formation does not require any production data at 

all.  

 Data used to build and test these models are from 989 different hydraulically fractured 

horizontal wells from the four subject formations. The general structure of all the models is a 

neural network with two hidden layers, an input layer and an output layer. The output 

(sometimes called the target) is the EUR value for each well. The input layer consist of the inputs 

used for each model including production data and well completion data, along with the 

production history matching outcomes. The forecasted EUR values from the production history 

matching models are used as an input for the ANN models to increase the accuracy of the 

prediction. If a model is designed for two years of production data, then the outcome (EUR 
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value) from the production history matching between two years of actual production data and a 

decline curve analysis model (either Arps hyperbolic decline or stretched exponential production 

decline) is used as an input. Also, the cumulative production after two years and the initial flow 

rate are used as production data inputs. For the well completion data, the kind of data used was 

selected based on their impact on production and data availability.  Well completion data used in 

the ANN models are perforation interval length, lateral and horizontal lengths, number of stages, 

maximum treatment pressure, total volume of proppant pumped, total volume of fluid pumped 

and well spacing. Also, different formulations of these inputs were used such as proppant and 

fluid volumes per foot of perforated interval, proppant concentration and stage spacing. 

 For each model, 70% of the wells from the formation the model is designed for were used 

to train and build the model. Training the model requires providing both the inputs and output 

(actual EUR values) to the model. Using the neural network the model will train itself using the 

feed-forward backpropagation learning algorithm with a Bayesian regularization 

backpropagation training algorithm. The number of neurons for each hidden layer are selected 

after conducting an iterative method to select the optimum number of neurons for each model. A 

workflow to build the ANN models was designed (Figure 5.32) to optimize the performance of 

the models.  The workflow consist of several steps starting with data acquisition and preparation, 

production history matching, training the model and then testing the models. To test and validate 

the models, the remaining 30% of the wells in a given formation were used. For testing, the 

models were only given the input parameters and asked to predict the output (EUR value) then 

the predicted output is compared with the actual data and the error of each model is reported.  

 A workflow, shown in Figure 5.33, was developed illustrating how to use each model 

given data from a new well (a well not used to train the model). Given the inputs needed for each 
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model, the end product is the predicted EUR value for that well. The developed workflow can be 

used in any model and using any well given it is from one of the four formations the ANN 

models are built for. For other formations, the workflow designed for building the ANN models 

(Figure 5.32) can be used to build an ANN model for any formation by providing enough data 

for training and testing.  All the steps for building, training and testing the ANN models are fully 

programmed using MATLAB and can be adjusted to build ANN models for any other formation 

or given any different types of input parameters.  

 

7.2.1 Comparing ANN Models with DCA in Predicting EUR 

 Many decline curve models will have accurate production forecasts if provided with two 

to three years of production. The challenges arise when the available data is less than two years 

of production. The developed ANN models focus on predicting EUR values with high accuracy 

given a short early production data of two years or less. All the ANN models developed use 

production history matching outcomes (forecasted EUR values) as input parameters. ANN 

models tend to take the estimated EUR values from the decline curve analysis models (either 

Arps hyperbolic decline or SEPD) with actual data and use it as an input along with other 

production and completion data to predict more accurate EUR values. Figure 7.1 compares the 

production history matching absolute correlation coefficient in predicting EUR with the ANN 

models (only testing and validation data sets). The twenty models compared with decline curve 

analysis are 1.1 to 1.5, 2.1 to 2.5, 3.1 to 3.5 and 4.1 to 4.5. Also, Figure 7.2 compares the ANN 

models with decline curve analysis in terms of prediction accuracy using normalized root mean 

square error -NRMSE (%). Clearly, the ANN models outperform decline curve analysis with 

both Arps hyperbolic decline and SEPD models. Given one to two years of production, the 
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improvements using ANN models are not very significant. But with production data less than 

one year, the ANN models outperform decline curve analysis greatly in terms of the accuracy of 

predicting EUR as seen in Table 7.1. Using ANN models will predict EUR with an absolute 

correlation coefficient of at least 0.85 given only three months of production compared with 0.77 

using decline curve analysis, and an absolute correlation coefficient of at least 0.71 given only 

one month of production compared with 0.47 using decline curve analysis. Given six months of 

production data, ANN models will predict EUR with an absolute correlation coefficient of at 

least 0.89 compared to 0.86 using decline curve analysis. With production data of one year and 

two years, both ANN models and decline curve analysis will provide an absolute correlation 

coefficient of at least 0.94 with a slightly higher accuracy using ANN models in general.  

 The addition of completion data to the ANN models improved the prediction accuracy 

across all the models. For instance, building an ANN model based on using two years of 

production to predict EUR for wells in the Barnett formation without including any completion 

data yielded in a MAPE of 13.2% while Model 2.1 which uses two years of production along 

with completion data showed a lower MAPE equal to 8.9%.  

 The remaining ANN models (1.6, 2.6, 3.6 and 4.6) are not compared with decline curve 

analysis because all decline curve analysis models require production data while these models do 

not. These models are capable of predicting EUR values given only well completion data. The 

accuracy of these models are less than any other ANN models developed, and therefore should 

only be used in estimating EUR values if no production data is available.  
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Figure 7.1 Correlation coefficient of ANN models (testing and validation data sets only) vs. Arps 

hyperbolic decline and SEPD decline curve analyses. 

 

 

Figure 7.2 Normalized root mean square error (NRMSE) (%) of ANN models (testing and 

validation data sets only) vs. Arps hyperbolic decline and SEPD decline curve analyses. 
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Table 7.1 Error analysis of ANN models (testing and validation data sets only), SEPD and Arps 

hyperbolic decline 

Formation 

Maximum 

matching 

period 

used 

SEPD  
Arps hyperbolic 

decline 

ANN  

(Testing and 

validation data sets 

only) 

r NRMSE 

(%) 
r NRMSE 

(%) 
r NRMSE 

(%) 

Niobrara 

2 years 0.991 9.3% 0.996 5.2% 0.998 3.7% 

1 year 0.946 21.4% 0.979 13.9% 0.989 10.3% 

6 months 0.814 49.5% 0.931 25.0% 0.960 16.7% 

3 months 0.734 92.1% 0.863 32.6% 0.950 15.6% 

1 month 0.473 88.4% 0.472 127.7% 0.860 32.6% 

Barnett 

2 years 0.981 14.8% 0.987 13.3% 0.990 12.2% 

1 year 0.896 35.6% 0.967 20.9% 0.970 17.1% 

6 months 0.780 80.9% 0.935 28.6% 0.950 24.9% 

3 months 0.743 128.2% 0.878 39.0% 0.880 34.6% 

1 month 0.568 94.6% 0.627 196.5% 0.750 45.8% 

Eagle Ford 

2 years 0.974 20.6% 0.983 22.3% 0.989 11.5% 

1 year 0.841 71.6% 0.961 34.7% 0.980 18.8% 

6 months 0.791 179.2% 0.929 41.5% 0.950 24.9% 

3 months 0.757 231.8% 0.847 49.1% 0.900 28.6% 

1 month 0.476 139.8% 0.563 175.9% 0.810 43.0% 

Bakken 

2 years 0.964 17.9% 0.972 14.5% 0.992 8.3% 

1 year 0.861 37.0% 0.942 22.3% 0.939 18.4% 

6 months 0.711 58.8% 0.861 40.0% 0.890 20.4% 

3 months 0.615 94.6% 0.775 58.0% 0.850 28.9% 

1 month 0.619 155.1% 0.500 96.0% 0.710 41.1% 
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7.3 Advantages of the Developed Models Compared to Literature 

 Throughout the years, several attempts have been made to develop a prediction model 

that can predict EUR with high certainty using only a short production period. For 

unconventional wells, the challenge of building an accurate model is much higher than in 

conventional wells due to the complexity of unconventional wells and the lack of comprehensive 

understanding of the physics controlling production in unconventional plays. Uncertainty will 

always be present in production forecasts and reserve estimations especially at the early stages of 

production in these unconventional plays. Nonetheless, several production forecasting models 

have been developed that can improve decision making in early stages of production that can 

lead to more efficient budget allocation in these formations. In the current economic and price 

environment, reliable and accurate EUR values have a critical importance in any developer’s 

decision making. Any improvement in the certainty of EUR values at the early stages of 

production will have a positive impact in the profitability of any field development project.  

Many of the models developed in the literature to predict and forecast production are 

solely based on early production data similar to decline curve analysis. One of the main additions 

to the literature this study provides is the utilization of well completion data into predicting EUR 

values. Using completion data takes into account the impact of different completion practices on 

production. Wells from the same formation might have significant differences in production due 

to the difference in their completion designs. The ANN models in this study that had more 

information about completion data produced better predictions. ANN models built for wells from 

the Niobrara formation (Models 1.1 to 1.6) show better results in general compared to ANN 

models for the other formations. The main reason behind this is the availability of more 

information about the completion design for wells from the Niobrara formation. Information like 
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stage count and maximum treatment pressure were only available in this study for wells from the 

Niobrara formation and ultimately improved EUR predictions for these wells. Building a 

production forecasting model for unconventional wells that accounts for the completion 

differences between wells showed an improvement in EUR predictions in this study over many 

other models available in literature. 

One of the main challenges this study tackled is forecasting production given only a limit 

production history data. This study presented solutions to forecast production with high accuracy 

using a limited production history of as low as one month.  Testing different models with 

different production data history provided a high accuracy predictions using one month, three 

months, six months, one year and two years only of production history. The absolute correlation 

coefficient between predicted EUR and actual EUR values for all the ANN models that used 

only one month of production data (Models 1.5, 2.5, 3.5 and 4.5) is between 0.70 - 0.86 on the 

297 wells from the five different formations used to test the ANN models. Using only three 

months of production history for the ANN models (Models 1.4, 2.4, 3.4 and 4.4), the absolute 

correlation coefficient between predicted EUR and actual EUR values is between 0.85 – 0.95. 

Furthermore, using only six months of production history for the ANN models (Models 1.3, 2.3, 

3.3 and 4.3), the absolute correlation coefficient between predicted EUR and actual EUR values 

is between 0.89 – 0.96. For the ANN models developed using one or two years of production 

data (Models 1.1, 1.2, 2.1, 2.2, 3.1, 3.2, 4.1, 4.2), the absolute correlation coefficient between 

predicted and actual EUR values is always higher than 0.94. 

  Another advantage this study has over other similar studies in the literature is the range 

and quantity of different wells this study covered.  In this study, production and completion data 

from more than 1,000 wells are collected and used to build and test all the models. Testing the 
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models against large numbers of wells is done in this work to increase the confidence in using 

these models. Also, the type of wells vary greatly in terms of completion and productivity to 

ensure the models cover a wider range of different wells properties. Furthermore, the data used 

in this study are from five different formations that vary greatly in their geology and fluid 

production type. Building and testing the models developed in this work on a large number of 

wells was extremely challenging and required significant automation rather than manual work. 

Therefore, all the steps in this work are performed using a computer program (code) developed 

using MATLAB. This automation of the work helped deal with the large number of data sets and 

the several steps and procedures done in this work (production history matching, ANN models, 

probabilistic analysis, etc.) more efficiently.   

 

7.3.1 Comparing Results with Other Models from Literature 

Gong et al. (2014) built a Bayesian probabilistic method using Markov-chain Monte 

Carlo (MCMC) with Arps hyperbolic DCA. They tested the model with 197 hydraulically 

fractured horizontal gas wells from the Barnett formation with 59 to 119 months of production 

data available. They performed hindcasting using 50% of the entire production history. The 

authors estimated a mean absolute percentage error (MAPE %) of 19.3 % in the predicted 

cumulative production value using 50% of the production history. In this study, comparing this 

result with the model designed for the Barnett using only two years of production (Model 2.1) it 

showed a much lower MAPE (8.9%) in the 141 wells it was tested against. Using two years only 

is less than using 50% of the production history in most of the wells since the average well life in 

the Barnett is more than five years. Furthermore, in this study, using only one year of production 

history (Model 2.2) showed a MAPE of only 14.3%. 
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Cheng et al. (2010) developed a methodology for probabilistic quantification of reserve 

estimates based on decline curve analysis. The model developed, a modified bootstrap method 

was tested on 100 wells from the Barnett formation. This model uses 50% of the production 

history to predict the remaining 50%. The reported MAPE (in remaining recovery) of the method 

on the 100 wells is 29.2% compared with 49.6% MAPE using the conventional bootstrap 

method. Comparing their results with the ANN model designed for the Barnett formation using 

only two years of production (Model 2.1), the ANN model showed a lower MAPE equal to 

8.9%.  

Sharma and Lee (2016) developed a comprehensive workflow which improves the ability 

to forecast future production and estimate ultimate recovery more accurately in ultra-low 

permeability reservoirs. Their workflow uses diagnostic plots to determine flow regime then 

forecasts using the Duong decline model that switches at 5% decline to the Arps’ model until the 

economic limit. The workflow includes gas-oil ratio analysis if the well is not a single phase 

well. The objective of their study was to develop a workflow which effectively uses the best 

methodologies to forecast production in unconventional reservoirs. Validation of the model was 

performed in five gas wells from the Barnett formation (and wells from other formations as well) 

by providing the model with 50% of the production history and predicting the remaining 50% 

(hindcasting). The reported MAPE of the model when performed using the five wells from the 

Barnett is 13.1%. Furthermore, the authors compared their model with Arps hyperbolic decline 

model which produced a MAPE of 19.1%. In this study, comparing these results with the model 

designed for the Barnett using only two years of production (Model 2.1) showed a MAPE of 

only 8.9%, which is lower than the error reported by the authors. Additionally, Model 2.1 was 

tested with more wells (141 wells) than the amount of wells used to test their workflow (5 wells). 
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Zhukovsky et al. (2016) developed a Bayesian decline curve methodology, using Markov 

Chain Monte Carlo (MCMC) simulation and a novel empirical decline curve equation (Zhang et 

al. 2015) to better quantify uncertainty in estimated ultimate recovery (EUR) for oil shale wells. 

The methodology was calibrated using hindcasting of production data from 254 wells from the 

Eagle Ford oil formation. Hindcasting, using only one year of production history resulted in a 

MAPE of 37.8% in estimating the cumulative production. In this study, comparing this results 

with the model designed for the Eagle Ford using only one year of production (Model 3.2) 

showed a MAPE of only 17.4% which is much lower (half) than the error reported by the 

authors. 

Ogunyomi et al (2018) performed statistical and model-based analysis of production data 

from 87 hydraulically fractured horizontal oil wells and presented a method to mitigate some of 

the limitations in using typical decline curves. The production data were analyzed to identify the 

flow regimes and understand decline behavior. They developed a logistic growth model and 

parallel flow model to estimate EUR. Their models were tested against results from eight model-

based wells (simulations). The accuracy of the logistic growth model was 0.97 correlation 

coefficient in predicting EUR. In this study, all the models were tested against actual field data 

only. 

Indras and Lee (2014) developed a methodology to forecast production using decline 

curve analysis. In their work, they identify the flow regime using different diagnostic plots and 

switch the decline curve analysis model accordingly. The authors compared several decline 

curve analysis models (Arps hyperbolic decline, Duong and SEPD) with a combination of them 

(Doung/Arps and SEPD/Arps) on wells from the Barnett. Their production forecasting is built by 

matching 50% of the production history and predicting the remaining 50% (hindcasting). On the 
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six wells from the Barnett, the MAPE of using the Arps hyperbolic decline model is 8.3%, the 

MAPE of using the Doung model with Arps is 20.4%, and the MAPE of using SEPD with Arps 

is 11.5%. In all these cases, 50% of the production data is used. Comparing their findings with 

this study’s findings, using the developed workflow for production history matching and using 

only two years of production history on the 505 wells from the Barnett, the MAPE is 5.7% using 

the Arps hyperbolic decline model and the MAPE is 7.0% using the SEPD model. These values 

are lower than their error of all the methods they tested on the six wells from the Barnett where 

they used 50% of the production data (Indras and Lee 2014).   

 

7.3.2 Comparing Results with Type Curves 

 Production type curves are representative production profiles of a well for a specific 

formation or area. They are very useful in comparing the average productivity between 

formations/areas. Type curves were mostly built by averaging the productivity of several wells 

from the same formation/area. The range of values used to calculate the average productivity 

(type curve) are very wide and one single average value is rarely accurate. It is well known that 

different completion designs will produce different productivity for wells within the same 

formation. Averaging the performance of wells from the same formation regardless of the 

varying completion practices will lead to high uncertainty in the production estimates. The 

difference between the most and least productive well in each of the five subject formations is 

between 380,000 to 1,180,000 BOE/well depending on the formation. Since the range is so wide, 

assuming one single average value of EUR of any well from a specific formation will lead to a 

very inaccurate production forecasts. 
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 The data used for each formation in this study covers a wide range of well productivities. 

Several wells were unsuccessful due to bad completion design or other factors, while other wells 

were extremely successful. The average estimated ultimate recovery for each formation along 

with the maximum, minimum, standard deviation and range values of EUR for each formation 

are calculated and shown in Table 3.5. Comparing these actual values of EUR/well with the 

annual energy outlook report (2019) by the U.S. Energy Information Administration (EIA) EUR 

estimates as of January 2017, there are great differences in average values of EUR/well in three 

of the five formations (Niobrara, Barnett and Haynesville). These differences could be a result of 

generalizing the average values of EUR for the entire formation in this study, while in the EIA 

report it is county/area specific. The wells in this study could be from different counties than the 

ones the EIA report estimated the ultimate recovery for. For the Niobrara formation, the actual 

EUR values average from the 161 wells in this study is around 140,000 BOE/well, while it is 

estimated to be much less at around 72,500 BOE/well in the EIA report. The actual range of 

EUR values for the Niobrara formation in this study is from 12,000 to 393,000 BOE/well. For 

the Barnett formation, the actual EUR values average from the 505 wells in this study is around 

125,000 BOE/well while it is estimated to be much less at around 68,000 BOE/well in the EIA 

report. The actual range of EUR values for the Barnett formation in this study is from 5,000 to 

540,000 BOE/well. For the Haynesville formation, the actual EUR values average from the 101 

wells in this study is around 550,000 BOE/well while it is estimated to be much higher at around 

1,240,000 BOE/well in the EIA report. The actual range of EUR values for the Haynesville 

formation in this study is from 40,000 to 1,180,000 BOE/well.  

The actual values of EUR/well for this study are almost exactly equal to the EIA 

estimates as of January 2017 for two formations (Eagle Ford and Bakken). For the Eagle Ford 
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formation, the actual EUR average from the 334 wells in this study is around 260,000 BOE while 

it is estimated to be almost the same at around 235,000 BOE/well in the EIA report. The actual 

range of EUR values for the Eagle Ford formation in this study is from 6,500 to 1,185,000 

BOE/well. For the Bakken formation, the actual EUR values average from the 115 wells in this 

study is around 194,000 BOE/well, while it is estimated to be almost the same at around 190,000 

BOE/well in the EIA report. The actual range of EUR for the Bakken formation in this study is 

from 21,500 to 830,000 BOE/well. 

 

7.4 Major Limitations of the Developed Models 

 The developed models have some limitations as they are only valid for certain conditions. 

One of the major limitations is using only one decline curve analysis model for the entire life of 

the well. Fitting one decline curve analysis model for all the flow regimes leads to high 

uncertainty in production forecasts. Another limitation of the developed models is that they 

should not be used for wells with completion data or technology outside the range covered in this 

study. Also, the developed models tend to not predict very well when the EUR value is more 

than 800,000 BOE/well. This is because there were not many wells with EUR value more than 

800,000 BOE in this study and the majority of the wells produced lower quantities. Furthermore, 

the developed models are not applicable for other formations than the ones developed for in this 

study. Nonetheless, the suggested workflow in this study can be utilized to develop similar 

models for other formations given enough data. 

 All the data used in this study are from publically reported data from several operators. 

The estimated ultimate recovery (EUR) values used in this study are the cumulative oil and gas 

quantities produced by a well until it reached its economic limit. The economic limit values 
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varies greatly between wells depending on the economic status at production (oil and gas prices) 

and the operators’ financial feasibility.  In this study, when a well reach the assigned economic 

limit by the operator, the cumulative volumes produced are assumed to be the EUR value for this 

well.  Therefore, estimations of EUR values might be inconsistent or biased and this has to be 

taken into consideration as it is considered to be a major limitation of this work. 

 

7.5 Probabilistic and Statistical Analysis 

 Monte Carlo simulations were done on all the ANN models with 100,000 different 

random scenarios for each model. The different scenarios are basically different random sets of 

input data used in all the ANN models to estimate EUR value for each scenario. Trying different 

data sets aimed to investigate the range of confidence of each model and how sensitive it is to the 

different input parameters. The 100,000 different sets of input well completion parameters for all 

the models are created randomly using a triangular distribution by defining the maximum, 

minimum and mean values for each input. After testing each scenario in all the models, the 

outcomes are 100,000 EUR values for each ANN model.  

The EUR values for each of the twenty-four ANN models were used to form a normal 

probability distribution using the normal cumulative distribution function. Then, from the 

cumulative probability distribution plots, EUR P90, EUR P50 and EUR P10 for each ANN 

model are defined.  These different probabilities of EUR values for each ANN model are 

compared with the EUR values probabilities from the actual data (using a normal cumulative 

distribution function on actual EUR values of all the wells for each formation).  For all the 

models, 100,000 different EUR outcomes are produced while for the P90, P50 and P10 of the 

actual data sets, only a few EUR values are gathered from actual wells (161 for Niobrara, 470 for 
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Barnett, 243 for Eagle Ford and 115 for Bakken). For models from the Niobrara and Bakken 

formations, the P50 for all six ANN models fall in-between the actual P50 and P10. While P90 

for all their six models always falls in-between the actual P50 and P90. For models from the 

Barnett and the Eagle Ford, the P90 for all six models fall in-between the actual P50 and P90.  

 

7.6 The Assembled Software 

 Due to the large amount of data dealt with in this study, all the analyses were automated 

using a written MATLAB code. As a result, a user-friendly computer-based interface (software) 

was assembled to run and utilize all the models in this study. The software enables the user to 

upload production data and perform data clean-up. Then followed by performing production 

history matching and forecasting using decline curve analysis. Completion data can be entered 

manually to be used to calculate all the needed inputs for the artificial neural network (ANN) 

model. The software runs the already developed ANN model depends on the formation where 

the well is from and the length of production data history available. Finally, probabilistic analysis 

is conducted to estimate the P90 and P10 of the selected well using the already developed Monte 

Carlo simulations.  The main outcomes of the software are the forecasted EUR value using 

production history matching with decline curve analysis, the predicted EUR value using ANN 

models and the different probabilistic estimations of EUR. Screenshots of the software are shown 

in Figures B.1 – B.10 in Appendix B. 
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CHAPTER 8 

CONCLUSIONS AND FUTURE WORK 

In this study, several models were developed to estimate ultimate recovery for 

hydraulically fractured horizontal wells. The models developed are designed to combine 

production data along with well completion data to estimate cumulative production with high 

certainty. The main advantage of the models developed is their ability to predict EUR for any 

well given only a short early production data along with its completion data. The early 

production data periods used to predict EUR vary from two years to only one month of 

production. The process followed to build the predictive models starts with a developed 

workflow for production history matching and forecasting and then followed by artificial neural 

network techniques. Actual production and completion data from more than 1,000 wells from 

five different formations in the US (Niobrara, Barnett, Haynesville, Eagle Ford and Bakken) 

were used in this study to build and validate all the models developed. The main outcome of this 

study is the developed workflow to predict EUR values for hydraulically fractured horizontal 

wells that includes production history matching using decline curve analysis with short 

production data and the utilization of completion data into EUR prediction using ANN models. 

The developed production history matching workflow combines decline curve analysis 

with least-squares fitting and includes several steps of data clean-up and preparation. It was 

tested using stretched exponential production decline and Arps hyperbolic decline models with 

the actual data provided in this study and showed reasonable estimates of ultimate recovery using 

only an early short production period. Even though the production history matching workflow 

was developed and tested using data from specific formations, it can be utilized using any well 
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from any formation. The outcomes of production history matching were used along with well 

completion data to build artificial neural network (ANN) models.  

Twenty-four ANN models were built to predict EUR for four different formations 

(Niobrara, Barnett, Eagle Ford and Bakken) given different periods of early production data (two 

years, one year, six months, three months and one month). The ANN models were trained and 

tested using the actual well data in this study and provided good predictions of EUR given as 

little as one month of production history. Even though, the ANN models developed are 

specifically designed for the four subject formations, a workflow was developed to build ANN 

models for any formation give a sufficient amount of data to build and test the models.  

The outcomes from the ANN models were evaluated in the probabilistic analysis part of 

this study. For all twenty-four ANN models, 100,000 Monte Carlo simulations were conducted 

to observe the distribution of the predicted EUR values and build probabilistic estimates of these 

values. The different probabilities developed for each outcome of any of the ANN models are 

presented in terms of P90, P50 and P10 values. Knowing the different probabilities of the 

outcomes of any of the models helps build a range of certainty for all the models. Furthermore, 

this study conducted several statistical analyses on the large data it covered. Beside the basic 

statistical analysis done on production and completion data for the more than 1,000 wells, other 

specific analyses were done such as investigating the optimum initial flow rate value to choose 

as an input in any decline curve analysis model. Also, the distribution of the decline parameters 

of different decline curve analysis models (b values for Arps hyperbolic decline and n values for 

SEPD models) were determined for the wells in this study. Finally, a comprehensive computer-

based interface (software) was assembled to conduct all the analyses done in this study. The 
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objective of the comprehensive model developed using MATLAB is to allow the use of all the 

models developed along with all the statistical and probabilistic analysis performed in this study. 

 

8.1 Conclusions 

The following conclusions are for the work presented in this dissertation.  

 A new approach was developed to predict EUR for hydraulically fractured horizontal 

wells using a production history matching workflow, artificial neural networks and 

Monte Carlo simulation. The developed approach focuses on predicting EUR with very 

high accuracy using only a short early production history data (one month to two years) 

and utilizing the main well completion data. Actual production and well completion data 

from more than 1,000 hydraulically fractured horizontal wells from five different 

formations in the US (Niobrara, Barnett, Haynesville, Eagle Ford and Bakken) were 

included in this study to build and test the models developed. 

 The developed production history matching workflow provided a very accurate match 

(more than 0.99 correlation coefficient) between actual production data and decline curve 

analysis (SEPD and Arps hyperbolic decline models) for all 1,216 of the wells in this 

study.  

 The production history matching workflow was able to predict cumulative production 

with very high accuracy for all the wells in this study given only a short early production 

history data. With only two years of production history, production forecast accuracy 

ranges between 0.96 to 0.99 correlation coefficient. For production history matching 

using only one year of production history, production forecast accuracy ranges from 0.93 

to 0.97 correlation coefficient. For production history matching using only six months of 
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production history, production forecast accuracy ranges from 0.85 to 0.93 correlation 

coefficient. For production history matching using only three months of production 

history, production forecast accuracy ranges from 0.73 to 0.85 correlation coefficient.  

 Twenty-four artificial neural network (ANN) models were developed in this study to 

predict EUR values for hydraulically fractured horizontal wells for four different 

formations in the US (Niobrara, Barnett, Eagle Ford and Bakken). Each model was built, 

trained and tested using actual data with at least 115 wells per formation. Each model was 

built for a specific formation and for a specific production history period to be used as an 

input along with several well completion data. 

 For the testing data sets, the ANN models for each formation that require at least two 

years of production (Models 1.1, 2.1, 3.1 and 4.1) showed a correlation coefficient 

between predicted and actual EUR values of 0.98 to 0.99. The ANN models that require 

at least one year of production (Models 1.2, 2.2, 3.2 and 4.2) produced a correlation 

coefficient between 0.94 - 0.99. The ANN models that require at least six months of 

production (Models 1.3, 2.3, 3.3 and 4.3) produced a correlation coefficient between 0.88 

- 0.96. The ANN models that require at least three months of production (Models 1.4, 

2.4, 3.4 and 4.4) produced a correlation coefficient between 0.85 - 0.95. Finally, the ANN 

models that require at least one month of production (Models 1.5, 2.5, 3.5 and 4.5) 

produced a correlation coefficient between 0.70 - 0.86.  

 All of the twenty-four ANN models along with the production and completion data were 

used to build 100,000 Monte Carlo simulations. Input parameters (completion data) were 

used to develop several random values with a triangular distribution for all the inputs. 

The 100,000 Monte Carlo simulations developed provided a normal distribution of EUR 
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values for each model. The simulated EUR values were then used to produce a 

probability distribution of the predicted EUR values for each model.  

 The estimated P90, P50 and P10 values for each ANN model helped to quantify the 

certainty of the models’ outcomes.  

 The accurate selection of what represents initial flow rate in decline curve analysis was 

investigated using SEPD model and showed that choosing initial flow rate as the 

maximum flow rate reached provided better production forecasts on all the 1,216 wells 

from the five different formations than selecting an initial flow rate as the average flow 

rate for the first month, first two months or the first three months.  

 Universal averages of decline parameters for SEPD and Arps hyperbolic decline models 

were developed for each of the five formations in this study. Using the average values of 

the decline parameters for each formation provided an acceptable production forecasts for 

many of the wells. The correlation coefficient for all the formations when using these 

average decline parameters for SEPD model ranges from 0.60 to 0.83. The correlation 

coefficient for all the formations when using average decline parameters for Arps 

hyperbolic decline model ranges from 0.78 to 0.85.  

 A computer-based interface (software) was assembled using MATLAB to automate all 

the processes in this study.  This automation of this work helped dealing with the large 

number of data sets and the several steps and procedures performed more efficiently 

(production history matching, ANN models, probabilistic analysis, etc.).  
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8.2 Recommendations for Future Work 

 There are several areas of potential improvements to this work. The following is a list of 

potential future work suggested based on the findings of this study.  

 The availability of more data sets would likely improve any of the models in this study.  

Adding more wells will introduce the models to a wider ranges of possibilities to test and 

investigate.  

 Including more formations by providing enough data and following the workflow 

suggested in this study to build the predictive models for these new formations. 

 For production history matching, with the availability of production pressure data, more 

stable and accurate decline curve analysis models can be used depending on the flow 

regimes observed after conducting diagnostic plots tests. 

 Accurately defining the flow regimes and fitting production data with multiple decline 

curve analysis models (hybrid model) depending on the flow regime could result in a 

better production history matching than what has been achieved in this study. 

 Introducing more completion parameters to the ANN models might improve them. The 

completion parameters chosen in this study were for the most part chosen based on their 

availability. It was noted that with the introduction of more completion parameters, the 

models tends to be more accurate.  

 Utilizing more information about the formation in terms of the geological and 

geomechanical properties of the rocks by conducting diagnostic fracture injection tests 

(DFIT) analysis could have a great impact in predicting EUR using ANN models. 

 More statistical analysis of the production and completion data in this study could 

provide more valuable information to the literature. 
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 With the enhancements in the artificial intelligence techniques for data analytics, other 

techniques and algorithms than those used in this study can be used and tested following 

the fundamental rules established in this study. 

 The impact of each completion parameter on productivity can be studied with other 

techniques than were used in this study and could lead to valuable findings.  
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APPENDIX A 

WEIGHTS AND BIASES 

This appendix shows the weights and biases values for all the developed ANN models. 

 

Table A.1 Weights and biases for model 1.1 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j bj

1 7.09E-03 2.10E-02 5.17E-02 1.92E-02 6.04E-02 3.20E-03 5.78E-02 3.56E-03 1.03E-01 2.21E-02 3.70E-03 2.42E-02 4.67E-02 3.39E-01 1.93E-01

2 4.79E-03 3.27E-02 1.07E-02 1.33E-02 2.14E-03 4.98E-03 1.12E-03 1.73E-02 5.37E-02 4.07E-03 2.42E-02 6.27E-02 1.02E-02 9.58E-02 5.27E-02

3 6.15E-02 5.88E-02 1.51E-02 3.96E-03 4.31E-02 3.83E-02 1.68E-01 2.20E-01 1.85E-01 1.32E-02 8.98E-02 1.08E-01 4.26E-02 7.41E-02 -1.12E-01

4 2.53E-11 1.37E-11 2.08E-11 1.74E-11 7.85E-11 8.29E-11 5.08E-11 1.02E-10 7.21E-11 5.17E-11 2.83E-11 3.71E-11 1.09E-10 1.15E-11 -1.34E-10

5 1.51E-02 1.14E-02 3.02E-02 2.67E-02 1.26E-02 4.75E-02 8.75E-02 6.35E-03 3.95E-02 6.79E-03 4.01E-02 5.59E-02 5.25E-03 1.65E-02 5.52E-02

6 6.81E-11 5.89E-11 8.36E-12 7.12E-11 9.33E-11 3.94E-11 1.11E-10 7.02E-11 1.08E-11 7.73E-11 1.41E-11 1.34E-11 4.17E-11 2.38E-11 -7.43E-11

7 9.16E-03 2.23E-02 5.13E-02 1.91E-02 5.59E-02 3.67E-04 5.51E-02 6.89E-03 9.54E-02 2.25E-02 1.10E-03 2.22E-02 4.85E-02 3.21E-01 1.81E-01

8 2.39E-02 4.61E-02 6.52E-02 2.64E-02 4.80E-02 1.70E-02 6.69E-02 1.75E-02 9.12E-02 3.09E-02 2.95E-02 1.86E-02 6.19E-02 3.29E-01 1.94E-01

9 2.29E-02 1.35E-05 1.79E-03 2.37E-02 3.70E-02 7.45E-03 4.40E-03 1.56E-02 2.20E-03 2.49E-02 3.57E-02 2.35E-02 6.78E-02 2.27E-02 4.70E-03

10 5.93E-02 5.04E-03 3.41E-02 1.01E-01 1.33E-01 3.16E-02 4.27E-02 8.79E-02 1.09E-01 1.47E-01 3.53E-03 1.01E-01 7.14E-02 3.54E-01 2.40E-01

11 1.50E-02 7.47E-02 4.30E-02 2.73E-02 1.88E-03 2.16E-03 3.96E-02 3.05E-02 1.24E-01 1.21E-03 5.98E-02 1.20E-01 2.15E-02 2.86E-01 1.42E-01

12 8.71E-02 4.89E-03 3.70E-02 3.82E-02 1.15E-01 1.00E-01 7.20E-02 1.71E-02 9.25E-02 4.22E-02 1.34E-02 1.60E-02 7.50E-02 5.88E-02 9.47E-02

13 9.17E-11 4.19E-11 7.61E-11 3.45E-11 4.86E-11 9.39E-11 4.97E-11 8.32E-11 7.87E-12 3.15E-11 5.04E-11 6.49E-11 1.97E-11 6.09E-11 -1.34E-10

14 4.88E-02 9.90E-02 1.30E-02 5.68E-02 2.58E-02 3.68E-02 6.98E-02 4.05E-02 8.50E-02 1.34E-02 1.16E-01 1.24E-01 1.20E-01 3.76E-01 2.37E-01

15 6.23E-11 1.10E-10 3.03E-11 9.21E-11 2.49E-11 1.84E-11 7.30E-11 4.46E-11 5.49E-11 5.00E-11 9.48E-11 1.17E-11 1.66E-11 3.39E-11 -1.93E-10

16 3.06E-02 6.83E-03 4.17E-02 1.46E-02 2.78E-02 4.11E-02 7.24E-03 9.48E-04 3.73E-02 6.68E-03 2.95E-02 8.24E-03 2.91E-02 1.20E-02 3.59E-02

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j bj

1 4.81E-02 1.71E-02 3.81E-02 4.35E-11 1.87E-02 3.88E-11 4.58E-02 5.19E-02 8.27E-03 3.42E-02 4.75E-02 2.73E-02 4.13E-11 5.20E-02 7.54E-11 7.37E-03 2.77E-02

2 2.89E-01 9.65E-02 2.38E-01 5.11E-11 9.73E-02 6.65E-11 2.72E-01 2.76E-01 5.16E-02 1.62E-01 2.62E-01 1.63E-01 7.45E-11 3.30E-01 1.85E-11 3.89E-02 1.21E-01

3 1.21E-01 2.35E-02 2.45E-01 3.38E-11 2.97E-02 7.79E-11 1.14E-01 1.02E-01 3.89E-02 4.13E-01 8.84E-02 1.19E-01 6.12E-12 2.94E-01 6.98E-11 6.50E-02 3.71E-01

4 3.16E-08 6.03E-09 2.36E-09 8.13E-11 2.55E-08 1.58E-11 3.06E-08 2.66E-08 1.42E-08 5.23E-09 9.33E-09 2.59E-09 1.61E-11 3.24E-09 9.83E-11 1.92E-09 -3.09E-08

5 4.18E-03 1.58E-03 5.12E-04 4.39E-11 1.30E-03 7.74E-11 3.90E-03 5.20E-03 2.96E-04 2.48E-03 3.78E-03 1.39E-03 6.57E-11 3.37E-05 3.39E-11 1.31E-04 -2.32E-03

6 1.13E-01 3.93E-02 4.05E-02 7.29E-11 2.59E-02 5.70E-11 1.13E-01 1.65E-01 9.53E-03 2.34E-01 1.18E-01 2.59E-02 7.32E-11 4.86E-02 6.07E-11 1.52E-02 4.09E-02

7 1.51E-09 2.63E-11 6.83E-10 5.68E-11 1.46E-09 7.65E-11 1.98E-09 1.16E-09 2.01E-11 4.85E-10 1.35E-09 3.64E-10 4.74E-11 1.48E-10 4.54E-11 6.65E-10 -1.03E-09

8 2.49E-01 8.47E-02 1.86E-01 9.45E-11 7.98E-02 7.85E-11 2.34E-01 2.43E-01 4.28E-02 1.51E-01 2.28E-01 1.28E-01 6.05E-11 2.58E-01 2.10E-11 3.09E-02 1.19E-01

9 1.23E-06 3.31E-07 1.22E-07 3.63E-11 1.36E-07 6.19E-11 7.57E-07 1.09E-06 4.72E-07 3.70E-07 1.04E-06 3.08E-07 5.57E-11 3.13E-08 8.88E-11 1.16E-07 -1.38E-06

10 8.87E-04 2.68E-04 3.64E-07 1.09E-11 2.10E-04 3.06E-11 7.80E-04 9.37E-04 9.42E-05 1.34E-04 7.89E-04 2.80E-04 8.22E-11 1.80E-05 9.10E-11 2.27E-05 -8.16E-04

11 3.17E-08 6.83E-09 1.49E-08 2.12E-11 5.00E-08 7.91E-11 5.00E-08 1.05E-09 1.01E-10 7.74E-08 5.62E-09 6.27E-09 1.75E-11 8.95E-09 8.35E-11 4.91E-09 -1.92E-08

12 4.20E-11 1.08E-11 4.73E-11 8.96E-11 7.53E-11 6.50E-11 2.38E-11 7.35E-11 5.06E-11 5.21E-11 2.16E-12 2.49E-11 8.16E-11 4.50E-11 5.66E-11 2.50E-11 -1.49E-10

13 2.05E-08 8.92E-10 1.91E-10 4.74E-11 1.68E-08 5.10E-11 1.97E-08 1.62E-08 7.67E-09 3.31E-09 4.32E-09 1.25E-09 3.21E-11 4.24E-09 7.12E-11 3.50E-09 -1.08E-08

14 7.66E-11 6.70E-11 4.81E-11 6.91E-11 4.62E-11 5.65E-12 1.97E-11 2.06E-11 5.46E-11 1.36E-11 7.93E-11 8.12E-11 6.10E-11 7.80E-11 1.25E-11 3.38E-12 -2.16E-10

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j bj

1 1.27E-01 7.67E-01 7.18E-01 6.68E-09 6.53E-03 3.55E-01 1.39E-09 6.25E-01 2.49E-06 8.11E-03 4.60E-08 5.74E-11 1.59E-09 2.86E-11 3.51E-01

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer



201 

Table A.2 Weights and biases for model 1.2 

 

 

Table A.3 Weights and biases for model 1.3 

 

 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j bj

1 5.10E-02 1.30E-03 1.43E-01 1.24E-01 7.37E-02 3.20E-01 1.28E-01 7.89E-02 1.01E-01 1.47E-01 3.81E-02 6.29E-02 7.18E-02 2.23E-01 0.101805008

2 2.04E-01 4.68E-02 1.29E-01 1.06E-01 9.29E-02 1.85E-01 1.47E-01 1.40E-01 2.82E-02 1.09E-01 2.14E-01 1.26E-01 1.29E-02 2.29E-01 0.069895758

3 1.18E-01 1.88E-02 2.36E-01 3.49E-01 3.54E-01 3.96E-01 1.50E-01 2.02E-01 5.01E-02 3.01E-02 2.12E-02 7.88E-02 2.57E-04 3.37E-01 0.277446169

4 7.62E-02 1.19E-01 2.81E-01 3.09E-01 1.45E-01 3.27E-01 4.66E-03 3.27E-02 8.58E-02 2.63E-01 7.81E-02 7.77E-02 2.55E-01 1.20E-01 2.62E-01

5 8.73E-02 5.83E-02 7.80E-02 1.57E-01 7.38E-02 2.32E-02 1.72E-01 2.15E-01 3.20E-02 1.51E-01 5.82E-02 8.49E-02 9.94E-02 1.50E-02 0.010924333

6 4.23E-02 5.50E-02 3.99E-02 3.38E-02 4.97E-02 4.55E-02 1.09E-01 1.56E-02 5.76E-02 1.31E-01 1.02E-02 9.64E-02 8.82E-02 3.34E-02 2.09E-02

7 6.51E-02 6.37E-02 4.87E-02 1.59E-01 4.84E-02 1.00E-01 5.43E-02 1.43E-01 1.61E-02 5.74E-02 7.72E-02 7.21E-02 5.33E-03 3.93E-02 0.006045848

8 1.15E-01 1.28E-01 6.49E-02 1.30E-01 2.02E-01 5.67E-02 5.52E-02 1.09E-01 1.30E-01 1.27E-01 9.99E-02 6.69E-02 8.99E-02 1.48E-01 0.21260528

9 1.14E-01 1.18E-02 1.05E-01 1.63E-03 1.47E-01 6.18E-02 1.85E-02 1.71E-01 3.01E-02 1.23E-01 1.57E-01 1.21E-01 3.67E-02 2.79E-01 0.192726697

10 3.31E-02 6.04E-02 1.91E-01 8.14E-02 2.74E-01 1.88E-01 1.82E-02 9.79E-02 2.95E-02 1.10E-01 2.63E-01 1.49E-01 1.03E-02 5.35E-01 0.13095184

11 9.44E-03 1.79E-02 6.10E-03 3.10E-02 6.78E-03 3.52E-03 2.37E-02 1.88E-02 1.84E-02 2.27E-03 2.44E-02 2.11E-02 1.92E-02 1.29E-02 -0.05365282

12 3.45E-02 1.40E-03 1.12E-01 5.46E-02 1.07E-01 1.25E-01 6.90E-03 1.98E-02 1.36E-01 8.83E-02 5.70E-02 1.12E-01 8.81E-02 1.09E-01 0.224078804

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.87E-01 2.06E-01 6.55E-02 2.46E-01 1.50E-01 3.77E-02 9.94E-02 2.49E-01 8.24E-02 2.34E-01 2.58E-02 5.52E-02 0.143223

2 9.80E-02 1.73E-01 4.35E-02 9.49E-02 6.32E-02 6.36E-02 5.39E-02 1.77E-01 1.85E-01 1.57E-01 8.36E-03 7.83E-02 0.1783

3 1.16E-01 1.10E-01 2.46E-02 1.61E-01 2.40E-02 7.87E-02 3.89E-02 1.85E-01 2.38E-01 1.81E-01 5.19E-03 5.87E-02 0.143467

4 3.10E-02 1.33E-01 1.40E-01 3.68E-02 5.34E-03 9.02E-03 1.18E-02 8.12E-04 1.48E-01 1.02E-01 6.99E-03 8.96E-03 8.18E-02

5 1.25E-02 1.47E-02 7.54E-03 2.55E-02 3.72E-03 2.94E-02 2.63E-02 2.95E-02 1.01E-02 1.34E-02 1.74E-02 7.83E-03 -0.02153

6 4.45E-01 2.53E-01 5.83E-01 2.12E-01 3.54E-01 2.07E-01 2.53E-01 1.52E-01 3.33E-01 3.10E-01 1.82E-02 3.65E-01 0.513722

7 1.65E-02 2.69E-02 1.09E-02 2.22E-02 2.66E-02 1.08E-02 2.44E-02 6.60E-03 1.12E-03 7.17E-03 1.30E-02 1.60E-02 -9.11E-02

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j bj

1 5.86E-01 4.27E-01 4.47E-01 1.38E-01 1.59E-02 1.25E+00 7.67E-03 -0.39666162

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j bj

1 3.23E-02 9.13E-02 2.87E-01 1.85E-01 2.54E-01 1.91E-01 7.23E-02 7.33E-02 2.40E-01 5.67E-05 9.51E-02 1.76E-01 1.15E-02 6.99E-02 0.347364231

2 2.75E-02 3.92E-02 4.08E-02 3.52E-02 3.24E-02 1.49E-02 9.38E-03 2.80E-02 6.08E-02 5.88E-02 3.33E-02 4.82E-02 3.59E-02 6.23E-02 -0.1266871

3 1.41E-01 4.18E-02 2.50E-01 1.76E-01 1.60E-01 2.00E-02 3.88E-01 1.97E-01 9.52E-02 1.79E-01 1.92E-01 1.78E-02 3.51E-02 5.67E-01 0.455070147

4 1.91E-01 1.87E-01 1.85E-01 2.97E-02 7.96E-02 1.12E-01 2.45E-01 1.95E-01 2.37E-02 2.77E-01 1.89E-01 3.30E-03 2.98E-01 1.60E-01 4.92E-01

5 4.34E-02 1.68E-01 3.30E-03 3.70E-02 2.02E-01 2.26E-01 6.98E-02 6.22E-02 1.04E-02 4.21E-02 1.20E-01 4.14E-02 1.83E-01 1.28E-01 0.333907232

6 1.32E-01 3.17E-01 2.04E-02 7.97E-02 2.45E-01 1.57E-01 6.67E-02 8.21E-02 2.51E-01 2.61E-01 4.60E-02 6.78E-02 5.56E-02 1.13E-01 3.02E-02

7 1.47E-01 5.73E-02 2.01E-02 8.36E-02 2.25E-01 5.30E-02 6.54E-02 4.52E-02 3.31E-02 7.86E-02 1.61E-01 1.53E-01 6.07E-02 1.74E-01 0.333642377

8 9.58E-02 4.91E-02 1.78E-01 1.25E-01 1.91E-01 5.73E-02 3.76E-02 3.92E-02 9.58E-02 1.55E-01 2.45E-01 1.48E-01 3.01E-01 1.10E-01 -0.14286997

9 5.30E-02 3.48E-02 1.08E-01 1.06E-01 1.28E-02 1.54E-01 1.41E-01 9.27E-02 1.76E-02 1.41E-02 3.12E-01 1.14E-02 1.71E-01 2.24E-02 -0.03608454

10 6.51E-02 2.52E-02 9.62E-02 1.23E-01 1.06E-01 6.26E-02 1.42E-02 2.17E-03 2.21E-01 8.88E-03 6.68E-02 1.46E-01 2.63E-02 7.93E-02 0.170445699

11 1.05E-02 6.82E-02 1.13E-01 9.77E-02 1.14E-01 1.04E-01 8.63E-03 4.42E-02 3.88E-02 2.52E-02 2.32E-01 3.41E-02 2.00E-02 1.22E-01 -0.05496623

12 2.77E-02 1.66E-01 1.04E-01 2.36E-01 3.77E-01 1.69E-01 1.60E-01 9.88E-02 2.60E-02 1.81E-01 3.88E-01 1.44E-02 1.13E-01 5.50E-01 0.464387811

13 3.21E-02 6.85E-02 2.16E-03 2.11E-01 2.29E-01 2.48E-02 1.86E-01 2.76E-01 2.72E-01 3.93E-03 1.20E-01 1.18E-01 1.50E-01 5.38E-01 7.01E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j bj

1 5.14E-02 4.17E-02 1.09E-01 2.62E-03 1.68E-01 6.15E-02 1.73E-01 6.28E-02 1.32E-01 1.36E-03 1.04E-01 1.14E-01 2.99E-01 0.207751

2 5.41E-02 3.88E-02 3.13E-03 2.84E-01 6.57E-02 3.23E-02 3.50E-01 3.65E-02 2.12E-01 6.03E-02 1.34E-01 1.94E-01 6.39E-01 0.20048

3 2.15E-01 3.04E-02 2.27E-01 1.02E-01 1.52E-01 3.96E-01 2.22E-01 1.42E-01 2.32E-01 1.45E-01 1.85E-01 4.49E-01 4.49E-02 0.049757

4 3.19E-03 2.87E-04 3.69E-02 3.09E-02 3.56E-02 2.15E-02 6.23E-02 7.04E-02 5.61E-02 7.46E-02 2.97E-03 4.26E-02 1.38E-02 -5.75E-02

5 4.27E-01 4.77E-02 5.71E-01 2.68E-01 3.08E-01 3.26E-01 7.36E-02 4.33E-01 1.52E-01 2.38E-01 1.03E-01 3.99E-01 4.12E-01 0.167905

6 5.44E-02 5.24E-02 5.50E-02 1.21E-02 3.90E-02 3.65E-02 5.07E-02 4.40E-02 3.44E-02 1.72E-02 5.53E-02 3.66E-02 2.64E-02 -0.01718

7 1.17E-01 5.98E-02 2.44E-01 1.44E-01 3.31E-01 1.13E-01 2.23E-01 1.16E-01 1.10E-01 1.59E-01 2.72E-02 7.62E-02 1.29E-01 1.74E-01

8 5.42E-02 7.07E-02 2.32E-02 7.95E-02 1.56E-02 1.84E-02 1.33E-02 4.84E-02 4.33E-02 9.88E-03 1.20E-02 1.89E-02 4.97E-02 -0.08395

9 8.06E-02 2.63E-02 4.01E-02 2.79E-02 4.26E-02 7.14E-02 6.70E-02 4.00E-02 1.56E-02 6.41E-02 6.91E-02 5.95E-03 1.17E-02 1.53E-01

10 2.97E-01 4.85E-02 3.82E-02 2.25E-01 3.92E-02 1.11E-01 5.58E-02 2.88E-01 1.08E-01 1.58E-01 1.06E-01 9.40E-03 3.29E-01 0.190679

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j bj

1 4.54E-01 6.26E-01 6.61E-01 6.11E-03 1.17E+00 1.33E-02 4.31E-01 5.61E-02 6.27E-02 6.13E-01 -0.05034734

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer
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Table A.4 Weights and biases for model 1.4 

 

 

Table A.5 Weights and biases for model 1.5 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j bj

1 3.43E-02 1.91E-02 1.19E-02 2.88E-02 6.99E-03 2.38E-03 1.31E-02 3.82E-02 1.82E-02 5.92E-03 8.19E-03 2.95E-02 3.59E-02 1.64E-02 0.050801307

2 3.04E-03 4.12E-03 2.39E-03 4.61E-03 5.80E-04 5.36E-03 1.69E-03 5.81E-03 4.85E-03 6.45E-03 2.55E-03 4.59E-03 4.46E-04 1.21E-03 -0.01194561

3 1.86E-02 6.84E-02 3.17E-02 6.67E-02 1.36E-01 7.01E-02 3.12E-02 8.72E-02 6.28E-02 2.79E-02 1.01E-02 4.28E-03 1.35E-02 5.70E-02 0.091447555

4 3.27E-02 5.63E-02 8.73E-02 1.03E-01 8.37E-02 1.85E-01 2.90E-02 8.58E-02 5.95E-03 9.65E-02 5.24E-02 5.02E-02 1.29E-01 1.06E-01 9.96E-02

5 2.99E-02 8.48E-02 8.49E-03 1.01E-01 1.28E-01 3.12E-02 8.30E-02 1.65E-01 5.06E-02 4.11E-02 9.61E-02 1.96E-02 3.24E-02 7.53E-02 -0.0587742

6 1.27E-01 1.79E-01 5.84E-02 1.97E-01 6.73E-02 1.47E-01 1.60E-02 1.48E-01 1.20E-01 8.69E-03 1.27E-02 3.64E-01 1.38E-01 2.55E-01 -5.79E-02

7 1.64E-01 8.01E-02 6.20E-02 1.67E-01 4.41E-03 1.34E-03 2.98E-02 8.53E-02 1.39E-01 2.05E-01 3.23E-01 6.56E-02 3.72E-01 1.83E-01 -0.17266621

8 5.99E-02 3.35E-02 5.14E-02 3.71E-03 9.31E-02 4.88E-02 2.49E-02 2.40E-03 7.36E-03 1.50E-02 6.68E-03 6.27E-02 7.19E-03 9.19E-02 -0.05595671

9 2.55E-01 2.93E-01 9.27E-02 5.06E-02 3.29E-01 5.45E-02 2.75E-01 9.79E-02 2.87E-01 2.37E-01 7.77E-02 8.00E-02 7.02E-02 5.28E-01 0.535869321

10 3.05E-03 2.44E-03 2.83E-03 5.53E-04 6.10E-03 5.88E-03 4.48E-03 1.27E-03 1.94E-03 5.56E-03 5.22E-03 5.20E-04 5.24E-04 6.00E-03 -0.00918654

11 1.41E-02 9.61E-02 2.31E-01 8.33E-03 1.15E-01 1.01E-01 1.54E-01 2.45E-01 1.82E-01 1.91E-01 6.63E-02 1.93E-02 1.18E-02 2.14E-01 0.095485115

12 2.41E-02 1.48E-02 4.17E-02 1.29E-02 2.45E-02 2.01E-02 1.78E-02 3.10E-02 3.06E-02 2.37E-02 2.75E-03 1.21E-02 1.98E-02 3.69E-02 0.035751713

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 8.19E-02 5.01E-03 2.02E-01 2.93E-01 2.67E-01 6.04E-01 6.09E-01 1.44E-01 6.54E-01 1.04E-03 3.93E-01 6.45E-02 -0.194

2 1.01E-03 7.75E-03 4.58E-03 2.69E-03 2.61E-03 2.42E-03 2.47E-03 3.08E-03 1.86E-03 2.08E-03 9.58E-04 7.18E-03 0.00147

3 5.90E-04 2.10E-03 3.99E-03 5.34E-03 2.94E-03 2.36E-03 5.54E-03 5.38E-03 3.61E-03 4.25E-03 4.98E-03 7.28E-04 -0.0134

j w1,j w2,j w3,j bj

1 1.71E+00 7.23E-04 2.26E-03 0.7940914

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j bj

1 2.92E-01 5.82E-02 1.47E-01 2.47E-01 4.15E-01 1.25E-01 1.70E-01 2.12E-01 8.80E-02 1.09E-01 3.24E-03 6.79E-02 3.19E-02 -0.05399373

2 2.42E-02 1.67E-02 1.93E-01 7.33E-02 6.47E-02 5.43E-02 1.33E-01 4.82E-02 8.89E-02 1.19E-01 6.98E-02 2.30E-02 6.97E-03 0.03146159

3 2.00E-03 2.11E-03 1.74E-03 2.95E-03 1.33E-03 1.28E-03 7.31E-04 2.87E-04 6.05E-04 8.64E-04 4.50E-03 2.40E-03 4.02E-03 -0.00242425

4 7.70E-02 1.15E-01 9.06E-02 5.63E-02 2.52E-05 1.08E-01 3.06E-01 1.10E-01 2.96E-02 5.19E-02 1.41E-01 1.58E-01 1.11E-01 3.68E-02

5 5.61E-02 8.06E-02 1.85E-02 1.80E-01 2.45E-02 1.52E-01 1.24E-01 1.41E-01 7.10E-02 4.63E-02 1.18E-01 4.27E-02 4.43E-02 0.200557688

6 4.79E-02 1.57E-01 2.22E-02 5.79E-03 2.66E-01 1.21E-01 5.44E-02 1.66E-01 7.70E-02 3.49E-02 2.44E-02 1.80E-01 1.41E-01 -6.83E-02

7 9.32E-02 1.61E-01 2.00E-01 6.16E-02 2.14E-02 9.30E-02 4.75E-01 1.16E-01 4.69E-02 1.21E-01 1.08E-01 1.72E-02 1.96E-01 -0.02417214

8 1.85E-03 2.09E-03 4.20E-03 2.85E-03 1.22E-03 1.97E-03 3.59E-03 3.09E-03 1.21E-03 3.55E-03 1.64E-03 1.97E-03 3.83E-04 -0.00086294

9 2.00E-02 1.62E-02 4.94E-02 7.43E-03 5.26E-02 1.81E-02 7.39E-02 1.99E-02 5.19E-02 9.71E-03 3.45E-03 3.31E-02 5.05E-03 0.037309502

10 1.39E-01 1.71E-01 2.31E-02 1.34E-01 1.78E-02 6.04E-02 2.24E-01 4.49E-02 2.75E-03 6.99E-02 1.78E-01 7.39E-02 7.80E-02 0.054330608

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j bj

1 6.15E-01 2.83E-01 6.32E-03 4.10E-01 3.27E-01 4.34E-01 6.19E-01 7.81E-03 8.55E-02 3.94E-01 0.386975

2 1.25E-05 7.44E-06 6.47E-06 1.39E-05 1.82E-05 1.68E-05 1.37E-05 5.77E-06 2.88E-06 3.25E-06 -3.61E-05

j w1,j w2,j bj

1 1.58E+00 1.36E-05 -0.83896136

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer
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Table A.6 Weights and biases for model 1.6 

 

 

Table A.7 Weights and biases for model 2.1 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j bj

1 5.75E-01 6.25E-01 5.16E-02 4.83E-01 7.33E-01 3.22E-02 1.49E-01 2.40E-02 8.32E-01 3.09E-01 1.35E-02 0.876179546

2 3.06E-01 1.67E-02 5.56E-01 1.25E-01 1.01E-01 1.02E+00 5.24E-01 1.06E-01 1.38E-01 5.51E-02 3.86E-01 -0.56318546

3 1.92E+00 4.06E-01 1.22E+00 2.05E-01 1.97E-01 1.28E+00 9.61E-01 9.13E-01 1.94E-01 6.80E-01 2.51E+00 1.02500682

4 4.87E-02 1.44E-01 5.26E-01 1.59E+00 5.22E-01 1.22E+00 3.23E-01 4.58E-01 9.50E-01 9.11E-01 3.89E-03 9.93E-01

5 2.52E-01 1.03E+00 1.08E+00 2.11E-01 1.02E+00 1.47E+00 1.25E+00 2.00E+00 3.65E-01 1.37E+00 6.61E-01 0.605044319

6 1.31E-01 1.07E-01 4.34E-01 8.11E-02 2.58E-01 3.54E-01 5.06E-03 1.13E-01 6.23E-03 2.06E-02 6.59E-02 6.58E-01

7 3.22E-01 6.70E-02 5.53E-02 2.15E-01 3.90E-01 2.55E-01 1.10E-01 3.77E-01 1.30E+00 8.81E-01 5.91E-03 0.808660317

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j bj

1 6.37E-02 1.91E-01 2.24E-02 3.02E-01 2.46E-01 3.53E-01 1.85E-01 0.575589

2 8.89E-02 6.39E-02 1.87E-01 1.04E-01 1.00E-01 2.49E-01 7.30E-02 -0.31424

3 3.17E-01 2.08E-02 8.53E-01 6.06E-01 5.98E-02 3.70E-01 2.07E-01 -0.00502

4 5.06E-01 1.38E-01 3.24E-01 2.49E-01 5.48E-01 3.68E-02 7.68E-01 3.07E-02

5 8.07E-02 6.01E-02 1.02E-01 1.12E-01 1.93E-01 1.94E-01 1.94E-01 0.042413

6 2.19E-01 2.21E-01 2.42E-01 8.25E-02 8.65E-02 3.55E-01 3.13E-01 0.258051

7 3.95E-01 8.88E-01 9.23E-01 6.06E-01 1.75E+00 6.11E-02 3.71E-01 -2.82E-01

8 6.47E-01 5.20E-01 3.05E-01 8.51E-01 2.98E-01 4.33E-01 4.54E-01 -0.13294

9 3.70E-01 5.31E-03 3.51E-01 1.06E-01 2.86E-01 7.85E-02 1.47E-01 3.95E-01

10 1.14E+00 4.78E-01 1.26E+00 6.54E-01 6.95E-02 4.64E-01 1.17E+00 0.265421

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j bj

1 4.42E-01 1.76E-01 6.86E-01 8.37E-01 7.48E-02 2.86E-01 7.85E-01 8.52E-01 3.88E-01 2.06E+00 -0.01004649

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.27E-01 2.81E-02 2.71E-01 4.07E-01 1.90E-01 9.90E-02 1.72E-01 1.22E-01 4.47E-01 2.26E-01 1.58E-01 1.36E-02 0.694469422

2 1.53E-01 8.68E-03 2.26E-01 2.75E-01 1.11E-01 2.63E-01 1.18E-01 2.30E-01 1.42E-01 2.54E-01 6.10E-02 2.29E-02 0.582656871

3 1.50E-01 3.86E-01 1.39E-01 1.50E-02 5.94E-02 1.02E-01 3.26E-01 3.25E-01 2.76E-01 2.81E-01 9.12E-02 1.51E-01 0.660786267

4 1.20E-01 5.61E-01 3.32E-01 8.70E-02 2.90E-01 3.45E-01 5.27E-01 4.55E-02 1.96E-01 4.86E-01 3.30E-01 4.95E-01 -2.63E-01

5 2.16E-01 2.40E-02 4.56E-02 2.75E-01 9.23E-02 2.00E-01 3.89E-01 8.74E-02 5.26E-02 2.75E-01 3.82E-01 2.50E-01 -0.28990173

6 2.27E-01 4.23E-01 9.97E-02 2.84E-01 3.20E-02 1.24E-01 3.00E-01 1.26E-01 8.64E-02 1.05E-01 2.55E-02 4.06E-01 -3.60E-01

7 1.76E-01 2.39E-01 2.22E-02 7.62E-03 3.68E-01 1.28E-01 1.59E-01 3.40E-01 2.01E-01 2.71E-01 9.68E-02 1.51E-01 -0.22854103

8 3.72E-01 9.34E-02 1.08E-01 2.12E-01 1.64E-01 1.30E-01 1.91E-01 3.03E-01 2.30E-01 2.46E-01 4.51E-01 2.34E-01 0.261532445

9 3.09E-02 8.73E-02 2.55E-01 2.25E-01 1.28E-01 2.09E-01 2.05E-01 2.06E-01 1.60E-01 1.94E-01 5.87E-02 9.87E-02 -0.09534923

10 4.46E-02 3.55E-01 1.23E-01 1.87E-01 4.66E-01 2.17E-01 3.50E-01 5.25E-01 4.76E-02 2.37E-01 1.42E-01 3.44E-01 0.247840056

11 2.68E-01 2.25E-01 5.69E-01 1.06E-01 2.45E-02 2.27E-01 1.06E-01 1.88E-01 3.71E-01 5.60E-03 7.41E-02 5.65E-01 0.043255522

12 3.77E-01 2.05E-01 1.16E-01 2.97E-01 2.27E-01 3.17E-02 2.22E-01 9.28E-01 6.47E-02 4.24E-01 4.84E-01 4.15E-01 -0.44897479

13 1.70E-02 4.17E-01 3.37E-02 4.62E-01 1.41E-01 4.10E-01 9.65E-03 5.60E-01 9.15E-02 5.00E-01 5.67E-01 5.13E-01 3.75E-01

14 3.78E-02 4.92E-02 1.26E-02 5.39E-02 7.96E-02 1.65E-01 1.24E-02 1.56E-02 2.72E-02 1.08E-02 4.23E-02 8.26E-01 -0.56895916

15 9.96E-02 9.04E-02 1.74E-01 2.08E-01 1.27E-01 9.87E-02 7.43E-02 3.10E-01 4.66E-02 3.72E-01 3.53E-01 5.86E-01 4.45E-01

16 1.77E-01 3.20E-01 1.36E-01 5.29E-02 2.14E-01 5.22E-01 3.68E-01 2.41E-01 1.01E-01 3.23E-02 1.47E-01 8.32E-01 -0.06244154

17 1.35E-02 3.78E-01 4.00E-01 1.08E-01 2.34E-01 9.50E-03 5.78E-01 9.28E-02 3.33E-01 1.98E-01 3.20E-01 1.28E+00 0.451733677

18 6.24E-02 3.30E-01 9.07E-02 1.30E-02 1.63E-01 2.04E-01 2.38E-01 5.78E-03 1.95E-01 2.70E-01 2.87E-01 3.25E-01 -0.47940716

19 2.52E-01 2.01E-01 4.14E-03 4.84E-02 2.28E-01 2.41E-01 2.04E-01 1.86E-01 9.33E-03 1.22E-01 1.60E-01 1.59E-01 -0.59919903

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j w19,j bj

1 4.47E-02 3.27E-02 5.27E-02 8.01E-02 1.35E-03 1.66E-01 1.79E-01 1.36E-01 1.46E-01 5.06E-02 9.66E-02 1.74E-01 1.36E-01 1.45E-01 4.88E-02 0.00951 1.59E-01 1.77E-01 0.20414 -0.54248

2 1.01E-01 1.35E-03 1.23E-01 1.85E-01 1.97E-01 2.75E-01 2.26E-01 2.69E-02 2.02E-01 6.46E-02 1.46E-01 1.19E-01 4.56E-01 1.11E-01 1.11E-01 0.22536 2.88E-01 3.18E-02 0.1639 0.550183

3 8.38E-02 3.25E-01 1.25E-01 3.12E-01 3.12E-01 3.35E-02 2.69E-01 3.15E-01 7.28E-02 9.33E-02 2.58E-01 2.94E-01 5.19E-01 5.11E-01 6.64E-02 0.09832 1.64E-01 1.91E-01 0.18374 0.848181

4 8.22E-04 1.49E-01 1.99E-01 3.60E-01 1.88E-02 3.16E-01 2.05E-01 5.71E-02 1.97E-01 2.18E-01 3.45E-01 4.70E-01 6.39E-01 2.83E-01 5.11E-02 1.57E-02 6.68E-01 4.79E-02 6.50E-02 1.72E-01

5 5.23E-02 2.24E-01 1.60E-01 1.41E-01 8.06E-02 6.70E-02 5.65E-02 1.59E-01 1.35E-02 2.03E-01 8.16E-02 7.40E-02 2.56E-01 2.15E-01 1.13E-01 0.20356 5.16E-02 1.98E-01 0.03456 0.270251

6 6.11E-03 9.08E-02 9.88E-02 1.23E-01 1.47E-01 3.34E-01 1.45E-02 3.32E-02 2.10E-02 3.60E-01 1.25E-03 9.34E-02 1.31E-01 3.24E-02 2.75E-01 0.14625 2.55E-01 9.95E-03 0.00781 0.191533

7 5.21E-02 4.75E-02 1.90E-01 3.12E-01 1.71E-01 4.97E-02 2.51E-01 5.07E-02 1.41E-02 1.02E-01 4.13E-02 7.33E-02 8.35E-02 1.28E-01 8.02E-02 3.93E-01 1.23E-01 1.89E-02 1.99E-01 1.31E-01

8 9.01E-03 2.24E-01 1.06E-01 4.43E-02 1.27E-01 1.80E-01 9.76E-02 1.81E-01 7.80E-03 4.73E-02 1.14E-01 1.78E-01 1.98E-02 4.86E-02 1.20E-01 0.20603 6.77E-02 1.69E-01 0.01126 -0.03617

9 3.36E-01 2.71E-01 1.81E-01 1.48E-01 2.02E-01 2.06E-01 1.94E-03 1.66E-01 5.75E-02 4.28E-02 3.26E-02 1.18E-02 9.17E-02 9.79E-03 8.25E-02 1.31E-01 1.23E-01 2.07E-01 2.39E-02 1.11E-01

10 1.20E-01 1.42E-01 1.60E-01 1.21E-01 1.30E-01 9.97E-02 1.20E-01 1.83E-02 1.15E-01 1.12E-01 1.35E-01 1.60E-01 5.67E-02 1.67E-01 1.51E-01 9.09E-02 1.02E-01 1.36E-01 1.69E-01 0.1109

11 1.73E-01 1.92E-01 1.67E-01 9.71E-02 3.11E-02 1.16E-01 1.49E-01 1.31E-01 1.43E-01 9.73E-04 2.39E-02 3.73E-02 1.67E-01 1.59E-01 4.72E-03 1.30E-01 1.53E-01 1.01E-01 3.94E-02 -2.06E-01

12 9.84E-02 1.54E-01 1.87E-01 1.51E-01 1.83E-01 8.94E-02 1.34E-01 8.26E-02 9.36E-02 1.32E-01 1.35E-01 1.40E-01 1.13E-01 3.56E-02 1.09E-01 1.69E-01 7.66E-02 1.11E-01 2.90E-02 -2.53E-01

13 1.50E-01 1.07E-01 1.68E-01 2.11E-02 6.24E-02 1.95E-01 4.97E-02 9.92E-02 7.43E-02 1.03E-01 6.94E-02 1.77E-02 1.67E-01 1.04E-01 1.66E-01 1.92E-01 1.84E-01 1.39E-01 7.04E-03 -3.25E-01

14 1.34E-01 1.28E-01 6.54E-02 1.16E-01 2.31E-01 1.91E-01 2.12E-01 3.09E-02 2.06E-01 2.91E-01 6.63E-02 2.31E-01 3.58E-01 4.51E-02 1.85E-01 4.69E-01 1.43E-01 5.05E-02 2.15E-01 4.71E-01

15 6.80E-02 6.76E-02 1.13E-01 7.28E-02 3.80E-02 4.43E-01 2.14E-01 1.70E-01 1.92E-01 2.29E-02 1.97E-01 5.27E-01 1.86E-01 5.58E-01 8.99E-02 4.51E-01 5.16E-01 0.17851 0.17394 0.410353

16 5.73E-01 2.26E-01 4.63E-01 2.41E-01 7.28E-02 1.07E-01 1.51E-01 2.41E-01 6.34E-02 2.20E-01 3.39E-01 4.82E-01 6.95E-02 1.25E-03 5.90E-01 3.74E-01 5.76E-01 0.06994 0.06169 0.747365

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j bj

1 1.50E-01 3.82E-01 7.32E-01 8.64E-01 4.45E-01 3.21E-01 2.80E-01 2.80E-01 5.26E-01 2.19E-02 2.27E-01 1.42E-01 3.93E-02 6.81E-01 1.14E+00 3.55E-01 -0.14984277

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer
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Table A.8 Weights and biases for model 2.2 

 

 

Table A.9 Weights and biases for model 2.3 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 9.20E-02 2.28E-02 7.30E-02 8.20E-02 1.84E-02 1.13E-01 6.82E-03 3.05E-02 1.52E-01 5.66E-02 8.78E-02 1.08E-02 -0.26337901

2 6.45E-02 1.77E-02 3.88E-02 7.04E-03 1.52E-02 2.41E-01 1.99E-02 4.13E-02 1.21E-02 3.14E-02 4.19E-02 6.94E-01 -0.37835157

3 7.79E-03 7.07E-03 4.95E-02 1.53E-02 1.36E-01 1.34E-01 1.35E-01 5.06E-03 8.90E-02 4.66E-02 4.24E-02 1.48E-03 -0.19753425

4 1.21E-01 7.14E-02 2.55E-02 2.25E-02 1.89E-01 1.39E-01 6.15E-02 2.70E-02 4.95E-02 1.56E-01 8.77E-02 8.29E-01 1.76E-01

5 1.27E-01 2.27E-01 8.75E-02 2.11E-01 1.89E-01 4.67E-01 6.46E-01 7.46E-01 4.72E-01 1.06E-04 4.42E-01 9.45E-01 0.054177246

6 2.30E-01 3.25E-02 4.66E-01 8.67E-02 1.36E-01 6.04E-02 2.84E-01 8.99E-01 2.26E-04 1.10E-01 2.55E-01 2.24E-01 8.54E-03

7 3.95E-02 7.62E-02 2.18E-02 2.25E-01 3.12E-02 8.41E-03 3.12E-01 2.86E-01 1.12E-01 9.72E-02 4.17E-01 1.25E-01 -0.02646192

8 1.02E-01 3.08E-01 3.84E-02 3.96E-01 2.12E-02 2.47E-01 1.36E-01 1.49E-01 2.51E-01 9.78E-03 1.32E-01 1.37E-01 0.182653776

9 5.87E-01 3.07E-01 1.04E-01 1.84E-01 3.40E-02 1.62E-01 1.28E-01 9.91E-02 2.67E-01 1.14E-01 4.17E-01 6.96E-01 0.337440778

10 7.30E-02 5.75E-02 1.02E-01 5.94E-02 9.25E-02 1.14E-01 5.81E-02 9.61E-02 8.80E-03 1.40E-02 1.01E-02 9.51E-02 -0.0809374

11 9.06E-02 7.28E-01 2.67E-01 2.64E-01 8.34E-02 1.99E-01 3.41E-01 6.40E-01 3.30E-02 5.95E-02 4.87E-01 5.95E-02 0.118754264

12 2.08E-01 2.15E-02 2.10E-01 1.83E-01 1.52E-02 2.64E-01 2.74E-01 3.62E-01 2.66E-01 1.98E-01 1.76E-01 7.41E-01 0.343297161

13 2.50E-01 4.04E-01 2.16E-01 3.85E-01 2.08E-02 3.33E-01 1.08E-01 5.48E-02 4.71E-01 2.90E-01 4.08E-01 5.25E-01 2.44E-01

14 1.53E-01 2.85E-01 2.21E-01 2.26E-02 9.13E-03 5.60E-03 1.30E-02 6.01E-02 8.05E-02 1.29E-01 1.13E-01 1.59E-01 -0.19933771

15 1.36E-02 6.42E-02 1.14E-01 7.02E-02 1.04E-01 1.09E-01 3.23E-02 5.95E-03 2.68E-02 9.49E-02 9.75E-02 4.18E-02 -2.04E-01

16 2.39E-01 3.49E-01 4.39E-02 4.85E-02 6.78E-02 1.31E-01 1.35E-01 1.51E-03 8.69E-03 1.62E-02 1.73E-01 1.93E-02 -0.25854928

17 9.60E-02 1.47E-02 6.70E-02 7.76E-02 2.36E-02 5.96E-02 1.16E-01 1.29E-01 4.02E-02 9.08E-02 6.84E-02 2.67E-02 -0.26337901

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j bj

1 1.01E-01 2.78E-02 7.10E-02 2.79E-01 1.92E-01 1.80E-01 9.51E-02 7.22E-02 6.57E-02 3.36E-02 8.75E-02 2.61E-02 1.30E-01 5.18E-03 6.11E-02 0.02219 7.32E-02 0.23871915

2 2.85E-02 7.22E-02 1.17E-02 2.24E-01 1.82E-02 1.46E-02 4.97E-02 1.41E-01 1.31E-01 2.89E-02 1.93E-01 1.25E-01 9.02E-02 5.05E-02 5.42E-02 0.08326 9.81E-02 0.31603969

3 8.38E-02 3.19E-01 6.41E-02 2.10E-01 1.54E-01 2.39E-01 1.07E-01 3.53E-01 2.04E-01 5.07E-02 9.37E-02 2.52E-01 5.81E-03 3.26E-02 5.10E-02 0.05263 8.65E-02 0.57652762

4 6.92E-02 4.73E-02 3.15E-02 3.38E-01 5.40E-01 3.73E-01 2.25E-02 1.04E-01 3.67E-01 1.75E-02 1.22E-01 9.21E-02 4.05E-01 6.90E-02 1.12E-01 1.28E-01 4.64E-03 4.01E-01

5 4.51E-02 6.62E-02 7.23E-03 1.80E-01 7.45E-01 9.52E-02 7.41E-02 1.84E-01 3.75E-02 7.75E-02 2.10E-01 1.36E-01 2.30E-01 1.94E-02 2.59E-02 0.05957 7.10E-03 0.01765714

6 2.41E-02 1.09E-01 9.38E-02 3.18E-01 2.63E-01 1.98E-01 2.17E-01 1.82E-02 1.83E-01 5.26E-02 1.91E-01 5.21E-02 1.85E-02 3.88E-02 4.79E-02 0.01315 2.91E-05 -0.27493589

7 7.03E-02 1.06E-01 1.01E-02 2.64E-01 9.25E-01 2.39E-01 2.95E-01 8.00E-02 3.64E-01 2.86E-02 2.35E-01 2.49E-01 7.36E-01 1.85E-01 7.93E-02 3.18E-01 1.31E-02 2.06E-02

8 1.02E-01 4.49E-03 2.16E-02 3.22E-01 2.66E-01 3.76E-01 1.23E-01 3.48E-01 1.00E-01 9.70E-02 4.20E-01 4.47E-01 9.84E-02 1.21E-01 2.64E-02 0.02497 1.99E-03 -0.03331744

9 4.64E-02 5.20E-01 9.03E-02 5.58E-01 3.73E-01 4.86E-02 2.63E-01 6.85E-02 1.42E-01 2.11E-02 1.56E-01 2.98E-01 3.62E-02 3.02E-01 8.83E-02 9.25E-02 9.13E-02 -1.60E-01

10 8.72E-02 1.39E-01 1.50E-02 1.05E-01 5.49E-02 1.27E-02 7.84E-02 2.23E-01 7.38E-03 5.03E-02 9.79E-02 1.87E-01 2.77E-01 3.00E-02 9.73E-02 4.28E-02 4.96E-02 0.11593711

11 4.14E-02 7.77E-02 6.03E-02 2.82E-01 1.76E-01 3.48E-01 1.31E-02 1.67E-02 1.06E-01 3.58E-02 2.03E-01 1.33E-01 1.87E-01 2.67E-02 5.07E-02 9.50E-02 7.57E-02 2.99E-01

12 7.49E-02 1.87E-02 6.54E-02 2.08E-01 7.78E-01 8.64E-01 1.38E-01 9.51E-02 1.58E-01 5.01E-02 1.17E-01 7.90E-02 4.28E-01 3.45E-02 1.37E-02 7.33E-02 6.83E-02 -9.11E-02

13 8.38E-02 6.28E-02 5.24E-02 6.53E-02 5.84E-02 2.04E-02 9.04E-02 2.28E-02 6.29E-02 2.61E-02 3.62E-02 5.29E-02 6.86E-02 2.03E-02 7.49E-02 7.65E-02 6.74E-02 -1.23E-01

14 8.29E-02 1.98E-01 1.64E-03 3.01E-01 6.40E-01 5.06E-01 1.76E-01 1.15E-01 8.88E-03 5.73E-02 4.80E-01 3.19E-01 5.18E-01 1.51E-01 2.71E-02 5.32E-02 2.59E-02 1.97E-01

15 5.58E-02 7.21E-02 6.35E-02 9.51E-02 1.57E-02 7.03E-02 5.02E-02 3.30E-02 5.48E-02 5.29E-02 1.06E-01 1.17E-02 9.78E-02 7.09E-03 4.01E-03 5.70E-02 1.42E-02 -0.18428261

16 2.40E-02 3.51E-01 3.14E-02 3.11E-01 9.80E-02 2.30E-01 1.74E-02 1.12E-01 4.06E-01 8.01E-02 6.00E-01 1.17E-01 1.50E-01 1.89E-02 3.34E-02 2.02E-01 4.97E-02 -0.48566747

17 0.05734 0.1056 0.01114 0.09399 0.02331 0.02549 0.04745 0.04884 0.1558 0.08143 0.08834 0.0786 0.0452322 0.02909 0.07597 0.02809 0.05775 0.28679637

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j bj

1 3.08E-01 6.93E-02 3.06E-01 4.53E-01 1.36E-01 5.09E-01 6.27E-01 8.55E-01 9.24E-01 2.78E-01 4.95E-01 1.77E-01 6.89E-02 4.25E-01 5.77E-02 5.11E-01 9.73E-02 0.09289087

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.57E-02 2.30E-01 2.05E-01 2.61E-02 2.23E-01 2.07E-01 3.52E-02 1.41E-01 8.12E-02 1.68E-01 1.45E-01 2.27E-01 -0.56318176

2 3.26E-01 5.17E-02 5.10E-01 2.83E-01 1.59E-01 3.90E-01 2.54E-01 8.37E-01 4.60E-01 1.32E-01 2.79E-01 9.35E-01 -0.3199897

3 5.01E-02 9.57E-02 5.96E-02 2.93E-01 6.38E-03 1.65E-01 2.51E-01 1.34E-01 1.30E-02 3.16E-01 4.31E-02 7.68E-02 -0.44461718

4 1.25E-01 4.49E-01 4.88E-01 5.50E-01 2.36E-01 3.39E-01 6.46E-02 7.90E-02 1.34E-01 2.38E-01 7.44E-02 3.13E-01 -1.76E-01

5 2.49E-02 1.92E-01 6.62E-01 4.89E-01 2.64E-01 8.02E-02 6.52E-02 1.84E-01 6.02E-02 5.73E-01 2.68E-01 2.42E-01 -0.07620943

6 9.88E-02 2.81E-01 1.11E-01 2.87E-01 1.21E-01 2.09E-01 5.06E-01 4.18E-01 2.69E-01 8.10E-02 6.73E-02 3.17E-02 -1.97E-01

7 3.90E-01 4.37E-01 8.42E-02 1.22E-02 5.77E-01 6.44E-02 3.28E-01 9.88E-01 5.19E-01 2.25E-01 6.01E-01 7.10E-01 -0.10936873

8 1.55E-01 1.83E-01 1.92E-01 7.49E-02 9.53E-03 1.86E-01 2.29E-01 3.03E-02 2.21E-01 2.25E-01 9.24E-02 1.46E-01 -0.14820573

9 6.26E-02 7.03E-01 3.03E-01 4.37E-01 2.26E-01 1.51E-02 4.57E-02 2.62E-01 1.16E-01 9.54E-02 4.35E-01 7.62E-01 -0.30399172

10 2.67E-01 5.50E-01 1.86E-01 2.55E-01 3.45E-02 3.93E-01 4.15E-01 2.71E-01 2.68E-01 2.71E-01 9.31E-01 1.38E-01 0.239634704

11 5.43E-01 1.25E-01 1.15E-01 2.40E-01 6.67E-03 1.75E-01 2.51E-01 4.89E-01 4.13E-01 1.64E-01 7.18E-02 3.82E-02 0.241320922

12 1.63E-01 4.90E-02 5.97E-02 1.67E-02 9.22E-02 1.49E-01 1.69E-02 7.49E-02 6.50E-02 2.58E-02 2.59E-02 4.09E-01 0.023583381

13 2.56E-01 1.71E-01 2.81E-01 5.65E-01 8.74E-02 2.91E-01 2.37E-01 3.28E-01 5.07E-02 6.51E-02 5.16E-01 4.40E-01 2.64E-01

14 1.59E-01 1.82E-01 4.23E-01 3.40E-01 4.04E-03 1.10E-01 3.20E-03 3.39E-01 2.73E-01 2.03E-01 2.76E-01 3.25E-01 0.522278085

15 2.10E-02 3.01E-01 3.07E-01 6.14E-02 3.46E-01 1.21E-01 2.98E-01 5.98E-02 1.82E-02 1.05E-01 2.09E-02 7.45E-01 4.33E-01

16 4.99E-01 4.56E-01 8.90E-02 3.25E-01 3.61E-01 2.67E-01 4.30E-01 5.35E-01 2.58E-01 4.30E-02 3.41E-01 1.59E-01 0.705785712

17 2.58E-01 9.05E-01 3.49E-02 2.77E-01 3.37E-01 3.31E-01 7.18E-02 2.74E-01 1.65E-01 3.66E-01 4.87E-01 3.28E-01 0.312106573

18 4.42E-02 2.01E-01 8.07E-02 8.14E-02 6.66E-02 2.06E-01 5.81E-01 4.82E-01 2.15E-01 5.44E-02 1.43E-01 1.19E-01 0.45373273

19 3.51E-01 1.47E-01 3.55E-01 1.83E-01 5.21E-02 8.89E-02 2.36E-01 7.15E-01 4.56E-02 1.15E-01 1.68E-01 7.46E-01 -0.6528189

20 0.44617 0.15846 0.49879 0.10224 0.12237 0.20639 0.56481 0.24487 0.07970114 0.04682 0.11612 0.48403 0.578624206

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j w19,j w20,j bj

1 1.91E-02 1.17E-01 2.20E-02 5.51E-02 5.30E-02 1.55E-01 1.68E-01 1.20E-01 7.50E-03 2.25E-01 4.98E-02 7.45E-02 1.79E-01 6.09E-02 7.37E-04 0.08515 7.17E-02 1.23E-01 0.0553 0.33997 -0.49371

2 1.49E-01 4.28E-01 7.59E-02 4.60E-03 6.95E-02 1.90E-01 2.69E-01 6.18E-02 1.85E-01 2.65E-03 1.03E-01 4.33E-01 2.56E-01 1.53E-01 1.62E-01 0.0408 1.73E-01 4.00E-01 0.41521 0.4118 -0.43367

3 2.87E-02 1.68E-01 1.89E-01 1.24E-01 2.15E-01 1.57E-01 1.69E-01 3.36E-02 1.19E-01 2.11E-01 1.81E-01 1.18E-01 1.69E-02 4.04E-01 1.46E-01 0.02903 6.71E-02 3.52E-01 0.13306 0.00017 -0.19511

4 9.13E-02 2.40E-01 1.70E-01 5.31E-02 1.60E-01 4.36E-02 1.03E-01 4.61E-02 6.91E-02 1.76E-01 6.18E-02 2.83E-01 3.42E-01 2.65E-01 2.43E-01 1.63E-01 3.22E-01 8.36E-02 2.79E-01 4.14E-02 -7.90E-02

5 3.49E-02 8.89E-01 1.37E-01 5.25E-01 4.40E-01 1.51E-01 4.41E-01 7.69E-02 5.93E-01 3.57E-02 7.07E-02 1.40E-01 2.71E-01 8.55E-02 1.06E+00 0.34047 5.39E-01 2.53E-01 0.38071 0.49299 -0.17849

6 5.34E-02 2.86E-02 9.24E-03 7.19E-02 1.31E-02 2.30E-01 6.27E-03 7.07E-02 2.85E-01 3.44E-01 2.92E-02 1.01E-01 4.13E-02 1.53E-01 3.62E-02 0.19292 1.96E-01 1.46E-01 0.18309 0.22832 -0.20301

7 5.49E-02 4.06E-01 1.82E-01 2.32E-01 2.17E-01 1.77E-01 7.05E-01 3.27E-02 8.62E-01 1.84E-01 8.87E-02 2.51E-01 4.26E-01 3.50E-01 8.93E-01 1.02E-01 4.95E-01 6.34E-01 8.27E-01 4.59E-01 7.52E-01

8 1.87E-01 3.98E-01 1.78E-01 3.02E-01 1.08E-01 1.41E-01 2.85E-01 3.05E-02 2.57E-01 1.23E-02 3.80E-02 1.07E-02 1.22E-01 4.67E-01 1.38E-01 0.32187 3.73E-01 3.25E-01 0.3469 0.12916 0.80504

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j bj

1 2.92E-01 4.51E-01 2.52E-01 1.90E-01 1.25E+00 4.15E-01 5.75E-01 5.11E-01 -0.44312476

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer
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Table A.10 Weights and biases for model 2.4 

 

 

Table A.11 Weights and biases for model 2.5 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.72E-01 7.23E-01 1.12E-01 8.29E-02 2.87E-01 4.92E-01 1.61E-01 4.02E-01 2.47E-01 4.68E-01 6.04E-02 1.28E-01 0.532667556

2 1.84E-01 3.06E-01 5.64E-02 3.52E-01 6.11E-02 1.84E-01 1.27E-01 1.52E-01 3.52E-01 1.15E-02 4.41E-02 2.77E-01 -0.645014

3 3.17E-01 8.37E-02 1.83E-01 7.30E-02 2.59E-01 1.87E-01 1.04E-01 3.49E-02 2.10E-01 3.48E-01 3.45E-02 3.29E-01 -0.55901213

4 6.37E-01 2.16E-01 3.35E-01 9.68E-01 4.10E-01 3.71E-01 7.26E-01 9.17E-01 4.00E-01 2.83E-01 3.96E-01 8.60E-01 3.13E-01

5 1.03E+00 3.24E-02 1.06E+00 5.07E-01 5.11E-01 1.97E-01 1.19E+00 5.53E-01 1.21E+00 6.31E-02 1.13E+00 8.13E-01 0.57760636

6 1.02E+00 6.30E-01 1.19E-01 3.45E-02 1.25E+00 8.45E-01 2.54E-01 2.97E-01 6.46E-02 8.62E-01 1.18E-01 7.51E-01 1.18E+00

7 1.90E-01 7.37E-01 5.29E-01 5.39E-01 5.50E-01 5.16E-01 1.27E+00 9.47E-01 1.22E+00 7.04E-01 6.47E-01 4.63E-01 1.081892593

8 4.02E-01 9.30E-01 3.85E-01 2.44E-01 9.98E-02 3.93E-02 3.51E-01 3.47E-01 1.02E-01 1.95E-01 6.33E-02 7.66E-01 0.391415898

9 1.83E-01 5.47E-01 6.15E-01 6.70E-01 6.56E-01 1.69E-01 1.07E+00 8.49E-01 6.03E-01 2.79E-01 4.33E-01 7.98E-01 -0.17371418

10 1.87E-01 1.48E-01 2.12E-01 1.50E-01 3.64E-01 1.66E-01 6.58E-04 1.50E-01 1.55E-01 2.96E-01 2.97E-01 1.40E-01 -0.05155454

11 1.21E-02 8.70E-01 4.41E-01 3.67E-02 1.41E+00 5.91E-01 4.57E-02 2.57E-01 2.74E-01 9.60E-01 4.07E-01 8.88E-01 1.141285837

12 5.03E-02 1.39E-01 8.22E-01 4.81E-01 8.48E-02 1.20E-01 7.67E-01 7.36E-02 3.82E-01 2.75E-01 9.79E-03 2.87E-01 -0.04245866

13 3.87E-01 7.66E-01 6.99E-02 3.92E-01 1.31E+00 4.93E-01 8.49E-01 1.01E-01 1.81E-01 4.79E-02 9.03E-02 2.98E-02 1.56E+00

14 9.36E-02 9.05E-01 6.33E-01 2.12E-01 6.63E-01 1.66E+00 1.23E-02 2.10E-01 1.41E-01 6.85E-01 1.36E-01 9.27E-01 -0.4786158

15 6.14E-01 3.27E-01 1.39E+00 9.25E-02 7.18E-01 6.77E-01 1.46E+00 1.28E+00 2.43E-01 6.14E-01 5.83E-01 1.68E-01 1.11E+00

16 3.52E-01 4.26E-01 3.35E-01 3.50E-01 1.02E-01 4.81E-01 7.22E-02 3.87E-02 9.52E-02 2.82E-01 1.12E+00 1.39E-01 -0.53987612

17 4.41E-01 2.06E-01 3.46E-01 1.61E+00 1.01E+00 2.79E-01 1.19E+00 1.55E+00 5.53E-01 1.42E-01 3.85E-01 5.77E-01 1.385907647

18 6.18E-03 3.21E-01 2.68E-01 3.09E-01 1.32E-02 2.59E-01 8.04E-02 1.80E-01 1.12E-01 1.55E-02 2.75E-01 2.64E-01 -0.73101587

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j bj

1 5.36E-01 4.31E-02 1.48E-01 5.63E-01 2.56E-02 3.15E-01 2.55E-01 2.87E-01 1.43E+00 2.92E-01 2.32E-01 4.63E-01 1.60E-01 8.28E-01 2.02E-01 0.13405 5.56E-01 1.57E-01 0.771352

2 9.09E-02 2.53E-02 2.02E-01 7.60E-01 2.32E-01 8.02E-01 7.86E-01 1.41E+00 1.82E-01 1.60E-01 2.70E-01 1.41E+00 2.76E+00 4.18E-01 2.59E-01 0.13826 1.19E+00 1.25E-01 -0.32061

3 7.37E-02 2.08E-01 2.50E-01 3.46E-02 2.80E-01 3.11E-02 3.88E-01 1.55E-01 9.81E-02 6.35E-02 9.45E-02 7.24E-02 3.17E-01 1.95E-01 2.67E-01 0.36656 3.67E-02 1.48E-01 0.577647

4 3.91E-01 1.62E-01 2.70E-01 9.14E-01 4.34E-01 6.26E-01 1.69E-01 1.18E-01 1.46E-01 2.41E-01 1.02E-01 1.33E-01 1.54E-01 3.46E-01 1.23E-01 3.18E-02 1.69E-01 1.04E-01 1.38E-01

5 2.17E-01 9.80E-02 2.11E-01 1.49E-02 1.27E-02 2.11E-01 2.04E-01 1.66E-01 2.44E-01 2.36E-01 7.15E-02 1.48E-01 2.58E-02 3.73E-02 8.52E-02 0.00493 2.74E-01 1.17E-01 -0.35715

6 5.61E-01 2.62E-01 1.49E-01 1.49E+00 2.38E-01 1.02E+00 1.16E+00 9.43E-02 8.04E-01 4.43E-02 1.09E+00 5.55E-01 7.42E-01 2.81E-01 3.26E-01 0.24675 2.82E-01 1.09E-01 1.283898

7 7.36E-02 1.44E-01 3.17E-02 6.78E-02 3.38E-01 4.36E-01 5.61E-01 1.51E+00 3.79E-01 1.25E-01 1.64E-01 6.97E-01 2.70E-01 8.02E-02 6.01E-01 2.25E-01 7.40E-01 3.00E-02 2.78E-01

8 2.04E-01 5.18E-02 3.61E-02 8.93E-02 2.59E-01 4.09E-01 2.52E-01 3.42E-01 1.15E-01 3.80E-03 4.79E-02 1.57E-01 1.56E-01 3.33E-01 5.72E-02 0.16293 9.21E-02 5.48E-02 0.311038

9 1.42E-01 1.17E-01 2.23E-01 3.94E-01 1.65E-01 6.10E-02 1.58E-01 5.09E-01 4.07E-01 6.20E-02 9.35E-01 5.85E-02 3.37E-01 1.66E-01 2.11E-01 1.42E-01 7.73E-01 6.29E-02 2.00E-01

10 9.95E-02 1.12E-01 1.13E-01 5.56E-01 7.66E-01 7.24E-01 1.05E+00 5.02E-02 4.63E-01 5.39E-01 2.35E-01 4.06E-01 2.91E-03 2.16E-01 7.61E-01 3.83E-01 1.14E+00 6.85E-02 0.78398

11 2.26E-01 1.22E-01 3.92E-02 8.89E-02 1.59E-01 1.40E-01 7.96E-02 1.74E-01 2.45E-01 1.19E-01 1.96E-01 1.80E-01 2.41E-01 9.50E-03 1.87E-01 1.56E-01 7.04E-02 1.76E-01 -1.19E-01

12 4.69E-01 5.11E-02 2.04E-01 1.92E+00 4.23E-01 3.77E-01 7.85E-03 3.87E-01 9.34E-01 2.91E-01 2.65E+00 8.96E-01 9.08E-01 2.56E-01 2.99E-01 1.22E-01 9.91E-01 8.27E-02 2.07E-01

13 3.19E-01 1.81E-01 7.46E-02 2.60E-01 4.74E-01 9.87E-02 7.38E-01 2.97E-01 1.04E-01 1.88E-01 2.96E-01 3.31E-01 1.68E-01 2.81E-01 3.10E-01 2.85E-02 2.74E-01 2.72E-01 -2.57E-01

14 3.46E-01 6.72E-02 1.85E-01 1.32E-01 5.89E-02 1.51E-01 7.33E-02 1.65E-02 7.52E-02 1.78E-02 1.31E-02 2.36E-01 2.12E-01 2.36E-01 2.04E-01 2.17E-01 1.15E-01 7.27E-02 -4.34E-01

15 1.18E+00 1.76E-01 1.15E-01 7.57E-01 1.69E+00 7.73E-01 1.13E-02 7.79E-01 7.38E-01 2.78E-01 7.24E-01 2.27E-01 3.88E-01 8.91E-01 1.57E-01 7.82E-01 3.30E-01 0.24886 -0.22306

16 2.11E-01 1.44E-01 1.83E-01 2.29E-01 2.07E-01 3.15E-02 2.24E-01 1.46E-02 6.36E-02 1.08E-01 5.39E-02 1.36E-01 8.46E-02 2.27E-01 2.24E-01 2.38E-02 8.14E-02 0.23785 -0.51588

17 1.98E-01 2.55E-01 1.18E-01 1.97E-01 1.77E-02 2.24E-01 1.62E-01 1.86E-01 9.53E-02 7.16E-02 7.06E-02 1.52E-05 2.90E-01 2.88E-01 2.43E-02 1.25E-01 1.29E-01 0.08801 0.748727

18 2.83E-01 1.08E-01 2.32E-01 4.80E-01 1.48E-01 4.33E-01 1.38E-01 1.08E+00 5.68E-01 1.54E-02 1.19E+00 3.60E-01 5.53E-01 4.20E-01 3.79E-01 9.30E-03 4.98E-01 0.13657 0.271437

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j bj

1 5.31E-01 2.11E-01 6.60E-01 1.04E+00 6.60E-03 6.28E-01 4.24E-01 4.19E-01 3.80E-01 4.47E-01 2.13E-01 4.87E-01 8.73E-01 1.41E-01 4.81E-01 3.80E-01 0.08833351 0.61407 -0.11997

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j bj

1 5.65E-01 8.54E-01 8.74E-01 5.99E-01 2.04E-02 2.89E-01 9.13E-01 1.55E+00 4.09E-01 9.50E-01 2.11E-01 0.361200489

2 9.71E-02 1.80E-01 2.85E-01 1.83E-03 2.11E-01 1.07E-01 4.32E-01 1.43E-01 1.82E-01 6.44E-01 9.32E-01 0.471548704

3 1.87E-01 5.70E-01 8.26E-01 7.66E-01 1.87E-02 2.61E-01 1.70E+00 7.58E-01 3.57E-01 8.22E-02 5.16E-01 -0.37930575

4 2.27E-03 8.96E-02 2.81E-02 9.63E-03 1.09E-02 1.58E-01 1.61E-02 4.41E-02 1.26E-01 1.55E-02 9.55E-02 -1.81E-01

5 2.77E-01 9.71E-02 3.25E-01 1.47E-02 8.40E-01 1.23E+00 1.24E-01 6.97E-01 7.76E-02 9.86E-01 1.52E-01 -1.27676839

6 6.83E-01 4.12E-01 2.08E-01 3.67E-01 4.52E-02 1.92E-01 5.58E-01 7.02E-01 4.35E-02 4.78E-01 4.76E-01 -2.85E-02

7 1.44E-01 5.90E-01 3.91E-01 7.82E-02 1.56E+00 1.24E-01 5.24E-02 6.03E-01 3.99E-01 9.16E-03 4.92E-01 0.970422775

8 5.72E-01 6.36E-01 2.42E-01 2.40E-01 1.86E-01 1.63E-01 4.74E-01 4.27E-01 2.21E-01 1.71E-03 2.25E-01 -0.08392824

9 5.28E-01 3.57E-01 9.90E-01 1.25E+00 4.50E-01 3.83E-01 5.20E-03 2.88E-02 3.92E-01 6.32E-01 8.56E-01 1.084282964

10 9.46E-02 2.76E-01 3.20E-01 1.67E-02 1.04E-01 1.56E-02 6.85E-01 9.03E-02 5.44E-02 4.33E-01 9.55E-01 -0.26981739

11 6.80E-02 5.37E-02 1.28E-02 9.17E-02 9.15E-02 8.47E-02 9.35E-02 8.78E-02 4.50E-02 3.31E-04 3.01E-02 -0.18478067

12 4.70E-01 1.70E-01 1.26E-01 1.01E-01 1.44E-01 6.80E-01 5.34E-02 1.90E-01 3.26E-02 2.82E-01 3.71E-01 0.828663487

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 4.74E-01 2.02E-01 5.48E-01 1.44E-02 3.57E-02 4.73E-02 1.05E+00 6.52E-01 6.38E-01 5.56E-02 1.02E-01 4.18E-01 0.117369

2 5.53E-03 7.00E-02 4.03E-02 1.02E-01 2.92E-01 1.73E-01 2.83E-01 1.83E-01 6.25E-02 4.80E-02 3.32E-02 2.69E-02 0.194364

3 1.89E-01 5.87E-01 4.92E-01 8.96E-02 7.59E-01 5.00E-01 1.30E+00 6.31E-02 2.77E-01 2.60E-01 7.30E-02 1.38E-02 -0.19658

4 5.01E-01 4.30E-01 8.13E-01 1.57E-02 1.00E+00 5.79E-01 8.16E-02 1.80E-01 5.34E-02 6.13E-01 4.38E-02 5.36E-01 3.93E-01

5 2.92E-02 4.58E-02 7.46E-02 7.34E-02 5.08E-02 2.86E-02 7.40E-02 5.56E-02 6.56E-02 9.09E-02 9.48E-02 5.61E-02 -0.14158

6 7.24E-01 1.24E-01 6.44E-01 7.00E-02 4.81E-01 3.74E-01 9.25E-01 2.20E-01 3.02E-01 3.67E-02 7.47E-02 3.73E-02 0.163469

7 1.41E-01 9.81E-02 6.13E-01 2.80E-02 8.86E-01 5.14E-02 4.10E-01 2.21E-01 8.47E-01 7.70E-01 6.19E-02 2.10E-01 3.84E-01

8 2.75E-01 9.29E-02 4.31E-02 9.49E-02 1.14E-01 6.83E-02 1.19E-01 2.19E-01 2.45E-01 1.85E-01 2.66E-02 1.58E-01 -0.15501

9 2.63E-01 1.06E-01 9.36E-02 1.00E-01 8.75E-02 4.29E-02 5.48E-02 1.47E-01 1.10E-01 1.25E-03 2.28E-02 3.18E-01 -1.89E-01

10 4.08E-01 9.86E-02 3.05E-02 2.14E-02 1.17E+00 5.85E-01 1.64E+00 4.33E-02 3.16E-01 4.08E-02 4.25E-02 1.83E-01 0.184082

11 1.61E-01 2.19E-01 3.83E-01 5.86E-02 1.04E-01 4.82E-02 6.97E-01 1.38E-01 1.79E-01 1.30E-01 1.11E-02 1.34E-01 1.29E-01

12 3.58E-02 3.99E-02 2.39E-01 2.95E-02 9.90E-02 1.59E-01 1.40E-01 2.07E-03 3.81E-02 5.21E-02 8.96E-02 1.13E-01 8.94E-02

13 4.94E-01 9.70E-02 1.10E-01 7.45E-02 2.81E-01 1.72E-01 4.83E-01 1.06E+00 6.52E-01 7.30E-01 4.68E-02 6.18E-01 -5.84E-02

14 7.94E-02 1.53E-01 5.77E-01 8.56E-02 4.88E-01 4.12E-01 3.86E-01 3.36E-01 7.86E-01 1.03E-01 1.97E-02 4.23E-02 2.70E-02

15 2.14E-01 6.69E-03 8.84E-02 6.02E-02 1.29E-01 7.91E-02 7.00E-02 1.46E-01 1.88E-02 6.14E-02 4.85E-02 2.59E-01 3.47E-01

16 4.17E-02 2.50E-01 1.27E-01 1.20E-03 3.00E-01 3.17E-01 2.55E-01 1.60E-01 6.18E-01 7.20E-02 6.34E-02 5.31E-01 1.64E-01

17 2.72E-01 1.54E-01 2.94E-01 7.44E-02 2.27E-01 3.55E-01 1.94E-01 8.59E-02 3.30E-01 7.16E-02 1.46E-02 5.29E-02 2.60E-01

18 1.24E-01 3.31E-01 2.15E-01 3.68E-02 7.33E-02 2.06E-01 8.99E-02 8.76E-02 3.59E-01 2.19E-02 4.14E-02 1.81E-01 -2.45E-01

19 2.70E-01 1.00E-01 1.09E-01 9.90E-02 2.56E-01 2.15E-01 7.46E-02 3.09E-01 2.94E-01 9.07E-02 6.92E-02 1.08E-01 1.71E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j w19,j bj

1 2.75E-01 4.38E-01 9.57E-02 1.21E+00 1.24E-01 4.95E-01 9.16E-01 2.23E-01 4.24E-01 3.68E-01 5.22E-01 1.16E-01 1.56E+00 8.09E-01 0.03227148 0.28538 0.03651 0.06533 0.33259 -0.0808

From hidden layer #1 to hidden layer #2

From Input layer to hidden layer #1

From hidden layer #2 to output layer
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Table A.12 Weights and biases for model 2.6 

 

Table A.13 Weights and biases for model 3.1 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j bj

1 3.40E-01 3.47E-01 4.26E-01 3.49E-01 1.82E-01 1.03E-01 1.61E-01 1.86E-01 1.74E-01 -1.06330799

2 2.35E-01 2.32E-01 2.47E-01 2.10E-01 4.21E-01 2.90E-01 5.27E-01 1.85E-01 2.95E-01 0.913618104

3 4.36E-02 6.36E-01 3.07E-02 6.14E-01 1.18E-01 2.78E-02 2.55E-01 6.13E-01 4.79E-01 -1.02717486

4 4.87E-01 2.86E-01 5.55E-01 5.09E-01 6.97E-01 3.42E-01 3.70E-01 2.73E-01 1.05E+00 -7.67E-01

5 7.93E-01 1.40E+00 2.07E-01 3.14E-02 1.03E+00 1.41E-01 9.58E-03 5.28E-01 2.29E-01 0.578880137

6 7.06E-01 7.23E-01 6.70E-01 1.12E-01 5.73E-02 5.93E-01 1.43E-01 2.64E-01 5.36E-01 1.22E-01

7 4.98E-01 4.23E-01 1.25E+00 3.16E-01 5.47E-02 3.94E-01 1.01E+00 3.54E-01 2.26E-01 0.279655141

8 4.73E-01 1.62E-01 1.18E-01 4.34E-01 2.29E-01 3.83E-01 9.80E-02 3.05E-01 3.32E-01 -0.1549192

9 2.65E-01 4.58E-01 6.96E-01 2.39E-01 4.71E-01 5.44E-01 1.47E-01 3.57E-01 1.75E-01 0.116540066

10 4.99E-01 2.83E-01 2.97E-01 4.01E-01 8.21E-02 3.07E-02 7.81E-02 4.74E-01 2.19E-01 -0.46475761

11 3.06E-01 4.76E-01 4.17E-02 9.82E-02 2.86E-01 2.37E-01 3.95E-01 1.60E-01 4.73E-01 0.636192882

12 3.84E-01 3.88E-01 1.47E-01 6.03E-01 1.06E-01 2.37E-01 2.10E-02 1.51E-01 3.00E-01 -0.77459602

13 2.44E-01 4.26E-01 4.04E-01 5.79E-01 2.36E-01 5.46E-02 1.01E+00 5.21E-02 1.03E-01 1.36E+00

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j bj

1 3.32E-01 1.71E-01 5.42E-02 2.81E-01 3.02E-01 2.55E-01 1.86E-01 3.30E-01 8.21E-03 1.70E-01 2.37E-01 3.02E-01 4.31E-01 0.797664

2 7.36E-02 2.77E-01 1.82E-01 2.95E-01 9.60E-01 9.85E-02 1.40E-01 1.94E-01 5.03E-01 5.87E-02 6.64E-02 3.33E-01 1.20E+00 -0.87507

3 3.20E-01 3.86E-01 1.40E-01 1.45E-01 2.80E-02 1.06E-01 2.08E-01 3.45E-01 1.37E-01 2.82E-01 1.29E-01 2.18E-01 3.22E-01 -0.59285

4 3.70E-01 1.92E-01 2.36E-01 9.95E-02 3.02E-01 2.58E-02 5.38E-02 3.89E-01 2.50E-01 1.81E-01 3.04E-01 1.36E-01 2.04E-01 -4.61E-01

5 3.77E-02 2.99E-01 3.48E-01 1.65E-01 2.43E-01 3.52E-01 1.32E-01 2.39E-01 2.02E-01 3.54E-01 3.59E-01 5.08E-02 3.24E-01 0.49426

6 3.62E-02 5.07E-01 2.22E-01 6.66E-01 1.34E-01 2.79E-01 1.82E-01 4.00E-01 8.72E-02 8.19E-02 2.14E-01 3.28E-01 2.56E-02 0.490525

7 9.61E-02 2.30E-01 3.30E-01 3.07E-01 2.00E-01 9.02E-02 5.76E-02 2.56E-01 2.37E-01 2.72E-01 9.47E-02 3.18E-01 3.33E-01 6.59E-02

8 1.24E-01 3.97E-01 3.68E-01 4.40E-01 1.24E-01 2.67E-01 3.12E-01 4.15E-01 5.28E-01 9.05E-02 2.47E-02 2.87E-01 1.98E-01 0.036222

9 3.23E-01 2.53E-01 1.50E-01 8.62E-01 2.84E-01 1.09E+00 8.48E-02 4.67E-02 2.75E-01 3.45E-01 3.33E-01 2.72E-01 7.92E-02 3.16E-01

10 2.76E-01 1.26E-01 2.20E-01 3.30E-01 1.40E-01 3.82E-02 8.95E-02 2.97E-01 8.72E-02 1.98E-01 3.65E-01 3.70E-01 2.22E-01 -0.32936

11 4.26E-01 1.14E-01 8.55E-02 3.96E-01 4.98E-01 1.96E-01 9.74E-01 2.24E-02 2.51E-01 3.39E-01 1.07E-01 2.26E-01 3.14E-01 3.71E-01

12 1.13E-01 3.60E-01 4.49E-02 5.71E-02 6.24E-02 3.45E-01 3.89E-01 7.50E-02 7.44E-02 2.63E-01 1.42E-01 3.03E-01 3.45E-01 -5.93E-01

13 2.68E-01 5.23E-01 5.81E-01 3.20E-01 4.51E-02 7.89E-01 2.85E-02 3.15E-02 4.56E-01 1.35E-01 1.76E-01 1.34E-01 7.68E-01 1.01E+00

14 3.95E-01 1.91E-01 2.87E-01 4.18E-01 6.63E-01 2.81E-01 7.94E-01 2.80E-01 8.12E-02 3.23E-01 1.74E-02 2.27E-02 3.94E-01 1.08E+00

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j bj

1 1.92E-01 9.34E-01 6.54E-02 4.39E-01 3.18E-01 2.75E-01 3.07E-01 2.58E-02 5.55E-01 7.07E-02 4.89E-01 2.42E-01 5.32E-01 1.24E+00 -0.66462312

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.91E-01 2.77E-01 3.22E-01 2.96E-01 2.48E-01 8.66E-03 5.47E-01 6.93E-02 1.71E-01 2.30E-01 1.12E-01 6.66E-01 0.738230822

2 2.44E-01 4.16E-02 3.20E-01 4.79E-03 1.67E-02 1.19E-02 4.40E-01 3.99E-01 6.89E-02 1.23E-01 1.55E-01 8.70E-03 1.100188354

3 8.13E-02 6.83E-02 5.06E-02 1.95E-01 1.57E-01 1.23E-01 6.33E-02 4.36E-01 1.64E-01 1.88E-01 2.03E-01 3.87E-01 -0.1178136

4 1.21E-01 1.61E-01 3.39E-02 3.77E-01 1.63E-01 2.29E-01 3.31E-01 7.87E-02 6.28E-03 4.25E-02 2.23E-01 6.20E-02 3.03E-01

5 8.17E-02 1.11E-01 3.50E-01 3.12E-01 2.74E-01 8.80E-02 1.97E-02 5.24E-01 6.59E-02 1.85E-01 3.98E-02 5.88E-01 0.014534004

6 2.51E-02 2.93E-01 6.68E-02 2.43E-01 1.14E-01 3.28E-01 1.47E-01 3.30E-01 1.50E-01 1.24E-01 1.26E-01 5.66E-02 5.96E-02

7 1.27E-01 2.49E-02 3.42E-01 3.85E-04 5.99E-02 9.77E-02 2.79E-01 1.26E-01 5.35E-02 1.10E-01 1.10E-01 9.58E-01 -0.11520242

8 1.74E-01 4.55E-01 8.99E-02 3.95E-01 1.78E-01 4.71E-03 4.00E-02 2.61E-01 2.73E-01 2.71E-01 6.07E-01 1.67E-01 0.266041028

9 6.17E-02 1.10E-01 5.19E-02 3.92E-02 6.95E-02 8.16E-02 4.44E-02 6.82E-03 1.21E-01 3.86E-02 6.01E-03 1.76E-02 -0.09020665

10 1.61E-02 1.51E-02 8.55E-02 8.20E-02 4.52E-02 1.75E-02 6.12E-03 4.86E-02 9.38E-02 4.51E-02 2.53E-02 6.03E-02 -0.1483536

11 3.80E-02 6.78E-02 5.21E-02 1.02E-02 3.50E-02 7.72E-02 6.12E-02 6.61E-02 3.83E-02 4.54E-02 2.10E-02 7.92E-02 -0.18544199

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j bj

1 2.92E-01 1.97E-01 4.50E-02 4.87E-02 5.63E-02 8.21E-02 1.24E-01 8.86E-02 5.64E-02 7.04E-02 3.29E-02 0.614204333

2 8.44E-02 1.05E-01 7.53E-02 3.08E-01 2.29E-02 1.74E-01 2.21E-01 6.79E-02 1.66E-01 1.37E-02 1.76E-02 0.744447566

3 1.68E-02 1.26E-01 1.11E-01 1.94E-02 4.40E-01 2.09E-01 2.76E-01 7.79E-01 1.83E-02 6.06E-02 1.96E-02 0.123263476

4 6.71E-03 5.63E-02 2.92E-02 6.88E-02 2.57E-02 5.38E-02 9.04E-02 6.29E-02 6.60E-02 2.94E-02 7.69E-02 -1.34E-01

5 3.45E-02 1.10E-02 9.25E-02 2.97E-01 5.49E-01 1.43E-01 3.64E-01 5.13E-01 1.92E-02 2.05E-02 4.47E-02 -0.12709398

6 2.75E-01 2.79E-03 1.51E-01 1.33E-01 2.53E-01 1.16E-02 2.97E-02 2.93E-01 8.05E-02 2.37E-02 9.72E-02 0.12816532

7 1.25E-01 2.87E-02 7.96E-02 7.94E-02 2.23E-01 1.76E-02 1.89E-02 7.05E-02 7.56E-02 4.89E-02 7.43E-02 -1.89E-01

8 6.94E-02 6.93E-02 8.53E-02 7.25E-02 3.59E-02 2.39E-02 1.01E-02 7.39E-02 4.71E-02 4.49E-02 4.30E-02 -0.0755366

9 3.11E-01 6.51E-01 7.19E-01 1.38E-01 3.46E-01 1.66E-01 2.34E-01 3.65E-02 5.35E-02 2.71E-02 5.78E-02 -2.77E-01

10 7.13E-02 6.56E-01 4.55E-02 4.33E-02 5.59E-01 8.30E-02 8.99E-01 4.76E-01 4.27E-02 6.38E-02 2.25E-02 0.386116245

11 3.17E-02 6.91E-01 6.75E-03 1.33E-01 1.25E-01 1.85E-01 2.46E-01 2.50E-01 9.23E-02 3.27E-02 8.83E-02 7.05E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j bj

1 3.60E-01 5.83E-01 3.91E-01 5.92E-02 5.50E-01 3.19E-01 2.06E-02 8.88E-02 1.16E+00 7.64E-01 4.14E-01 -0.57900009

From hidden layer #1 to hidden layer #2

From Input layer to hidden layer #1

From hidden layer #2 to output layer
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Table A.14 Weights and biases for model 3.2 

 

 

Table A.15 Weights and biases for model 3.3 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 4.51E-02 1.93E-02 1.05E-01 1.04E-01 1.12E-02 4.03E-02 7.91E-02 3.53E-02 1.15E-01 2.39E-02 1.86E-02 7.98E-02 -0.23234729

2 4.95E-02 1.56E-01 2.14E-01 9.06E-02 2.01E-01 8.82E-02 1.07E-01 1.60E-01 2.55E-01 2.93E-01 3.89E-02 4.62E-02 0.535910464

3 3.62E-03 1.32E-02 1.12E-01 6.15E-02 9.03E-04 1.07E-01 5.63E-02 3.93E-02 6.07E-02 4.37E-03 1.31E-01 2.04E-02 -0.18343207

4 2.28E-02 3.95E-02 8.23E-03 1.68E-01 6.72E-02 6.46E-02 1.50E-02 9.54E-02 2.25E-01 2.37E-01 2.32E-01 1.23E-01 5.74E-01

5 2.52E-01 1.22E-01 5.61E-02 1.04E-01 7.05E-02 2.81E-03 4.28E-02 4.22E-01 1.61E-01 1.20E-01 5.08E-02 4.24E-02 -0.21441545

6 9.55E-03 1.23E-02 1.43E-01 1.67E-02 1.91E-01 1.78E-01 3.85E-02 2.14E-01 7.82E-03 1.19E-01 3.79E-01 1.03E-01 7.78E-02

7 8.66E-03 1.67E-01 2.27E-01 4.03E-01 3.19E-01 2.34E-01 1.86E-01 3.71E-02 2.00E-01 1.63E-01 5.83E-02 1.86E-01 0.396109372

8 2.75E-01 1.70E-01 3.90E-02 1.36E-01 4.87E-02 1.19E-01 1.94E-01 2.33E-01 8.68E-02 3.21E-02 4.35E-01 1.78E-01 0.355167815

9 4.79E-02 8.72E-02 8.85E-02 1.24E-02 6.14E-02 2.44E-02 1.19E-01 1.91E-01 1.13E-01 2.25E-02 1.74E-01 8.79E-01 -0.48276994

10 9.51E-03 1.03E-01 5.21E-02 2.68E-02 5.66E-02 9.27E-03 1.36E-01 1.48E-01 3.19E-02 1.60E-02 2.78E-02 2.09E-01 -0.13700658

11 5.11E-02 2.03E-01 4.56E-02 1.23E-01 1.83E-02 2.29E-02 1.44E-01 4.09E-01 1.29E-01 7.08E-02 2.83E-01 1.10E-01 0.033122134

12 9.82E-02 1.87E-01 5.33E-02 1.13E-01 1.20E-02 6.53E-02 2.50E-01 7.22E-02 1.45E-01 1.22E-01 1.53E-01 1.33E-01 0.056629399

13 1.95E-01 2.62E-02 1.65E-01 2.50E-01 1.20E-01 3.79E-01 3.56E-01 2.67E-01 1.21E-04 1.93E-01 2.11E-02 1.23E-01 8.62E-02

14 5.31E-02 1.23E-01 5.40E-02 2.90E-01 1.57E-01 1.87E-01 5.66E-01 3.79E-01 1.39E-02 1.79E-01 6.55E-02 2.55E-01 0.070617851

15 6.96E-02 1.54E-01 1.29E-01 3.20E-01 3.32E-01 1.90E-01 1.22E-01 3.18E-02 2.79E-01 2.67E-01 1.18E-01 1.60E-01 1.74E-01

16 2.44E-01 2.15E-02 1.07E-01 3.00E-01 1.15E-01 3.01E-01 9.77E-02 8.20E-01 4.56E-04 2.18E-01 2.18E-01 5.04E-01 0.588771696

17 2.37E-02 6.83E-02 3.60E-02 7.44E-02 5.47E-02 6.27E-02 7.21E-02 7.72E-02 7.55E-02 7.39E-02 3.82E-02 8.62E-02 -0.17003702

18 8.65E-02 3.92E-01 1.08E-01 2.10E-01 1.83E-02 1.33E-01 5.57E-01 3.64E-02 1.34E-01 1.76E-01 9.81E-02 3.97E-01 0.862279839

19 6.63E-02 5.89E-02 7.62E-02 9.98E-02 6.71E-02 5.31E-02 2.88E-02 9.13E-02 6.94E-02 9.14E-02 1.98E-02 2.76E-04 -0.20866151

20 0.0662 0.08162 0.07828 0.011964 0.10305 0.08146 0.10491 0.09269 0.19113608 0.05245 0.04844 0.07707 0.488393068

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j w19,j w20,j bj

1 2.61E-02 1.20E-01 2.48E-02 2.37E-01 5.93E-02 1.43E-01 6.23E-02 2.24E-01 6.41E-02 1.89E-02 2.10E-01 1.22E-01 2.26E-01 2.26E-01 2.42E-01 0.00089 5.84E-02 1.34E-01 0.0307 0.12584 0.41071

2 5.40E-02 1.84E-01 6.30E-02 3.95E-02 2.21E-01 2.99E-01 2.34E-02 2.22E-02 6.40E-01 1.67E-01 4.04E-01 1.64E-01 5.14E-02 9.55E-03 9.27E-02 0.05474 4.52E-02 2.12E-01 0.03826 0.02929 0.14978

3 1.54E-02 3.81E-02 2.96E-02 1.84E-02 3.45E-02 2.10E-02 3.04E-03 4.03E-02 7.11E-02 5.99E-02 4.31E-02 6.08E-02 5.86E-03 6.58E-02 1.80E-02 0.06346 3.34E-02 3.41E-02 0.05857 0.07757 -0.101

4 3.74E-02 4.82E-01 2.44E-03 2.88E-02 4.24E-01 2.28E-01 4.52E-01 2.86E-01 7.65E-01 2.36E-02 1.73E-01 1.52E-01 4.14E-01 7.86E-01 4.05E-01 3.07E-01 5.77E-02 5.89E-01 5.88E-02 9.85E-02 2.16E-01

5 4.19E-02 8.72E-02 2.53E-02 5.31E-02 4.50E-02 1.62E-01 7.70E-02 2.20E-02 3.07E-02 8.68E-02 4.42E-03 3.37E-02 2.51E-02 5.00E-02 8.64E-02 0.0676 6.45E-02 1.26E-01 0.0153 0.05572 -0.0499

6 6.76E-02 7.39E-02 4.30E-02 6.91E-02 7.19E-02 8.10E-03 2.48E-02 2.23E-02 5.97E-02 2.36E-02 5.83E-02 5.84E-02 2.66E-02 1.49E-03 1.39E-03 0.04203 3.88E-02 3.70E-02 0.02243 0.0324 -0.0505

7 4.47E-02 7.09E-02 1.86E-02 7.74E-02 6.20E-02 1.38E-01 8.34E-03 4.76E-02 2.13E-01 9.51E-02 5.22E-02 1.73E-02 1.27E-01 8.63E-02 1.85E-01 3.29E-03 1.62E-02 2.29E-01 8.80E-03 5.08E-02 1.53E-01

8 2.96E-02 4.62E-02 2.43E-02 5.78E-02 3.10E-02 6.93E-02 5.47E-02 2.93E-02 5.55E-02 2.70E-02 6.50E-02 5.49E-02 2.15E-02 2.26E-02 2.50E-02 0.00125 6.04E-02 6.30E-02 0.00039 0.06336 -0.1515

9 0.01248 0.02451 0.03488 0.004996 0.00055 0.06941 0.06989 0.05231 0.06900183 0.00617 0.06249 0.05636 0.009796292 0.00569 0.04724 0.07331 0.03324 0.02048 0.01637 0.07052 -0.202

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j bj

1 4.66E-01 8.61E-01 1.11E-01 1.67E+00 2.97E-02 8.32E-03 3.08E-01 6.05E-02 0.11005649 -0.0045

From Input layer to hidden layer #1

From hidden layer #2 to output layer

From hidden layer #1 to hidden layer #2

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.28E-02 4.74E-02 8.33E-02 1.03E-01 5.97E-03 6.86E-02 8.92E-02 1.65E-02 1.13E-01 4.91E-02 7.65E-02 9.53E-02 -0.25086751

2 2.52E-03 3.19E-02 2.17E-02 1.13E-01 5.23E-02 2.08E-02 8.42E-02 1.15E-02 1.90E-01 2.30E-01 1.02E-01 5.94E-02 0.540898857

3 2.98E-02 3.26E-02 8.33E-02 3.14E-02 5.11E-02 3.67E-02 9.37E-02 9.44E-02 9.07E-02 8.31E-02 1.05E-01 7.23E-02 -0.19183986

4 1.20E-01 3.27E-02 4.33E-02 3.39E-02 7.56E-02 1.85E-03 5.17E-02 2.26E-01 6.38E-02 6.60E-02 1.00E-01 4.39E-01 -3.21E-01

5 3.36E-02 1.02E-01 2.67E-01 1.34E-02 2.19E-01 1.50E-01 2.84E-02 1.41E-01 1.20E-01 1.89E-02 5.75E-01 4.60E-01 0.655823925

6 2.42E-02 4.01E-02 1.21E-01 1.58E-01 1.03E-01 4.26E-02 2.72E-01 2.89E-02 4.51E-02 1.74E-01 4.19E-01 2.45E-02 1.87E-01

7 6.45E-02 2.80E-01 1.05E-01 1.23E-01 1.29E-01 1.32E-01 3.99E-02 1.29E-04 1.26E-01 8.72E-02 2.47E-01 2.08E-02 0.011956375

8 4.42E-01 3.48E-01 2.16E-01 3.27E-01 2.73E-01 2.41E-01 1.58E-01 6.30E-02 3.02E-01 2.24E-01 6.10E-03 2.04E-01 0.20256047

9 1.09E-01 1.01E-02 4.25E-02 4.07E-02 1.41E-02 1.52E-02 1.21E-01 1.05E-01 1.01E-01 7.55E-02 2.11E-01 2.90E-01 -0.32717764

10 2.16E-01 2.17E-01 2.88E-01 4.91E-01 5.46E-01 3.58E-01 2.87E-01 2.71E-01 1.99E-01 1.70E-02 1.21E-01 4.37E-02 0.298192024

11 8.37E-02 1.10E-01 3.09E-02 9.90E-02 9.65E-02 4.03E-02 9.78E-02 3.73E-02 5.38E-02 3.71E-02 6.25E-02 5.03E-03 -0.12425995

12 4.22E-01 2.79E-01 6.85E-02 3.17E-01 5.60E-01 3.16E-01 4.64E-02 1.90E-01 9.84E-02 1.79E-01 1.00E-01 3.20E-01 0.113655082

13 6.43E-02 1.56E-01 4.44E-01 2.55E-01 1.32E-01 5.21E-01 1.42E-01 7.22E-01 1.96E-01 1.70E-01 3.84E-01 3.50E-01 8.18E-02

14 4.38E-02 4.54E-02 1.84E-02 1.18E-01 7.58E-02 4.90E-02 1.26E-01 1.07E-01 2.22E-02 2.13E-01 1.54E-02 1.17E-01 0.320905258

15 2.74E-02 2.42E-02 4.66E-02 1.29E-01 6.10E-02 5.81E-02 2.66E-02 1.39E-01 8.82E-02 5.79E-02 7.35E-03 1.24E-03 -2.17E-01

16 1.98E-01 4.14E-02 8.31E-02 2.61E-01 9.77E-02 1.48E-01 2.21E-01 2.20E-01 2.16E-01 1.89E-02 1.13E-01 2.16E-01 -0.04884367

17 8.11E-03 9.82E-02 8.82E-02 1.81E-02 5.57E-02 1.94E-02 7.55E-02 1.10E-01 4.48E-02 6.53E-02 1.11E-01 7.26E-02 -0.22135368

18 2.21E-02 6.73E-02 1.02E-01 2.34E-01 7.79E-02 1.67E-01 2.16E-02 6.61E-02 8.04E-02 1.70E-01 3.64E-02 2.30E-02 -0.24176291

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j bj

1 1.23E-02 1.65E-02 2.21E-02 6.41E-02 7.89E-02 5.63E-02 2.60E-01 5.33E-02 5.16E-02 7.53E-02 8.14E-03 9.62E-02 1.08E-01 1.72E-01 4.07E-02 0.021769173 6.66E-02 4.81E-02 0.308919

2 1.15E-01 5.27E-02 9.16E-02 9.94E-02 3.14E-01 4.77E-02 1.06E-01 1.59E-01 1.55E-01 3.91E-01 2.11E-02 3.31E-01 4.20E-01 2.83E-02 1.11E-01 0.030662697 1.31E-02 1.86E-02 0.140973

3 7.01E-02 4.18E-02 6.26E-02 2.19E-02 8.83E-02 9.06E-02 9.95E-02 2.18E-01 2.07E-01 5.85E-02 5.16E-02 2.81E-01 1.09E-01 9.72E-02 5.87E-03 0.209660401 2.63E-02 1.32E-02 0.275776

4 7.41E-02 3.16E-02 6.05E-03 3.97E-02 3.36E-02 1.60E-02 5.16E-02 1.38E-02 7.08E-02 8.91E-04 9.26E-02 5.29E-03 8.69E-02 5.27E-02 8.61E-02 3.00E-02 1.36E-02 6.66E-02 -1.47E-01

5 1.34E-03 2.96E-02 1.15E-02 2.01E-02 5.69E-02 9.48E-02 1.01E-01 4.92E-02 8.85E-02 9.72E-02 6.84E-02 7.07E-02 7.96E-02 7.22E-02 3.87E-02 0.029369368 7.42E-02 7.30E-02 -0.08064

6 7.43E-02 2.11E-01 4.04E-02 1.86E-01 9.13E-02 2.14E-01 5.02E-02 9.87E-02 1.88E-01 4.11E-01 1.16E-01 1.55E-01 2.56E-01 6.10E-03 2.31E-02 0.138416864 3.04E-02 1.08E-01 0.244785

7 9.15E-02 4.03E-02 9.26E-02 7.74E-02 6.58E-02 2.67E-02 6.79E-02 1.42E-02 4.19E-02 2.52E-02 8.74E-02 6.36E-03 4.70E-03 3.49E-02 4.19E-02 3.41E-02 2.21E-02 1.90E-02 -4.86E-02

8 4.06E-02 1.91E-01 6.06E-02 1.22E-01 2.39E-01 1.16E-01 1.11E-01 5.66E-01 1.46E-01 3.57E-01 4.30E-02 4.27E-01 2.15E-01 2.03E-01 3.14E-02 0.235245758 1.18E-02 6.09E-02 -0.21464

9 7.39E-02 1.15E-03 1.39E-02 3.65E-01 2.02E-01 1.22E-01 2.44E-01 3.67E-02 1.31E-01 2.13E-01 3.62E-02 1.94E-01 2.99E-03 1.07E-01 5.15E-02 6.85E-03 5.82E-02 2.07E-01 1.17E-01

10 3.45E-02 6.54E-02 6.90E-02 2.27E-01 1.82E-01 3.46E-01 5.34E-02 1.14E-03 1.81E-01 1.21E-01 3.31E-03 2.70E-01 1.53E-01 9.00E-02 9.57E-02 2.41E-02 3.36E-02 3.22E-03 0.143672

11 4.62E-02 9.08E-02 7.81E-02 8.19E-02 1.51E-02 2.17E-02 7.92E-02 5.52E-02 6.58E-02 3.34E-03 1.86E-02 8.51E-02 2.79E-02 5.59E-02 5.11E-03 4.65E-02 3.38E-02 1.27E-02 -9.82E-02

12 4.63E-02 1.79E-01 5.55E-02 2.64E-02 7.46E-02 2.04E-01 2.47E-02 1.01E-01 1.07E-01 5.68E-03 2.76E-02 1.38E-01 1.36E-01 6.96E-02 7.66E-02 5.95E-02 7.82E-03 3.39E-03 2.34E-01

13 7.13E-02 8.22E-02 9.38E-02 1.39E-02 1.61E-01 6.62E-02 2.25E-02 6.14E-02 2.55E-01 2.06E-01 2.99E-02 5.85E-02 1.85E-01 6.35E-02 2.12E-02 2.63E-04 2.54E-02 1.83E-02 1.26E-01

14 6.82E-02 6.76E-02 1.06E-02 7.83E-02 3.39E-02 5.52E-02 3.71E-02 4.06E-03 5.16E-02 7.43E-02 5.88E-02 5.01E-02 6.37E-02 8.02E-02 3.49E-03 6.52E-02 5.00E-02 8.14E-03 -1.96E-01

15 3.00E-03 2.71E-02 4.17E-02 1.67E-01 2.81E-01 9.96E-02 2.41E-02 3.55E-02 8.97E-02 5.18E-02 1.42E-03 3.75E-01 1.81E-01 3.52E-02 2.56E-02 2.51E-02 6.04E-02 0.09239 0.206146

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j bj

1 1.81E-01 7.18E-01 7.78E-02 7.22E-02 1.37E-01 3.91E-01 9.13E-02 9.42E-01 5.92E-01 5.15E-01 5.22E-02 2.94E-01 3.31E-01 9.92E-02 4.62E-01 -0.39144191

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer
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Table A.16 Weights and biases for model 3.4 

 

 

Table A.17 Weights and biases for model 3.5 

 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.69E-01 2.27E-03 1.92E-01 2.47E-01 2.84E-01 2.22E-01 1.29E-01 9.78E-02 1.46E-01 2.57E-01 2.12E-01 6.03E-02 0.540232177

2 1.21E-01 1.61E-02 2.47E-01 2.71E-01 2.79E-01 8.73E-02 2.01E-02 7.52E-01 8.69E-01 5.36E-02 6.05E-02 1.11E-01 -0.14122834

3 1.13E-01 1.35E-01 5.61E-02 2.64E-01 7.08E-02 6.62E-02 3.05E-01 2.05E-01 6.42E-02 3.35E-02 2.67E-01 2.96E-01 0.571736976

4 3.71E-02 9.29E-02 9.92E-02 3.69E-02 5.63E-02 3.56E-02 3.80E-02 4.00E-03 1.00E-01 1.54E-01 1.28E-02 1.48E-01 -2.92E-02

5 1.67E-01 3.65E-03 8.03E-02 5.97E-02 3.45E-01 8.59E-02 4.99E-01 4.54E-01 6.17E-01 1.97E-02 1.08E-01 4.77E-02 0.660619223

6 2.03E-01 1.26E-01 1.09E-01 1.46E-01 5.97E-02 1.20E-01 4.60E-01 3.50E-01 6.26E-01 5.65E-02 1.36E-02 2.66E-01 -9.23E-02

7 1.75E-02 8.92E-03 3.06E-02 9.01E-02 3.54E-02 8.55E-02 9.69E-02 7.93E-02 6.46E-02 6.97E-02 3.62E-03 8.45E-02 -0.22324519

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j bj

1 1.39E-01 5.73E-02 9.54E-02 9.86E-03 4.81E-02 3.87E-02 1.98E-01 -0.27384

2 1.07E-01 8.08E-02 2.47E-02 2.06E-01 1.33E-01 9.14E-02 4.04E-02 0.214436

3 2.13E-02 2.94E-02 9.70E-02 1.20E-01 2.27E-02 1.02E-01 9.27E-02 -0.37635

4 4.59E-02 2.40E-02 2.76E-01 4.03E-02 7.23E-03 3.55E-01 1.17E-01 2.70E-01

5 3.53E-01 8.90E-01 2.01E-01 2.95E-02 1.18E+00 2.64E-01 1.98E-01 -0.85789

6 6.75E-02 2.72E-01 2.90E-01 4.72E-02 1.15E-01 3.25E-02 1.63E-01 0.100203

7 7.94E-02 2.68E-02 1.13E-01 1.42E-01 1.30E-01 1.33E-01 2.23E-02 -2.71E-03

8 1.83E-01 3.76E-01 6.19E-01 8.10E-02 1.76E-01 6.02E-01 7.41E-02 0.573062

9 1.30E-01 1.58E-01 6.18E-02 8.26E-02 1.62E-01 9.25E-02 4.81E-03 -8.88E-02

10 1.17E-01 1.08E-01 8.19E-02 1.27E-01 1.41E-01 7.53E-02 3.75E-02 -0.13692

11 2.34E-01 1.16E-01 1.23E-01 3.68E-02 3.99E-02 1.39E-01 1.22E-01 2.92E-01

12 3.14E-01 6.18E-02 2.50E-01 1.17E-01 2.44E-02 2.19E-01 1.04E-01 6.72E-01

13 2.33E-01 3.60E-02 6.08E-02 1.61E-01 1.02E-01 1.65E-01 1.10E-01 4.25E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j bj

1 8.11E-02 1.21E-01 7.76E-02 3.87E-01 1.73E+00 2.12E-01 7.34E-02 6.65E-01 6.54E-02 3.50E-02 1.24E-01 4.30E-01 2.03E-01 -0.54351312

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j bj

1 2.24E-02 1.14E-02 2.40E-02 1.11E-02 5.43E-02 8.35E-03 1.85E-02 4.96E-02 8.15E-03 2.87E-02 2.56E-02 -0.00062952

2 4.83E-02 7.91E-02 5.47E-02 2.11E-02 1.58E-01 7.78E-03 9.80E-02 2.33E-01 1.87E-01 2.97E-01 3.84E-01 0.354248134

3 1.25E-02 1.90E-02 3.23E-03 3.22E-02 2.98E-02 2.75E-02 5.72E-02 7.68E-02 7.21E-02 5.29E-02 1.46E-02 0.092653666

4 1.13E-01 4.47E-02 1.13E-01 1.79E-02 2.67E-03 8.09E-02 1.05E-01 1.77E-01 7.13E-02 5.23E-02 2.05E-02 -3.33E-02

5 1.79E-01 1.03E-04 1.98E-01 7.14E-02 1.63E-01 3.86E-01 1.30E-02 4.18E-01 1.13E-01 2.25E-01 2.04E-01 0.114100188

6 3.61E-01 2.71E-01 1.29E-01 1.05E-02 3.15E-01 2.56E-01 1.07E+00 1.04E-01 1.67E-02 1.32E-01 9.59E-02 -1.73E-01

7 9.66E-02 1.29E-01 1.03E-01 2.74E-01 2.75E-01 2.65E-02 2.18E-01 3.02E-01 7.57E-02 7.83E-02 2.69E-01 -0.01290725

8 3.38E-02 2.59E-02 2.91E-02 7.63E-02 5.17E-02 5.49E-02 3.28E-02 9.49E-02 1.33E-02 1.35E-02 1.90E-01 -0.00470859

9 2.39E-02 2.68E-02 7.26E-02 6.95E-02 1.32E-01 1.31E-01 1.73E-01 1.63E-01 6.73E-02 8.50E-02 2.32E-01 0.133582862

10 9.68E-02 1.27E-01 1.58E-01 1.63E-01 1.01E-01 2.41E-01 2.72E-02 4.77E-01 5.60E-02 8.50E-02 9.88E-02 0.328055162

11 1.79E-01 1.03E-01 1.86E-01 1.48E-01 5.48E-02 2.91E-01 3.25E-02 4.67E-01 1.01E-01 1.17E-01 9.95E-02 -0.06364122

12 2.02E-01 4.78E-01 1.01E-01 3.20E-01 4.55E-01 2.36E-01 4.42E-02 1.27E-01 1.14E-01 1.96E-01 7.31E-02 -0.1743203

13 2.41E-03 8.30E-05 1.23E-03 2.68E-03 1.08E-03 2.07E-03 3.41E-03 6.00E-05 5.50E-04 3.03E-03 2.96E-03 -5.24E-03

14 1.16E-01 3.99E-02 1.51E-01 2.47E-01 2.40E-01 1.18E-01 1.64E-01 7.86E-02 1.23E-01 1.04E-01 1.52E-01 0.030022149

15 1.26E-01 1.43E-01 1.36E-01 2.88E-01 3.42E-01 2.93E-02 5.54E-02 7.05E-03 8.07E-02 9.35E-02 1.08E-01 8.65E-02

16 9.31E-02 7.90E-02 8.16E-02 8.71E-02 1.13E-01 9.89E-02 3.89E-02 1.19E-01 1.47E-03 2.61E-02 1.49E-01 0.015441574

17 1.77E-03 8.32E-04 2.10E-03 8.90E-04 1.93E-04 2.05E-03 6.01E-04 5.30E-04 1.80E-03 1.09E-03 7.00E-04 -0.00382647

18 3.45E-01 3.57E-02 1.03E-01 1.36E-01 4.69E-01 5.71E-01 9.32E-02 2.63E-01 1.41E-01 2.76E-01 7.06E-03 0.12469083

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j bj

1 3.56E-02 2.33E-01 8.18E-02 2.00E-01 2.85E-01 1.20E+00 3.52E-01 1.79E-01 3.75E-01 1.87E-01 3.75E-01 4.14E-01 8.10E-05 4.08E-01 4.31E-01 0.25163 0.00052 0.55254 0.20919

j w1,j bj

1 1.36E+00 0.256868

From hidden layer #1 to hidden layer #2

From Input layer to hidden layer #1

From hidden layer #2 to output layer
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Table A.18 Weights and biases for model 3.6 

 

 

Table A.19 Weights and biases for model 4.1 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j bj

1 1.88E-01 2.28E-01 1.40E+00 7.21E-01 6.30E-01 2.99E-01 3.04E-01 8.43E-01 3.09E-01 1.375014042

2 4.22E-01 1.95E-01 4.13E-01 1.06E-01 1.14E-01 3.63E-01 3.96E-01 3.22E-01 3.42E-01 -0.83923933

3 3.49E-01 5.21E-01 2.20E-01 1.65E-01 4.99E-01 2.40E-01 3.34E-01 8.83E-02 1.57E-01 -0.719348

4 4.00E-01 2.82E-01 8.78E-01 3.83E-01 6.12E-02 1.02E+00 3.40E-01 6.94E-02 4.73E-01 1.31E-01

5 9.37E-01 5.08E-01 4.66E-01 3.64E-01 5.34E-01 1.09E+00 6.58E-01 2.26E-01 8.06E-01 0.654838421

6 1.31E+00 5.60E-01 5.70E-01 8.08E-01 1.51E+00 3.18E-02 7.55E-01 2.64E-01 2.60E-01 1.59E+00

7 2.02E-01 2.04E-01 2.90E-01 1.84E-01 1.94E-01 3.57E-01 3.72E-02 6.26E-01 4.01E-01 -0.23978267

8 1.09E+00 2.02E-01 8.73E-01 7.61E-02 2.94E-01 3.36E-01 3.48E-01 6.23E-01 2.91E-01 0.038321325

9 1.53E-01 1.81E-01 2.15E+00 4.05E-01 3.51E-01 2.61E-01 2.14E-02 9.54E-02 5.53E-01 0.722293208

10 9.68E-01 7.99E-01 1.10E+00 2.90E-01 1.92E+00 8.77E-01 1.29E-01 7.09E-04 5.65E-01 0.03620488

11 2.12E-01 3.26E-01 4.09E-01 3.24E-01 2.41E-01 1.46E-01 5.34E-01 3.40E-01 1.25E-01 -0.23978267

12 2.45E-01 3.71E-01 1.68E-01 3.73E-01 1.62E-01 4.43E-01 2.23E-01 3.39E-01 4.10E-01 -0.359674

13 1.49E+00 9.60E-01 1.14E+00 4.08E-01 6.19E-01 9.43E-02 3.66E-01 6.00E-02 1.27E-01 7.28E-01

14 2.92E-01 3.91E-01 3.42E-01 3.83E-01 2.58E-01 2.93E-01 4.12E-01 3.45E-01 2.54E-01 0.730143043

15 2.43E-02 3.88E-01 6.15E-01 3.53E-01 4.55E-01 8.70E-01 3.00E-01 4.52E-01 4.10E-01 -7.23E-01

16 7.41E-01 6.39E-01 3.34E-01 2.04E-01 4.49E-01 3.83E-01 5.08E-02 8.39E-02 6.59E-01 1.993411478

17 3.45E-01 4.35E-01 1.76E-01 1.30E-01 4.12E-01 4.19E-01 4.44E-01 1.33E-01 6.72E-02 -0.95913066

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j bj

1 1.88E+00 5.44E-02 2.19E-01 5.68E-02 2.61E-01 7.98E-01 2.24E-01 2.06E-01 7.16E-01 1.97E+00 7.91E-02 6.54E-02 9.68E-01 6.43E-01 3.03E-01 0.93124 0.31222 1.299705

2 8.95E-01 9.12E-02 1.61E-01 4.95E-01 6.29E-01 1.20E+00 1.84E-01 8.00E-01 2.90E-01 1.60E-01 7.51E-02 1.85E-01 1.52E+00 3.28E-01 5.99E-02 0.17112 0.1585 0.503187

3 8.92E-02 3.60E-01 8.91E-02 3.68E-02 2.18E-01 2.42E-01 1.09E-01 3.24E-01 4.65E-02 5.25E-02 1.23E-01 2.68E-01 2.48E-01 2.30E-01 3.34E-01 0.07912 0.09051 0.589685

4 1.73E-01 2.44E-01 2.03E-02 1.10E+00 2.71E-01 6.54E-01 2.01E-01 1.98E-01 3.02E-01 2.48E-01 1.86E-01 9.97E-02 8.31E-01 1.27E-01 5.05E-01 1.19E-01 2.09E-02 -5.56E-01

5 9.82E-02 1.05E-01 3.02E-01 2.19E-01 1.80E-01 2.27E-01 8.29E-02 6.33E-02 7.81E-02 3.19E-01 3.17E-01 1.09E-01 6.53E-02 1.95E-01 3.56E-02 0.25146 0.31197 -0.38459

6 6.15E-02 2.43E-01 3.22E-01 2.76E-01 4.30E-01 1.69E-01 3.14E-01 1.36E-01 6.83E-01 2.74E-01 2.97E-01 1.24E-01 8.40E-01 1.99E-01 2.95E-01 0.08686 0.24085 0.090058

7 2.97E-01 1.33E-01 8.38E-02 6.66E-01 1.23E-02 5.09E-02 3.22E-01 2.26E-02 4.51E-02 7.53E-02 1.52E-03 1.54E-01 4.22E-01 2.53E-01 2.88E-02 1.22E-01 3.53E-01 -7.75E-02

8 7.69E-01 1.06E-01 3.26E-01 7.01E-01 5.56E-01 1.02E-01 8.23E-02 5.28E-01 5.92E-01 2.11E-01 2.78E-02 6.63E-02 3.48E-01 6.57E-01 6.62E-01 0.61753 0.20896 0.227457

9 9.11E-01 1.26E-01 9.58E-02 9.67E-03 5.14E-01 2.37E-01 2.62E-01 1.69E-01 5.65E-01 1.64E+00 2.29E-01 3.06E-01 6.94E-01 4.29E-01 1.01E-01 1.06E-01 1.99E-01 4.07E-01

10 2.66E-01 2.60E-01 3.06E-01 4.29E-01 3.99E-01 1.49E-01 7.51E-02 1.66E-02 1.18E+00 6.91E-01 7.65E-02 1.85E-01 4.99E-01 2.16E-01 4.36E-01 1.90E-02 2.75E-01 0.12287

11 3.32E-01 2.10E-01 1.03E-01 3.23E-01 4.32E-02 4.58E-01 1.55E-03 1.30E-01 1.44E+00 3.11E-01 3.29E-01 7.34E-02 5.92E-01 4.43E-01 3.42E-01 1.28E-01 2.81E-01 7.85E-02

12 3.28E-02 1.47E-01 2.70E-01 8.43E-01 1.06E+00 1.08E-01 9.98E-02 5.83E-01 4.93E-01 2.06E-01 2.28E-01 9.20E-02 3.91E-02 4.11E-02 1.15E-01 3.29E-01 1.29E-01 3.66E-01

13 7.05E-01 2.18E-01 6.56E-02 2.92E-01 6.51E-01 2.29E-01 1.92E-01 1.11E+00 3.93E-01 7.70E-01 2.12E-01 2.98E-01 1.40E-01 4.82E-01 3.26E-01 5.32E-01 1.18E-01 -2.40E-01

14 1.96E-01 3.16E-01 1.65E-01 6.15E-03 1.58E-01 3.44E-01 1.44E-01 3.29E-01 4.95E-02 3.96E-02 8.33E-02 5.44E-03 2.70E-02 3.41E-01 3.61E-02 2.78E-01 1.85E-01 -6.04E-01

15 8.26E-01 3.00E-01 1.68E-01 1.64E-02 4.18E-01 1.38E-01 2.91E-01 1.50E-01 1.60E-01 8.50E-01 1.45E-01 2.16E-01 1.53E-01 1.82E-01 5.78E-01 7.10E-01 3.04E-01 0.598563

16 2.79E-01 2.25E-01 1.93E-01 1.00E-02 1.18E-01 2.57E-01 2.29E-01 1.12E-01 3.36E-02 2.89E-01 3.57E-01 1.68E-01 1.80E-03 1.38E-01 3.02E-01 1.02E-01 8.64E-02 -0.82412

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j bj

1 9.03E-01 8.86E-01 3.30E-01 1.92E-01 1.05E-01 4.78E-01 2.68E-01 7.86E-01 3.31E-01 3.87E-01 5.67E-01 2.95E-01 1.34E-01 7.38E-02 0.50420799 0.2101 -1.0577

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.55E-01 7.03E-02 4.81E-02 5.70E-02 1.09E-02 5.31E-02 1.31E-03 1.49E-02 1.60E-01 7.31E-02 3.04E-02 7.06E-01 0.709403201

2 1.84E-01 4.03E-01 1.26E-01 6.11E-02 9.42E-02 9.91E-02 3.03E-01 6.02E-02 7.50E-02 2.52E-01 9.96E-02 4.00E-01 -0.53889202

3 2.58E-01 5.85E-01 5.54E-01 1.55E-01 3.25E-01 1.72E-01 1.76E-01 3.25E-01 2.73E-01 5.51E-02 6.25E-02 4.35E-01 0.107783825

4 2.14E-01 3.22E-01 1.03E-01 2.58E-01 1.40E-01 1.03E-01 1.28E-01 2.54E-03 2.01E-01 3.13E-01 3.54E-01 1.74E-01 1.01E-01

5 4.70E-01 2.75E-01 6.67E-01 1.86E-01 3.94E-01 2.52E-01 1.38E-01 2.38E-01 5.79E-02 3.47E-01 1.02E-01 3.35E-01 -0.13408226

6 1.19E-01 8.67E-02 2.26E-01 1.30E-01 3.64E-01 1.90E-01 4.32E-01 1.91E-01 1.89E-01 1.93E-01 2.53E-01 1.07E-01 1.72E-01

7 8.32E-02 2.74E-01 9.31E-02 2.84E-01 1.51E-01 1.50E-01 7.22E-02 5.29E-01 1.68E-01 1.09E-01 1.89E-01 2.96E-01 -0.58466078

8 2.27E-01 2.22E-01 3.02E-01 1.32E-01 1.66E-01 3.06E-01 1.71E-01 2.33E-01 1.05E-02 3.93E-01 2.47E-02 1.58E-02 -0.75444883

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j bj

1 4.20E-01 1.73E-01 1.06E-01 3.65E-01 3.16E-01 2.51E-01 5.15E-01 4.05E-01 1.416083

2 3.49E-01 2.88E-01 4.25E-01 3.76E-01 1.25E-01 3.87E-01 3.15E-01 1.62E-01 -0.79102

3 4.12E-01 9.12E-02 4.21E-01 1.42E-01 5.76E-01 5.17E-01 1.08E-02 2.17E-01 0.472151

4 1.24E-01 1.26E-01 5.05E-01 3.69E-01 5.96E-01 3.37E-01 1.21E-01 4.23E-01 1.04E+00

5 3.66E-01 3.23E-01 5.57E-01 3.35E-01 3.32E-02 2.95E-01 7.65E-02 2.65E-02 -0.52416

6 4.88E-02 3.01E-01 1.17E-01 4.15E-01 1.84E-01 3.98E-01 2.20E-01 3.51E-01 -0.4626

7 1.59E-01 4.69E-01 1.58E-01 2.72E-01 4.75E-01 4.04E-01 1.97E-01 2.66E-01 -2.07E-01

8 2.77E-01 3.03E-01 3.37E-01 2.39E-01 3.58E-01 1.09E-01 3.29E-01 3.52E-01 -0.19479

9 5.69E-01 3.09E-01 4.74E-01 3.98E-02 1.94E-02 5.84E-01 4.71E-01 1.91E-01 4.24E-01

10 3.72E-01 3.16E-01 5.35E-01 2.57E-01 4.57E-01 1.35E-01 5.06E-02 1.14E-01 -0.00939

11 1.80E-01 4.00E-01 3.80E-01 8.66E-02 4.56E-01 1.61E-01 4.18E-01 2.53E-01 -2.26E-01

12 4.71E-01 3.87E-01 1.02E-01 3.67E-01 4.83E-01 2.35E-01 3.71E-01 5.71E-02 2.29E-02

13 4.20E-01 1.41E-01 4.36E-02 2.37E-01 4.58E-01 3.97E-02 4.61E-01 3.72E-01 -4.52E-01

14 4.74E-01 3.05E-01 2.08E-03 3.55E-01 4.10E-01 3.17E-01 3.96E-01 1.74E-01 8.23E-01

15 1.77E-01 3.83E-01 3.01E-01 4.00E-01 2.68E-01 1.26E-01 5.37E-01 2.59E-01 1.04E+00

16 7.73E-01 1.56E-01 2.40E-01 1.04E-01 6.22E-02 1.91E-01 1.74E-01 1.49E-01 8.50E-01

17 2.22E-01 2.96E-01 3.71E-01 1.32E-02 4.15E-01 8.39E-02 4.86E-01 3.62E-01 9.28E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j bj

1 9.56E-01 4.48E-01 5.10E-01 5.24E-01 2.51E-01 4.02E-01 4.19E-01 4.24E-01 7.18E-01 2.72E-02 1.46E-01 3.68E-01 2.97E-01 3.17E-01 0.46432146 0.07882 0.51811 -0.1915

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer
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Table A.20 Weights and biases for model 4.2 

 

 

 

Table A.21 Weights and biases for model 4.3 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 2.34E-02 2.58E-01 1.08E-02 2.06E-01 1.56E-01 7.26E-02 4.50E-01 1.41E-01 1.42E-01 1.48E-01 1.17E-01 2.40E-01 -0.28622653

2 4.65E-02 3.14E-02 6.45E-03 2.21E-02 5.42E-02 4.15E-02 1.60E-01 7.49E-02 1.61E-01 1.30E-01 5.93E-02 9.07E-02 -0.28784878

3 7.17E-02 7.88E-01 2.60E-01 2.55E-01 4.06E-01 8.97E-02 3.39E-01 3.89E-02 4.71E-03 4.30E-03 7.15E-03 2.73E-01 -0.04464515

4 2.54E-01 9.72E-02 5.05E-01 3.56E-01 1.17E-01 1.52E-02 6.39E-01 4.87E-02 1.93E-01 1.41E-01 1.83E-02 2.93E-02 3.74E-01

5 1.48E-01 1.56E-01 1.74E-01 4.69E-01 3.06E-01 1.18E-01 1.35E-01 4.50E-02 1.13E-02 1.49E-01 2.35E-01 3.53E-03 -0.00945716

6 1.52E-01 1.19E-01 2.43E-01 4.44E-01 7.05E-02 1.92E-02 2.33E-01 1.42E-01 1.77E-01 1.28E-01 2.79E-02 5.63E-01 1.14E+00

j w1,j w2,j w3,j w4,j w5,j w6,j bj

1 4.98E-01 1.65E-01 1.95E-01 3.47E-01 6.09E-02 3.57E-01 0.86412

2 2.27E-01 4.23E-02 6.18E-02 6.22E-02 3.07E-01 1.88E-01 -0.38784

3 1.78E-01 6.76E-02 3.55E-01 1.15E-01 4.80E-01 6.45E-01 0.524989

4 2.56E-01 1.26E-01 1.53E-01 3.94E-02 1.49E-01 2.49E-01 -2.91E-01

5 1.71E-01 2.40E-01 2.94E-01 1.05E-01 5.45E-02 5.74E-02 -0.2424

6 1.00E-01 1.45E-01 6.35E-02 1.50E-01 3.40E-01 3.62E-02 -0.23859

7 2.69E-01 2.44E-02 2.91E-01 3.21E-02 1.60E-01 1.43E-01 -8.40E-02

8 5.13E-01 1.60E-01 1.74E-01 1.17E-01 3.00E-02 4.83E-01 -0.18655

9 3.54E-02 2.25E-01 4.47E-01 2.42E-02 2.83E-01 5.57E-01 5.32E-01

10 1.03E-01 4.02E-02 1.05E-01 8.03E-02 1.77E-01 4.26E-02 -0.05075

11 3.23E-01 5.52E-02 4.71E-01 2.24E-01 1.28E-01 1.50E-01 -8.33E-02

12 2.86E-01 2.05E-01 4.22E-01 7.35E-01 2.31E-01 1.29E-01 9.18E-02

13 3.19E-01 1.62E-01 1.73E-01 4.76E-01 1.86E-01 3.47E-01 -1.62E-01

14 1.51E-01 5.48E-02 2.44E-02 1.86E-01 3.08E-01 2.53E-01 3.67E-01

15 1.78E-01 2.26E-02 6.04E-01 2.87E-01 7.05E-01 2.27E-01 3.97E-01

16 1.70E-01 1.73E-01 1.45E-01 2.82E-01 1.65E-01 2.50E-01 4.06E-01

17 4.70E-02 9.95E-02 7.31E-02 5.10E-02 9.64E-02 4.97E-01 5.90E-01

18 6.58E-02 1.94E-01 7.31E-01 1.27E-01 1.73E-01 4.70E-02 3.10E-01

19 5.91E-02 1.06E-01 3.71E-01 3.97E-02 2.02E-01 7.22E-01 4.63E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j w18,j w19,j bj

1 6.10E-01 1.09E-03 3.11E-01 6.12E-02 4.12E-02 3.09E-02 2.41E-02 6.74E-01 3.56E-01 7.97E-02 5.11E-01 5.45E-01 5.29E-01 5.68E-02 0.55598865 0.02917 0.0991 0.30589 0.61548 -0.0757

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 9.29E-02 2.22E-01 6.68E-02 7.21E-02 1.79E-02 6.17E-02 2.16E-01 1.72E-01 4.42E-03 1.39E-01 2.90E-02 4.41E-01 0.891198796

2 4.02E-01 2.28E-01 3.30E-01 5.30E-02 5.23E-04 1.03E-01 1.00E-01 3.21E-01 4.40E-02 1.55E-01 1.88E-01 1.05E-01 0.0181078

3 3.21E-01 8.76E-02 3.69E-01 2.03E-01 5.56E-02 2.81E-01 1.35E-01 2.99E-01 1.29E-01 1.13E-01 1.14E-02 1.26E-02 0.100143311

4 9.69E-03 4.78E-02 4.98E-02 2.06E-02 2.36E-02 3.58E-02 2.02E-02 6.28E-02 5.17E-03 5.49E-02 3.33E-02 3.55E-02 -9.11E-02

5 3.13E-03 6.52E-02 5.87E-02 1.28E-01 8.10E-02 1.45E-01 5.47E-03 3.30E-01 1.27E-01 2.10E-02 1.90E-02 5.82E-01 -0.23157789

j w1,j w2,j w3,j w4,j w5,j bj

1 1.58E-01 6.02E-01 7.42E-02 5.40E-02 6.34E-02 -0.25239

2 1.34E-02 1.21E-01 6.15E-02 1.38E-01 6.12E-02 -0.1722

3 6.95E-02 7.89E-02 1.33E-01 1.08E-01 3.35E-02 -0.14089

4 5.80E-01 3.08E-02 3.08E-01 4.67E-02 3.67E-01 2.53E-02

5 1.78E-01 2.67E-01 1.92E-01 6.51E-02 5.77E-01 -0.04014

6 2.02E-01 3.95E-02 1.32E-01 8.25E-02 5.93E-02 0.035607

7 1.84E-01 1.51E-01 1.52E-02 9.81E-02 2.33E-01 2.56E-02

8 1.29E-01 1.23E-01 6.71E-02 9.96E-02 2.87E-02 0.049878

9 2.89E-01 2.02E-01 3.34E-01 1.10E-01 1.09E-01 7.76E-02

10 6.13E-01 2.20E-01 3.13E-01 1.02E-01 8.60E-02 0.659917

11 1.38E-01 8.71E-02 8.30E-03 6.36E-02 1.03E-01 -1.10E-01

12 5.69E-02 2.26E-02 5.66E-02 1.85E-01 1.23E-02 -1.41E-01

13 6.38E-02 4.06E-02 5.98E-01 8.72E-02 3.66E-01 8.40E-01

14 1.07E-01 1.03E-01 2.72E-02 1.35E-02 1.36E-01 -2.04E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j bj

1 6.09E-01 5.59E-02 3.27E-03 7.45E-01 6.58E-01 1.50E-01 2.62E-01 1.71E-02 4.58E-01 3.81E-01 5.43E-02 9.27E-03 7.28E-01 8.36E-02 -0.46965245

From Input layer to hidden layer #1

From hidden layer #2 to output layer

From hidden layer #1 to hidden layer #2
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Table A.22 Weights and biases for model 4.4 

 

 

 

Table A.23 Weights and biases for model 4.5 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j bj

1 1.89E-01 1.90E-02 2.30E-01 3.57E-01 1.33E-01 9.40E-02 1.01E-02 2.81E-01 2.97E-01 1.27E-01 1.61E-01 9.50E-02 0.0974201

2 1.65E-01 5.08E-02 1.08E-01 1.58E-02 1.02E-01 6.84E-02 1.05E-01 1.37E-01 6.16E-02 1.02E-01 3.60E-02 9.44E-02 -0.2061605

3 8.07E-03 1.82E-01 2.70E-02 4.30E-02 1.49E-01 5.87E-02 2.78E-01 1.25E+00 2.89E-01 1.19E-01 2.61E-01 3.67E-02 0.468529273

4 1.39E-01 4.35E-02 1.12E-01 2.05E-01 9.36E-02 1.21E-01 4.13E-01 1.33E-01 4.66E-01 1.39E-01 1.58E-01 1.54E-01 -2.21E-01

5 1.58E-01 2.24E-02 4.85E-03 1.83E-01 3.01E-01 6.25E-02 2.57E-01 1.25E-01 4.34E-01 2.36E-03 1.54E-01 3.00E-03 0.66167745

j w1,j w2,j w3,j w4,j w5,j bj

1 4.31E-01 1.28E-01 2.07E-01 1.09E-01 4.52E-02 -0.50916

2 8.18E-01 3.03E-01 2.67E-02 6.60E-01 4.14E-01 0.398304

3 9.73E-02 1.89E-02 1.59E-01 2.98E-01 7.53E-02 -0.41313

4 1.58E-01 2.47E-01 3.50E-01 1.07E-01 2.61E-01 1.86E-01

5 2.89E-01 4.02E-02 4.48E-01 2.42E-01 6.52E-01 0.291025

6 3.83E-02 5.42E-02 2.34E-01 2.14E-01 3.42E-01 -0.14838

7 1.11E-01 1.87E-01 7.52E-01 2.00E-01 3.81E-01 1.16E-01

8 3.38E-01 3.05E-01 5.83E-02 1.61E-01 8.56E-02 -0.22337

9 3.56E-01 1.62E-01 6.03E-01 5.98E-02 2.19E-01 1.59E-01

10 1.52E-01 3.08E-01 1.40E-01 2.46E-02 3.48E-01 -0.25458

11 2.70E-01 3.75E-01 1.94E-01 9.64E-03 8.70E-02 -3.39E-01

12 3.32E-01 4.66E-02 1.46E-02 3.36E-01 4.03E-01 5.96E-01

13 2.42E-01 2.31E-01 1.22E-01 1.98E-01 3.32E-01 5.79E-01

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j bj

1 8.47E-02 1.11E+00 4.13E-03 1.39E-01 3.31E-01 4.12E-02 3.23E-01 9.16E-02 7.57E-01 7.83E-02 5.40E-02 2.96E-01 2.35E-01 -0.23852851

From hidden layer #1 to hidden layer #2

From Input layer to hidden layer #1

From hidden layer #2 to output layer

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j bj

1 2.79E-02 4.29E-02 8.08E-04 4.19E-02 3.04E-02 1.50E-02 4.27E-02 2.58E-02 2.53E-02 4.33E-02 3.52E-02 -0.10848297

2 4.63E-03 6.05E-02 1.10E-01 2.71E-02 4.13E-03 1.53E-02 9.37E-02 5.34E-02 9.71E-02 4.38E-02 5.60E-02 0.02324245

3 3.43E-02 2.77E-02 8.38E-02 1.97E-01 4.54E-02 1.30E-01 3.64E-01 5.81E-03 1.97E-01 1.20E-01 5.74E-02 0.038084572

4 4.41E-02 4.74E-02 3.90E-02 2.84E-02 7.90E-03 2.22E-02 5.76E-02 1.22E-02 9.14E-03 1.86E-02 2.82E-02 -6.78E-02

5 1.92E-01 1.47E-01 4.18E-02 9.02E-03 1.35E-01 2.06E-02 4.39E-01 2.38E-01 6.78E-02 1.14E-04 2.28E-02 0.081662041

6 1.67E-02 2.09E-02 1.30E-02 1.07E-01 2.32E-02 4.75E-03 7.86E-02 5.07E-03 7.18E-02 3.72E-02 1.85E-01 8.52E-02

7 3.39E-03 3.86E-02 1.82E-02 4.88E-02 9.18E-02 1.26E-02 2.82E-02 9.14E-02 1.01E-01 6.24E-02 6.09E-02 0.085899107

8 1.45E-01 7.20E-02 1.38E-01 5.24E-02 1.45E-01 1.35E-01 4.40E-01 6.60E-02 1.07E-01 1.24E-01 2.77E-01 -0.03228116

9 1.45E-02 6.86E-02 1.27E-02 1.84E-01 1.08E-01 4.61E-02 1.14E-01 1.07E-01 2.28E-01 2.08E-01 2.79E-01 0.12964586

10 9.11E-02 1.01E-01 1.03E-01 3.09E-03 8.71E-03 3.31E-02 3.54E-02 9.57E-02 1.95E-02 5.82E-02 4.01E-02 0.061231578

11 3.82E-02 3.04E-02 3.04E-02 2.64E-02 3.36E-02 2.39E-02 8.82E-03 5.38E-02 4.64E-03 4.62E-02 4.50E-02 0.012606507

12 3.04E-02 8.76E-02 5.51E-02 1.08E-01 2.05E-02 1.43E-02 4.63E-02 2.63E-02 5.52E-02 5.32E-02 1.34E-01 0.011639972

13 5.14E-02 1.99E-02 3.54E-02 4.28E-02 2.64E-02 2.20E-03 3.13E-02 1.29E-02 3.98E-02 4.97E-04 1.13E-02 -6.85E-02

14 3.07E-02 7.31E-02 2.14E-02 1.06E-01 7.51E-02 8.92E-04 1.38E-02 1.73E-02 6.58E-02 6.24E-02 5.96E-02 0.1352256

15 3.53E-02 5.64E-02 3.97E-02 3.39E-04 2.91E-02 9.23E-03 1.07E-01 1.59E-02 1.41E-03 1.75E-02 2.18E-02 6.80E-02

16 2.12E-01 2.45E-01 2.43E-01 3.65E-03 1.09E-01 9.66E-02 7.72E-02 3.85E-02 5.63E-02 8.25E-02 7.67E-02 0.190584428

17 1.11E-01 3.54E-02 5.45E-02 2.28E-02 4.02E-02 5.96E-02 8.00E-02 9.49E-03 8.83E-02 6.35E-02 7.18E-04 0.15046181

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j w16,j w17,j bj

1 1.57E-02 2.11E-02 1.48E-01 2.14E-02 4.64E-02 1.02E-01 2.85E-02 8.36E-02 1.11E-01 7.84E-02 1.26E-02 5.07E-02 5.93E-03 7.11E-02 2.84E-02 0.03435 0.03779 -0.07589

2 3.38E-02 6.73E-02 2.04E-01 6.50E-03 2.09E-01 5.17E-02 2.26E-02 1.59E-01 4.92E-02 5.31E-02 1.93E-03 1.09E-01 4.10E-02 3.37E-02 3.52E-02 0.10613 0.007 0.048917

3 3.37E-02 2.72E-02 4.73E-02 2.42E-02 8.78E-02 2.32E-02 1.36E-02 1.14E-01 5.52E-02 4.29E-02 1.66E-02 3.38E-02 2.19E-02 3.19E-02 5.79E-02 0.07823 0.01969 0.115907

4 1.43E-02 3.59E-02 1.76E-02 2.68E-02 4.60E-02 8.20E-03 3.66E-02 7.56E-02 2.26E-02 2.29E-02 1.56E-02 1.83E-02 2.04E-02 5.78E-02 3.49E-02 2.65E-02 3.66E-02 -1.81E-02

5 3.23E-02 1.98E-02 3.44E-02 1.03E-02 4.29E-03 2.68E-02 4.13E-02 5.13E-05 6.01E-03 3.78E-03 1.61E-05 2.14E-02 2.41E-02 6.20E-03 3.99E-02 0.01262 0.04939 0.024959

6 7.30E-03 4.65E-02 1.99E-01 2.37E-02 9.46E-02 2.86E-02 9.10E-02 1.64E-01 1.60E-01 2.86E-02 3.47E-02 1.16E-01 4.06E-02 9.60E-02 1.18E-02 0.13493 0.04041 0.020963

7 2.41E-03 3.19E-02 3.76E-02 3.39E-02 2.36E-02 2.72E-02 3.27E-02 3.68E-03 2.35E-03 2.57E-02 1.23E-02 2.52E-02 3.41E-02 1.46E-03 3.63E-02 9.80E-03 1.07E-02 -8.26E-03

8 3.44E-02 6.68E-03 2.27E-02 7.08E-03 3.80E-02 1.01E-02 3.80E-02 4.61E-03 8.83E-03 1.89E-02 4.02E-02 1.34E-02 2.05E-02 7.69E-03 3.67E-02 0.00635 0.0246 -0.01625

9 1.04E-02 4.81E-02 1.15E-01 3.22E-02 1.91E-01 6.70E-02 1.14E-02 1.50E-01 1.09E-03 2.99E-02 7.29E-03 2.44E-02 2.71E-02 5.98E-02 1.82E-03 2.52E-01 1.37E-01 2.04E-01

10 3.08E-03 5.92E-02 2.57E-01 3.43E-02 3.23E-01 1.18E-01 2.36E-02 2.37E-01 3.83E-02 5.65E-02 4.20E-03 4.83E-02 3.67E-02 5.12E-02 1.51E-02 3.62E-01 1.14E-01 0.279255

11 3.47E-02 7.74E-03 4.99E-04 1.56E-02 8.12E-03 2.95E-02 3.41E-02 3.27E-02 2.39E-02 3.75E-03 3.29E-02 2.91E-02 2.48E-02 1.60E-02 3.36E-02 1.51E-02 9.64E-03 -6.50E-02

12 3.44E-02 1.40E-02 3.53E-01 3.54E-02 2.47E-01 1.02E-01 7.60E-02 3.54E-01 1.58E-01 8.85E-02 4.13E-02 1.15E-01 6.07E-04 1.24E-01 8.46E-03 4.51E-03 1.26E-02 1.53E-01

13 4.10E-02 4.01E-02 2.94E-02 3.56E-02 2.11E-02 4.23E-03 1.73E-03 8.60E-03 1.26E-02 2.27E-03 1.94E-02 2.36E-02 2.93E-02 2.42E-02 1.41E-02 2.51E-02 1.30E-02 -9.75E-02

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j bj

1 2.08E-01 3.35E-01 1.75E-01 5.68E-02 4.86E-02 3.77E-01 1.28E-02 4.05E-02 3.50E-01 6.42E-01 3.70E-02 4.77E-01 1.58E-02 -0.15877077

From hidden layer #2 to output layer

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2
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Table A.24 Weights and biases for model 4.6 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j bj

1 4.04E-01 3.81E-01 4.74E-01 3.68E-01 8.64E-02 2.40E-02 9.30E-02 2.33E-01 2.49E-03 0.906832867

2 2.32E+00 1.19E+00 3.21E-01 3.04E-01 1.46E-01 9.10E-01 4.22E-01 1.46E-01 1.83E+00 -0.23465345

3 1.02E+00 1.94E+00 1.09E+00 1.58E-01 4.77E-01 1.16E+00 6.81E-01 8.89E-02 8.28E-02 -0.76626487

4 8.63E-02 1.17E-01 2.62E-01 2.53E-01 3.07E-01 4.73E-01 2.26E-01 4.95E-02 5.13E-01 -4.92E-01

5 1.00E+00 1.54E+00 5.56E-01 1.43E-01 1.70E+00 9.38E-02 7.73E-02 4.41E-01 3.92E-01 0.412988752

6 9.34E-01 6.50E-01 1.94E+00 6.77E-03 5.05E-01 8.52E-01 1.67E-01 2.15E-01 8.98E-01 -6.89E-02

7 5.82E-01 4.92E-01 4.30E-01 1.94E+00 2.10E-01 2.04E-01 5.19E-01 5.34E-01 8.96E-01 0.428457455

8 4.52E-01 7.11E-01 1.92E+00 1.23E+00 3.32E-01 2.03E+00 1.06E-02 6.74E-01 1.95E+00 -0.8018294

9 7.71E-01 8.66E-01 5.93E-01 5.06E-01 1.52E+00 4.65E-01 5.42E-02 1.99E-01 1.61E+00 0.901895555

10 2.69E-01 5.59E-02 1.35E-01 2.51E-01 1.62E-01 2.12E-01 5.99E-01 1.57E-01 4.45E-01 -0.34350326

11 7.68E-01 1.14E+00 1.98E+00 2.79E-01 4.23E-01 7.73E-01 1.15E-01 7.47E-02 1.23E+00 0.454099297

12 3.02E-01 2.55E-01 1.25E-01 3.90E-01 3.82E-01 1.42E-01 3.39E-01 3.69E-01 6.45E-02 -0.49342339

13 1.16E-01 3.68E-01 1.27E-01 4.05E-01 1.59E-01 5.96E-02 3.35E-01 3.67E-01 3.92E-01 6.17E-01

14 3.12E-01 3.63E-01 1.13E-01 1.02E+00 2.94E-01 6.57E-02 5.72E-02 2.68E-01 1.10E+00 -0.48979979

15 5.08E-01 2.12E-02 6.26E-01 1.58E+00 2.31E-01 5.55E-01 3.05E-01 1.08E-01 1.84E-01 2.22E+00

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j w9,j w10,j w11,j w12,j w13,j w14,j w15,j bj

1 2.15E-01 3.03E-01 2.47E-01 7.19E-02 1.89E-01 1.53E-01 6.29E-02 2.45E-01 1.66E-01 1.20E-01 2.44E-01 1.23E-01 1.86E-01 5.33E-02 2.87E-02 -0.77322

2 3.24E-01 8.13E-01 2.12E-01 3.01E-01 6.16E-01 5.48E-01 7.86E-01 7.26E-01 1.32E-01 1.58E-01 2.21E-01 2.69E-01 2.52E-02 6.45E-01 6.34E-02 0.862297

3 2.00E-01 8.87E-01 3.84E-01 7.49E-01 6.74E-01 1.20E-01 7.32E-01 3.44E-01 4.20E-01 5.76E-01 6.93E-01 1.83E-01 9.28E-02 1.38E-01 2.23E-01 0.251867

4 3.37E-01 1.08E+00 1.26E+00 1.27E-01 2.51E-01 1.59E+00 5.26E-01 1.65E+00 2.81E-01 5.63E-01 5.65E-01 2.32E-01 7.53E-01 1.09E+00 1.26E+00 6.82E-01

5 4.06E-01 2.56E-01 7.01E-01 4.65E-02 1.31E-01 7.13E-01 1.92E+00 2.30E-01 4.13E-02 5.81E-01 7.13E-01 2.97E-01 4.44E-02 3.56E-02 7.28E-01 -0.28998

6 2.67E-02 2.78E-01 2.32E-01 1.69E-01 3.36E-01 3.44E-01 1.00E-01 3.63E-02 3.35E-01 1.44E-01 3.25E-01 8.12E-02 2.36E-01 4.23E-01 2.18E-01 -0.26979

7 1.14E-01 8.80E-02 1.19E-01 1.95E-01 2.66E-01 1.14E-01 2.44E-01 2.47E-01 1.27E-01 2.57E-02 2.54E-01 1.28E-01 1.11E-01 2.50E-01 2.85E-01 -5.31E-01

8 2.63E-01 7.01E-02 1.31E-01 3.00E-02 6.37E-02 7.16E-02 7.67E-04 2.26E-01 2.10E-01 3.07E-01 2.38E-01 2.75E-01 1.38E-01 5.53E-02 3.17E-01 0.776878

j w1,j w2,j w3,j w4,j w5,j w6,j w7,j w8,j bj

1 3.52E-01 3.63E-02 1.13E-01 3.87E-01 2.37E+00 5.60E-01 2.23E-03 3.48E-01 0.03422355

From Input layer to hidden layer #1

From hidden layer #1 to hidden layer #2

From hidden layer #2 to output layer
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APPENDIX B 

THE ASSEMBLED SOFTWARE 

This appendix shows screenshots from the developed software. 

 

Figure B.1 First step in the software, choosing the formation. 
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Figure B.2 Second step in the software, uploading production data. 
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Figure B.3 Third step in the software, presenting the uploaded production data. 



216 

 

Figure B.4 Fourth step in the software, cleaning-up the production data. 
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Figure B.5 Fifth step in the software, choosing economic limit and running production history 

matching and forecasting. 
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Figure B.6 Sixth step in the software, presenting production history matching and forecasting 

results. 
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Figure B.7 Seventh step in the software, entering completion data. 
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Figure B.8 Eighth step in the software, presenting the ANN model inputs and running the model. 
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Figure B.9 Ninth step in the software, presenting the ANN model outputs and running 

probability analysis. 
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Figure B.10 Tenth and last step in the software, presenting probabilistic analysis results. 
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