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Abstract 

In the Petroleum industry, pressure losses in tubing installations must be determined accurately. Traditionally, flowing 

bottom-hole pressure was determined using mechanical down-hole gauges, this procedure is not cost-effective and less efficient 

as mechanical tools are prone to damage. This research aims to compare an improved mechanistic model of pressure 

determination with a machine-learning model that predicted bottom-hole pressure readings. Guo’s mechanistic model was 

modified in this study while considering some assumptions that affect the estimation. A pressure gradient expression was 

obtained, and it was solved using a piece-wise iteration approach. The machine learning model was based on an Artificial Neural 

Network algorithm to predict and further improve the accuracy of the prediction while considering a large production dataset 

from different wells of the field. In developing the model, the initial dataset was pre-processed to about 2,500 data points; the 

model was trained, tested, and cross-validated based on the parameters from the data. The results obtained from the mechanistic 

model gave an accuracy of 0.888 when tested on a fraction of the Volve dataset, while the Artificial Neural Network model gave 

an accuracy of 0.999 on the test dataset. Finally, this shows that, apart from the ability of machine learning to handle large 

datasets, it also predicted a high value of accuracy when compared to the improved mechanistic model. 

Keywords 

Bottom-hole Pressure, Intelligent Models, Mechanistic Model, Multiphase Flow, Vertical Oil Well 

 

1. Introduction 

The pressure exerted by a static fluid depends only upon the 

depth of the fluid, the density of the fluid, and the acceleration 

of gravity, and this applies to the pressure exerted by flowing 

fluid downhole. In the Oil and Gas Industry, it is a difficult 

process to determine the bottom-hole pressure directly using 

down-hole gauges [1-3], due to the redundancy of the guages. 

Cost effective mechanistic correlations for predicting bot-

tom-hole pressure is preferred in the industry [3, 4]. The most 

commonly used mechanistic models are that of Kabir and 

Hasan [5]; Ansari et al. [6]; Chokshi et al. [7]; Gomez et al. [8] 

and Guo [9]. According to (Gomez et al. [10] and Okorie et al. 

[3], mechanistic models are mostly considered to be de-

pendable and appropriate as they incorporate flow-relevant 

parameters. Nevertheless, mechanistic models accuracy are 

constrained by copious assumptions and their intricate nature 

[11]. Also, the predicting ability and applicability of these past 

mechanistic correlations is a concern in the industry, hence, 

the need to develop an improved mechanistic model for BHP 

determination that will be more accurate and reliable. 

Also, technological advances led to drilling complex wells 

http://www.sciencepg.com/journal/pse
http://www.sciencepg.com/journal/608/archive/6080902
http://www.sciencepg.com/
https://orcid.org/0000-0003-2950-1581
https://orcid.org/0009-0007-8490-7476


Petroleum Science and Engineering http://www.sciencepg.com/journal/pse 

 

112 

which pose more difficulty in accounting for bottom-hole 

pressure prediction. There is a strong need to process large 

real-time data sets obtained from the Well and estimate in-

stantaneous flowing bottom-hole pressure, machine learning 

models have presented an integrated approach to overcoming 

the restrictions posed by developed correlations in terms of 

handling a wide variety of data sets. Numerous Tubing Per-

formance Relation (TPR) models have been developed for 

analyzing multiphase flow in vertical pipes. The TPR models 

for multiphase flow wells fall into two categories: Homoge-

neous flow and separated flow models. Homogeneous models 

treat multiphase as a homogeneous mixture and do not con-

sider the effects of the liquid holdup (no slip assumptions). 

The major advantage of these models comes from their 

mechanistic nature. They can handle gas-oil-water 

three-phase and gas-oil-water-sand four-phase systems. It is 

easy to code these mechanistic models in computer programs. 

Separated flow, on the other hand, is more realistic than the 

homogenous-flow models. They are usually given in the form 

of empirical correlations. They consider the effect of flow 

regimes and liquid hold (slip). The major disadvantage of the 

separated flow models is that it is difficult to code them in 

computer programs because most correlations are presented in 

graphic form [12]. A model for predicting Bottom-hole 

Pressure (BHP) based on easily obtainable wellhead param-

eter has been the preferred method in the oil and gas industry. 

Given the numerous downsides of using mechanistic 

models, the following researchers: Ashena and Moghadasi 

[13]; Akinsete and Isehunwa [14]; Awad [15]; Di et al. [16]; 

Tariq et al. [17]; Olamigoke and Onyeali [18]; Okoro et al. 

[19]; Goliatt et al. [20]; Nwanwe et al. [21]; Jin et al. [22], 

have deployed the utilized different intelligent models algo-

rithm, such as artificial neural networks, support vector ma-

chines, hybrid intelligent systems, fuzzy systems etc., to 

monitor BHP in the oil and gas industry. These models was 

reported by Okorie et al. [3] in 2025 to have achieved varying 

degrees of success in the prediction of bottom-hole pressure. 

Though many of these intelligent models have been stated to 

exhibit superior predictive performance compared to mecha-

nistic and empirical models [3], but they have not been ex-

plicitly presented for BHP estimation. 

The objective of this study is described below; 

1) To develop a correlation for the prediction of BHP by 

modifying original Guo's model. Guo's method involves 

the solution of a general energy equation-derived model 

using Newton-Raphson's Numerical algorithm for the 

hydraulic and friction pressure at depth. The BHP is 

obtained from definite integrals with limits interval 

between wellhead pressure and bottom-hole pressure in 

the estimations of frictional pressure. This research aims 

to solve numerically using a piece-wise iteration in 

wellbore segment lengths to further increase the accu-

racy. 

2) To develop a machine learning algorithm that predicts 

the bottom-hole pressure from wellhead data. This will 

be achieved by building an Artificial Neural Networks 

model that takes Wellhead data as input data and pre-

dicts the bottom-hole pressure as output data. The algo-

rithm will be trained with a real dataset from an Oil field 

named Equinor in Norway and tested with a fraction of 

the same Production information. Other intelligent 

models would also be tested in this research such as 

Support Vector Machines, Gradient Boosting, etc. 

3) To do a comparative study of the developed mechanistic 

model with other empirical correlations in bottom-hole 

flowing pressure determination. 

4) To do a comparative study of the developed mechanistic 

model correlation with the most accurate machine 

learning model. 

Many approaches have been developed to fully understand 

the multiphase flow in wells, from the principle of linear 

momentum and the conservation of mass, pressure gradient 

equation was developed. In the Petroleum Industry, both ex-

perimental and theoretical methods have been used to get 

insights on correlations that govern multiphase flow. 

The complexity of inhomogeneous multiphase flow pre-

sented a great challenge for early researchers, investigations 

then originated from curve fittings to equations using ex-

perimental or field data. The methods can be classified as 

empirical correlations and mechanistic models. 

To handle a large variety of data sets at a certain condition, 

the developed correlations are not fully capable to perform 

such a task. One of the many problems faced by developers is 

the selection of the most suitable correlation for a particular 

condition. A more integrated approach was introduced by the 

application of Machine learning Algorithms, with Artificial 

Neural Networks being the most common algorithm applied 

to solve the above problem, better Bottom-Hole pressure can 

be predicted given the right data sets. 

In 1952 Poettmann and Carpenter [23] developed a corre-

lation from the energy equation and data information from 34 

flowing oil wells and 15 gas-lift wells using tubing diameters 

of 2, 21/2, and 31/2 inches. The correlation was developed using 

production GLR of about 5,000 SCF/bbl of total liquid; total 

liquid production rates from 60 to 1,500 STB/D; production 

WOR’s of about 56STB/STB; Oil gravities range between 30 

to 54o API, and well depth to 11,000ft. With no attempt to 

determine the liquid hold-up factor, the work focused on oil. 

Water and gas as a single phase. The friction factor of multi-

phase flow was correlated with the product of the inside di-

ameter of the tubing and the mass velocity of the mixture 

flowing through the pipe [24]. This model made the assump-

tion that the total output flow rate was used to calculate the 

density at any one pressure point. 

Baxendell and Thomas [25] in 1961 worked on Poettmann 

and Carpenter correlation after discovering that the model 

failed to extrapolate from low flow rates to high flow rates as 

the method proved inapplicable to high flow rate conditions. 

They suggested some modifications to the model to fit per-

fectly to the high-rate correlation derived from Shell de Ven-
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ezuela's La Paz field in Venezuela. Series of experiments were 

carried out at rates up to 5,000 B/D. The work revealed a 

relationship between energy-loss factor and mass flow rate, it 

is applicable to wide-range of conduit sizes and fluid types at 

a high flow rate. 

The Significance of high flow rates was justified for prac-

tical purposes. An accuracy of 5% was achieved with the right 

PVT data for both vertical and horizontal flow. 

In 2001 Guo Boyun [9] demonstrated that a mechanistic 

model that was originally developed for modeling gas, water, 

oil and solid in a borehole drilling can be used to determine 

inflow performance relationship of Oil wells in the absence of 

bottom-hole pressure, he derived a model and solved it using 

Newton-Raphson numerical procedure for the hydraulic and 

friction pressure at depth. An integral summation between 

limits of wellhead pressure and flowing bottom-hole pressure 

was done to arrive at the numerical solution. The model’s 

accuracy was accepted within practical error limits after 

testing with data for high GOR wells and low GOR wells. 

This present study is an extension of Guo’s base model for 

flowing bottom-hole pressure estimation. The modifications 

made for the extension are; 

1) Consider a homogenous flow that is mechanistic in na-

ture, and can handle gas-oil-water-sand four phase sys-

tem. 

2) The use of bottom-hole temperature rather than an av-

erage tubing temperature. 

3) Flow is steady and Isothermal; no work was done by the 

gas flow. 

Osman et al. [26] in 2005 presented an Artificial Neural 

Network (ANN) for predicting flowing bottom-hole pressure 

and consequently the pressure drop in multiphase flow. The 

model considered 206 field data sets after data pre-processing 

which reduced 386 data sets from Middle East fields to what 

was used in the model development. The datasets were di-

vided into training, validation and testing sets. To develop the 

model and tune the network weights, the training sets were 

used; the validation set is used to monitor the generalization of 

the developed network, and to examine the final performance 

of the developed model. Osman et al’s model achieved a 

correlation coefficient of 0.9735, the maximum absolute rel-

ative error of 7.1401% and average absolute percent error of 

2.1654%. The research demonstrated the use of an Artificial 

Neural Network model in providing solutions to multiphase 

flow problems. 

Also, Jahanandish [27] in 2011 presented an Artificial 

Neural Network model for predicting bottom-hole flowing 

pressure and as a result the pressure drop in vertical multi-

phase flowing wells. After considering a wide range of data 

sets, 413 field data sets collected from the research work, the 

model outperformed the conventional models with 0.9222 

correlation coeffici2ent and 3.5% absolute average percent 

error. The above statistical results were derived from imple-

menting a feed-forward neural networks hidden layer in the 

predictive model. Akinsete and Isehunwa [14] in 2013 de-

veloped a model for estimating bottom-hole pressure in con-

densate wells while considering the liquid hold up. The ap-

proach originated from the general energy balance equation. A 

generalized expression for calculating flowing bottom-hole 

pressure was developed, flowing bottom-hole pressures in dry 

and condensate gas wells can be calculated using the derived 

expression. From the study, it was shown that the pressure 

profiles in condensate wells differ from dry wells as higher 

pressure drops are obtained in condensate wells. The signifi-

cance of liquid holdup consideration was highlighted, zero 

hold-up assumption can affect the accuracy of the prediction 

model. 

Recent improvements in pressure prediction techniques 

revealed that most of the mechanistic models failed to provide 

the desired accuracy, and major adjustments are still needed. 

Machine learning models have been of great help in this area 

of research as recent developers can boast of the desired ac-

curacy in their work. The most common prediction model 

used to solve difficult engineering problems is Artificial 

Neural Networks as they have been widely accepted in the 

Petroleum Industry. There are other prediction tools that can 

be incorporated in this research such as Support Vector Ma-

chines, Gradient boosting algorithms, etc. Large datasets are 

acquired in each area of Petroleum Industry which makes the 

applicability of Artificial Neural Networks techniques 

worthwhile. In multiphase flow prediction, researchers have 

successfully used the technique in prediction as explained 

below. 

In 2014, Li and Jennifer [24] presented a combined ap-

proach involving a calculation procedure using multiphase 

correlation and Artificial Neural Network models. Back 

Propagation neural network models were incorporated into a 

piece-wise calculation approach of determining pressure 

gradient, this resulted in higher prediction accuracy. The 

model gave the lowest average absolute percent error to be 

3.1%. Comparing to the multiphase correlations, the final 

combined approach has an average absolute percent error of 

23.0%. The model was however published with a user inter-

face bottom-hole pressure calculator deployed. 

2. Materials and Methods 

The model that was developed in this research is of two 

forms, the mechanistic model and machine learning model. 

2.1. Mechanistic Model Development 

From the law of conservation of energy which can be used 

in the analysis of flowing fluids, the behavior of fluids can be 

described qualitatively. The law states that the energy of a 

fluid entering a section of the tubing, in addition to the work 

done on the fluids in the two sections with negative energy 

loses in the sections is equal to the energy of the fluid at the 

output section. Static pressure gradient, friction pressure gra-

dient, and kinetic pressure gradient all make up the energy 
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equation. 

This research work owns its basis to this energy; hence, the 

equation was derived from first principles to obtain the equa-

tion (1) 

dg

f

dZg

d

dZ

dP

c

m

c

m
2

2
         (1) 

The above equation (1) represents the general equation for 

characterizing pressure drop associated with fluid flow, which 

is the foundation of the mechanistic model. Considering the 

flow of each component of the fluid in the equations (2-6) 

below: 

Solid: 

sec

41022.7 lb
sss QW                                 (2) 
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 
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                       (3) 
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ggg QW                             (4) 

A final density mixture equation is obtained from the weight function of each component, is expressed below: 
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Then the velocity mixture can be obtained as expressed below: 
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Substituting all the equations into equation (1), a pressure gradient equation (7) is obtained as: 
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  (7) 

From Beggs and Brill’s procedures [28] for calculating 

pressure traverses, iterating on length increment was ex-

plained and pressure increment was also highlighted as means 

of solving the dP/dZ over any pressure or length increment. 

The understanding of the piece-wise calculation originated 

from this procedure, the Beggs and Brill length incremental 

procedure is explained below: 

1) Determine the Initial pressure 

2) Estimate change in length, 

3) Calculate fluid properties and average pressure and 

temperature, 

4) Determine calculated dP/dZ, 

5) Determine the change in length from calculated pressure 

gradient, 

6) Compare the estimated results and calculated values, 

7) Repeat the procedure until the error between calculated 

and estimated values are close 

Under normal conditions, the bottom-hole pressure is cal-

culated from the wellhead parameters, by estimating the 

pressure gradient along the wellbore. However, it seems im-

practicable to determine the pressure gradient of the multi-

phase system and multiply with the Well length to obtain the 

http://www.sciencepg.com/journal/pse


Petroleum Science and Engineering http://www.sciencepg.com/journal/pse 

 

115 

bottom-hole pressure. This gives large prediction errors in the 

developed model. 

A new approach is used to provide a solution to the pressure 

gradient expression derived above (equation 7). The method 

is a piece-wise calculation which takes wellhead parameters, 

then proceed to determine the average gradient value for each 

partitioned segment till the bottom of the wellbore is reached 

(Figure 1). 

The iteration commenced using an initial pressure which is 

the wellhead pressure, using the developed correlation, dP/dZ 

was calculated, and the iteration then proceeds to obtain a new 

pressure based on the convergence conditions. In selecting the 

convergence condition, the depth of the well was used to 

obtain the length of each segment. This step-by-step method 

that moves from the wellhead to bottom-hole, aims to reduce 

errors when compared to the partitions used in this case. This 

might seem like a tedious process, but the computation was 

carried out using a program written in python programming 

language. 

 
Figure 1. BHP Piece-wise Computation from WHP. 

2.2. Machine Learning Model 

A large dataset which was obtained from a production field 

in XYZ Continental Shelf in Norway. Initially, it contained 

about 15,000 data points, and it was reduced to about 2,500 

data points after pre-processing of removing null values, 

outliers, and duplicates. The dataset was then divided into 

training and testing using a ratio of 70: 30 respectively, before 

fitting using an Artificial Neural Network. The Artificial 

Neural Network (ANN) was used to predict the flowing bot-

tom-hole pressure in this research, the model is Multi-layer 

Perceptron Regressor (MLP), which is a supervised learning 

algorithm that learns a function f (.): 𝑅𝑚 → 𝑅𝑜 by training on 

the dataset, where m is the number of input dimension and o is 

the number of output dimensions. For the features of datasets 

X = 𝑋1, 𝑋2,. . . , 𝑋9 and target variable y, which is a non-linear 

function approximator for the regression problem (Figure 2). 

 
Figure 2. Hidden Layer MLP. 

The input layer (X) is to the left side of the figure above, it 

consists of a set of neurons 𝑋𝑖  || {𝑋1, 𝑋2,. . . , 𝑋9} representing 

the input features values from the previous layer is trans-

formed by each neuron in the hidden layer with the weighted 

linear summation (equation 8), followed by a 

     







 



n

i

ii WXwxwxf
1

,,,        (8) 

non-linear activation function g (.): 𝑅𝑚 → 𝑅𝑜. In this case 

the, non-linear activation function is the rectified linear unit 

function (Relu). Finally, the last hidden layer gives values to 

the output layer to transform them into output values. 

Where: Φ is an activation function (Relu), W is a matrix of 

weights, X is a matrix of inputs (features). The aim is to obtain 

the weights of the equation, such that the mean absolute error 
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is very close to zero. To do this non-linear activation function 

was used to solve, through the following step: 

Weight Updates 

The general rule of weight updates is the delta rule: 

New weight = old weight  - Derivative Rate * learning rate 

The learning rate is introduced as a constant (usually very 

small), in order to force the weight to get updated very 

smoothly and slowly (to avoid big steps and chaotic behav-

ior). 

In order to validate this equation: 

1) If the derivative rate is positive, it means that an increase 

in weight will increase the error, thus the new weight 

should be smaller. 

2) If the derivative rate is negative, it means that an in-

crease in weight will decrease the error, thus there is a 

need to increase the weights. 

3) If the derivative is 0, it means that we are in a stable 

minimum. Thus, no update on the weights is needed, 

meaning we reached a stable state. 

Iteration Process 

Since the weights are updated with a small delta step at a 

time, it will take several iterations in order to learn. The iter-

ative procedure is necessary for the optimization and is usu-

ally done using the Limited memory Broy-

den-Fletcher-Goldfarb-Shanno Solver. The final weight ma-

trixes were optimized to obtain an effective weight that can 

model as the equation used to obtain the bottom-hole pressure. 

       s

n

i

ii XWXwxwxf ,0max,,,
1









 



                          (9) 

Other algorithms like Support Vector Machines (SVM), 

Decision Trees (DT), and Random Forest (RF) were also 

used. 

3. Results 

A pressure-depth profile diagram was used in the visuali-

zation, the mechanistic model predicted value and the meas-

ured value are plotted on the same graph (Figure 3). After 

completing the model training and testing with a certain por-

tion of the datasets, the obtained predicted results were 

compared with the actual measured readings from the field 

(Table 1). In a bid to validate the predicting power of the ANN 

model, the results were compared with other intelligent 

models of Support Vector Machines (SVM), Decision Trees 

(DT), and Random Forest (RF). Table 2 showed the results of 

the statistical metrics (Coefficient of Determination (COD), 

Mean Absolute Error (MAE) and Root Mean Squared Error 

(RMSE)) used. 

 
Figure 3. Pressure-Depth Profile. 

Table 1. ANN Model compared with other Intelligent Models. 

Measured BHP Intelligent Models Computed BHP 

 ANN SVM DT RF 

212.332 212.364 216.199 212.741 212.826 

202.878 202.897 202.978 202.878 206.557 
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Measured BHP Intelligent Models Computed BHP 

 ANN SVM DT RF 

200.246 200.254 200.346 200.246 200.300 

199.805 199.813 203.552 200.246 200.300 

196.028 196.061 196.128 196.028 201.993 

197.894 197.899 217.977 195.306 197.087 

198.465 198.462 213.992 200.246 198.865 

202.469 202.468 202.569 202.469 204.637 

Table 2. Accuracy of ANN compared with other Intelligent Models. 

Machine Learning Algorithm COD MAE RMSE 

ANN 0.999972 0.026574 0.074051 

SVM 0.802163 7.228097 11.599087 

DT 0.996661 0.601207 1.506820 

RF 0.997053 0.525837 1.415665 

 
Figure 4. Pair Plot distribution of all the variables. 

4. Discussion 

From the above Table 1, the BHP predicted by the devel-

oped mechanistic model and the measured BHP value gave 

average absolute percent relative error range of 0.073 – 0.440 

revealing that the high accuracy of the developed mechanistic 

model in predicting BHP. 

It was observed from Tables 2 and 3 that amongst all intel-

ligent models used (ANN, Support Vector Machines, Deci-

sion Trees, Random Forest), the ANN Model performed better 
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in predicting BHP with a Coefficient of Determination of 

0.999972, Root Mean Squared Error of 0.074051 and Mean 

Absolute Error of 0.026574. These showed a great prediction 

ability of ANN as all the data points lie on the line of best fit 

with reduced errors. 

Pair Plots distribution (Figure 4) builds on two basic fig-

ures, 

the histogram and the scatter plot. The histogram on the 

diagonal allows us to see the distribution of a single variable 

while the scatter plots on the upper and lower triangles show 

the relationship (or lack thereof) between two variables. The 

distribution of all the features as seen above is along the di-

agonal and relationships can be seen outside the diagonal to 

both left and right. 

5. Conclusions 

This work showed the development of new mechanistic and 

intelligent models capable of accurately predicting Bot-

tom-hole Pressure in the absence of experimental data. The 

ANN model significantly outperformed all the other intelli-

gent models. 
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