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 ABSTRACT 

Equivalent circulating density (ECD) is considered an essential and highly significant 

parameter during drilling operations because when ECD becomes excessively high, it directly reduces 

the rate of penetration, increases the likelihood of drill string sticking, and causes severe loss of 

circulation, particularly in drilling intervals with narrow mud weight windows. At the same time, it 

increases overall pressure loss in the wellbore and reduces the effective impact force capacity of the 

drill bit, thereby leading to greater non-productive time (NPT). Therefore, ECD measurement must 

ensure a very high level of accuracy to prevent operational problems, including critical well control 

incidents. In practical applications, however, direct measurement of ECD is extremely costly, while 

alternative mathematical prediction methods often provide relatively low accuracy, resulting in 

considerable risks during drilling operations. The accuracy of ECD predictions therefore remains 

questionable because incidents such as drill string sticking or severe loss of circulation are still 

observed during actual drilling. The main objective of this study is to apply advanced machine 

learning techniques to develop a robust ECD prediction model for wells drilled in the Oligocene 

Formation of the White Tiger field by relying only on surface drilling parameters without using 

expensive downhole measurements. This study proposes and evaluates an ECD prediction model 

based on artificial neural networks (ANN). Six key surface drilling parameters collected from 

Oligocene wells include rate of penetration (ROP), pump flow rate (Q), rotary speed (RPM), surface 

pump pressure (SPP), weight on bit (WOB), drill string torque (T), together with a wide range of ECD 

values. The ANN model was trained, tested, and validated to provide highly accurate predictions. The 

results demonstrated a strong and reliable overall predictive performance with a correlation 

coefficient (R) greater than 0.99. Consequently, the ANN-based ECD prediction model achieves 

consistently high accuracy and helps minimize risks in adjacent drilling operations by enabling timely 

adjustment of drilling parameters to maintain ECD below fracture pressure. 
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1 INTRODUCTION 

Equivalent circulation density (ECD) is universally recognized as a crucial factor in the 

control of drilling operations, particularly in wells where the margin between formation 

pressure and fracture pressure is narrow and operational flexibility is limited. ECD is 

commonly defined as the total pressure exerted by the drilling fluid, which is a combination 

of the static hydrostatic column of the mud and the dynamic annular pressure loss generated 

during fluid circulation. In this sense, ECD represents the effective bottomhole pressure 

created by the drilling fluid system and is the pressure that counterbalances formation 

pressure during circulation (Haciislamoglu, 1994). Consequently, the accurate estimation of 

ECD becomes essential for the prevention of well control incidents, including wellbore 

instability, differential sticking, and the occurrence of stuck pipe. During the well drilling 

process, monitoring and investigating the behavior of ECD is regarded as an indispensable 

practice, since this parameter is directly related to reducing non-productive time (NPT) and 

increasing the penetration rate. Uncontrolled fluctuations in ECD can result in serious 

operational difficulties, such as sticking of the drill string, fracturing of weak formations, and 

severe loss of circulation. To mitigate these risks effectively, it is necessary to fully 

understand the underlying factors that influence ECD and to adjust controllable drilling 

parameters in real time, ensuring that ECD remains at the lowest possible value within the 

safe mud weight window between pore pressure and fracture pressure. There are multiple 

factors that exert direct or indirect influence on ECD. Among the most important are mud 

weight, drilling fluid rheological properties (including density, viscosity, and gel strength), 

mud pump flow rate, wellbore geometry, and the measured depth of the well. Developing a 

detailed understanding of these parameters provides a foundation for improved ECD 

management. Maintaining lower and more stable ECD values contributes to minimizing 

wellbore instability, reducing the likelihood of differential sticking, and ensuring that drilling 

operations can reach the target depth efficiently. Moreover, ECD control directly mitigates 

risks of lost circulation events caused by over-hydrostatic pressures being exerted on the 

formation (Alkinani et al., 2019). Previous research has highlighted the role of mud pump 

flow rate as a significant factor affecting ECD, although findings have not always been 

consistent across different studies. Al-Hameedi et al. (2017a; 2017b; 2017c; 2018) developed 

a series of statistical models to investigate ECD in the Dammam, Hartha, and Shuaiba 

formations in Iraq. Their models incorporated parameters such as mud weight (MW), rate of 

penetration (ROP), and flow rate (Q). The results suggested that mud pump flow rate exhibits 

an overall negative influence on ECD, which was consistent with the earlier model proposed 

by Baker Hughes (1999). Interestingly, these studies also indicated that higher flow rates 

improved hole cleaning performance, which can indirectly enhance drilling efficiency. On the 

other hand, several authors have reported different relationships between flow rate and ECD. 

For instance, Vajargah et al. (2016) and McCann et al. (1995) demonstrated that as the flow 

rate increases, annular pressure losses rise proportionally, thereby producing higher ECD 

values. Hutchinson et al. (1998) also confirmed that at low pump rates, pressure losses 

decrease, resulting in lower ECD, whereas at higher rates, pressure losses increase and so 

does ECD. Other investigations have even suggested that the relationship between flow rate 

and ECD is not linear but may switch direction depending on the regime of flow. 

Specifically, Bansal et al. (2007) and Bern et al. (2003) proposed that there exists a threshold 

flow rate where the relationship transitions from negative at low rates to positive at high 

rates. Over the past decades, several mathematical and empirical correlations have been 

developed to predict ECD using drilling fluid properties and operational parameters. Early 

works included applications of material balance calculations to analyze mud components for 
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ECD estimation (Hoberock et al., 1982; Peters et al., 1990). However, these models relied on 

a number of simplifying assumptions and did not incorporate the dynamic effects of 

downhole pressure, temperature, or fluid type variations. Bybee (2009) proposed an improved 

mathematical correlation that examined the influence of solid concentration in the annulus, 

static mud weight, and rheological characteristics of the fluid. Nevertheless, even these 

models were constrained by certain assumptions and did not fully account for operational 

complexities. In particular, many correlations failed to incorporate critical parameters such as 

wellbore geometry, drill string rotation speed, and the influence of downhole pressure and 

temperature. These conditions directly affect mud weight, cuttings dispersion, hole cleaning 

efficiency, and the surge and swab pressures associated with drill pipe movements (Hemphill 

et al., 2008; Ahmed et al., 2010). The neglect of such parameters often led to inaccurate 

predictions of ECD, limiting the applicability of the models and contributing to well control 

problems in practice (Costa et al., 2008). To overcome these shortcomings, the present study 

is designed to investigate ECD prediction using actual drilling parameters collected from the 

field. Both artificial neural network (ANN) approaches and regression-based methods are 

applied. The performance of the models is evaluated through statistical correlations, 

specifically using the coefficient of determination (R²), to determine the relative accuracy of 

each approach. By integrating real drilling data with advanced predictive modeling, this 

research aims to identify the major parameters that significantly influence ECD. Ultimately, 

the results provide a practical framework for managing ECD more effectively, ensuring safer 

drilling operations, reducing non-productive time, and achieving operational efficiency in 

complex geological formations. 

2 PREDICTING ECD USING MULTIPLE REGRESSION 

Regression analysis is a method for examining the relationships between one dependent 

variable and two or more independent variables. This data analysis technique is useful when 

comparing a quantitative variable with other variables. Multivariate analysis describes an 

observation factor by including several variables and accounting for all changes in properties 

that may occur simultaneously. The model assumes that the relationship between the 

dependent variable Yi and the vector of the regressor xki is linear. The following represents a 

multiple linear regression equation (Pedhazur, 1982). 

 

Y = β1 + β2x2i + β3x3i + β4x4i +⋯+ βkxki       (1) 

 

Here, β1 is the intercept, βi are slopes or coefficients, and (i) is the number of 

observations. The simple linear regression model is used to identify the straight line that best 

fits the data, while multiple linear regression is used to determine the best plane that fits the 

data. The ECD is related to the influence of different variables. Based on Eq. (2), the ECD is 

regarded as the observation factor Y in this study. The Y value depends on several properties 

simultaneously, in addition to drilling operational factors. Relevant drilling parameters 

include variables such as x1, x2, x3, x4, x5, and x6. By applying regression data analysis, the 

work derives the coefficients such as β0, β1, β2, β3, β4, β5, and β6. By obtaining the 

coefficients, the model can estimate the Y value. This analysis is applied to nearby wells 

drilled in the Oligocene formation in the White Tiger field offshore Vietnam, within the 8.5” 

hole section, and another well is examined to validate the ECD model. The dataset used in the 

multiple regression analysis includes mud pump flow rate (Q), ROP, RPM, surface pump 

pressure (SPP), WOB, and torque (T), together with the observation factor ECD. Regression 
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data analysis is conducted first. As described above, the Y range represents the ECD, while 

the (x) range consists of the remaining data. Depth, however, is only included as a reference 

and is not used in the analysis. The coefficients, which are of primary interest, are then 

provided for the analysis. The intercept value is represented by the initial coefficient (β0). The 

other coefficients such as β1, β2, β3, β4, β5, and β6 are multiplied with their corresponding 

regression variables such as x1, x2, x3, x4, x5, and x6. Eq. (2) is used to predict the ECD model 

and is given by: 

 

ECD, ppg = β0 + β1Q + β2ROP + β3RPM+ β4SPP + β5WOB + β6T   (2) 

 

The multiple regression procedure illustrated in Fig. 1 is applied in both the first and 

second phases. In the first phase, the regression procedure is performed on the Oligocene 

formation reference wells such as W1, W2, W3, and W4 to determine seven coefficients, 

namely β0, β1, β2, β3, β4, β5, and β6. By using Eq. (3), these coefficients are applied to wells 

such as W1, W2, and W3 to predict the ECD model, while W4, located nearby, is used to test 

the model. The coefficients are then evaluated with other nearby wells. 

 

 

Fig. 1. Multiple regression process for predicting ECD 

 

By using drilling data from four wells in the field with a hole section of 8-1/2'' in the 

Oligocene formation, for each drilled meter the equivalent circulating density (ECD), mud 

pump flow rate (Q), rate of penetration (ROP), weight on bit (WOB), revolutions per minute 

of the drill string (RPM), standpipe pressure (SPP), and torque of the drill string (T) were 

recorded. The correlation between the predicted ECD and the independent variables, along 

with the interaction variables, has been represented in the model as follows: 
 

ECD, ppg = 15 − 0.00332Q − 0.00444ROP + 0.000450RPM+ 0.000461𝑆𝑃𝑃 −
0.0225WOB− 0.116T      (3) 

 

Tab. 1. ANOVA table. 

 

The analysis of variance (ANOVA) provides insight into the explanatory power and 

statistical significance of the regression model developed for predicting ECD. 
Degrees of Freedom (DF). The regression degrees of freedom correspond to the number of 

independent variables (predictors) in the model, which in this case is six. The residual degrees of 

ECD, ppg DF SS MS F P 

Total 1769 1068.72    
Regression 6 985.67 164.28 3487 0.000 

Residual Error 1763 83.05 0.05   
S = 0.217043; R2= 92.2%   R-Sq(adj) = 92.2% 
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freedom are calculated as the total number of observations minus the number of estimated parameters, 

including the intercept: 

𝐷𝐹𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = 𝑛 − (𝑘 + 1). 
 

With 𝑛 = 1769 and 𝑘 = 6, the residual degrees of freedom equal 1763. The total 

degrees of freedom are therefore 𝑛 − 1 = 1768. 

Sum of Squares (SS). The regression sum of squares quantifies the variation in the 

dependent variable (ECD, ppg) explained by the model, equal to 985.67. The residual sum of 

squares, representing the unexplained variation, equals 83.05. Consequently, the total sum of 

squares is: 

 

𝑆𝑆𝑇𝑜𝑡𝑎𝑙 = 𝑆𝑆𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 + 𝑆𝑆𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 = 985.67 + 83.05 ≈ 1068.72. 

 

Mean Square (MS). The mean square values are obtained by dividing the sums of 

squares by their respective degrees of freedom: 

Regression MS is 985.67/6 ≈ 164.28. 

Residual MS is 83.05/1763 ≈ 0.05. 

F–Statistic. The F value is computed as the ratio of the regression mean square to the 

residual mean square: 

 

𝐹 =
𝑀𝑆𝑅𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛

𝑀𝑆𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙
=
164.28

0.05
≈ 3487. 

 

This extremely large F value indicates that the independent variables collectively 

explain the dependent variable effectively. 

P–Value. The p-value represents the probability of observing such a large F statistic 

under the null hypothesis (𝐻0) that all regression coefficients are zero. Formally, the 

hypotheses are: 

 

𝐻0: 𝛽1 = 𝛽2 = ⋯ = 𝛽𝑘 = 0. 

 

𝐻1: At least one coefficient differs from zero. 

 

Given the F value and the distribution with 𝐷𝐹1 = 6 and 𝐷𝐹2 = 1763, the resulting p-

value is extremely small (≈ 0). This allows strong rejection of 𝐻0 and confirms that the 

model is statistically significant. 

 

Tab. 2. Regression coefficients of the predicted ECD model. 
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3 PREDICTING ECD USING ARTIFICIAL NEURAL NETWORKS (ANNS) 

ANNs are based on neurons that exist inside the human brain. ANN workflow 

structure, like a neural system, has a network of connections with many processing neurons. 

Each neuron consists of n inputs to produce m outputs given by a function called functional 

activation. 

 

m = f(∑Wixi

n

i=1

+ b) 

 

Tansig(x) =
1

1 + e−2x
− 1 

 

Logsig(x) =
1

1 + e−x
 

 

Purelin(x) = x 

 

Where xi is the i-th input, wi is the weight associated with each input variable, b is the 

bias, and f is the activation function. 

 

Every input is associated with its weight, and the output is calculated as the weighted 

sum of its input parameters. The commonly used activation functions are tag-sigmoid, log-

sigmoid, and pure linear, etc., many neurons combine to form layers, and these layers 

combine to form a network. The layers are divided into three types: input layer, hidden layer, 

and output layer. The number of neurons and layers depends on the complexity of the 

problem under investigation. For the training of the network, the back-propagation algorithm 

is the most suitable (Tewari and Dwivedi, 2017). The data is processed through the input 

layer, then the hidden layer, and finally the output layer. 
 

 

 

Fig. 3. Schematic of a neuron (Tewari and Dwivedi, 2017). 

 

MSE (Mean Squared Error) is an important statistical measure used to evaluate the 

accuracy of a predictive model 

𝑀𝑆𝐸 =
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦̂𝑖)
2 

Where: 

𝑦𝑖: actual value 

𝑦̂𝑖: predicted value 
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𝑛: number of observations 

MSE represents the average of the squared errors between actual and predicted values. 

A smaller MSE indicates a more accurate model. 

4 DATA DESCRIPTION 

Tab. 1. The constraints of surface drilling parameters for hole section 8-1/2’’ in the Oligocene formation. 

 

 

The artificial neural network method is built and developed based on the actual drilling 

dataset for a hole section of 8-1/2'' in the Oligocene formation of the White Tiger field 

located offshore Viet Nam, including four drilling wells designated as W1, W2, W3, and W4. 

All of these sample wells have been drilled entirely within the targeted Oligocene formation. 

The network training dataset consists of 1239 data points obtained from six wells, 266 data 

points allocated for validation, and 266 data points reserved for testing. The datasets are 

randomly assigned to network training, validation, and testing to avoid bias. The dataset is 

proportionally scaled to 70% for network training, 15% for validation, and the remaining 

15% for the testing phase. There are six drilling parameters considered as the input variables, 

including mud pump flow rate (Q), rate of penetration (ROP), weight on bit (WOB), 

revolutions per minute (RPM), standpipe pressure (SPP), and torque of the drilling string (T), 

influencing the response of the ECD. 

5 RESULTS AND DISCUSSIONS 

 

Fig. 4. The hidden layer artificial neural network model of ten neurons. 
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Fig. 5. Regression of neuron network. 

 

Fig. 6. Mean square error test for test, validation, and train models. 

 

Figure 6 illustrates the training, validation, and testing process of the ANN model for 

predicting ECD, expressed through the Mean Squared Error (MSE) across training epochs. 

The curves represent the errors for three datasets: the training set (blue), the validation set 

(green), and the testing set (red). The dashed green line indicates the Best Validation 

Performance at epoch 8, with the lowest MSE value of 0.0053965. All three curves (Train, 

Validation, Test) decrease rapidly in the initial stage (from epoch 0 to about epoch 4), 

demonstrating that the model effectively learns the relationship between the input data and 

ECD. Subsequently, the curves converge toward a consistently low and stable error level, 

fluctuating slightly around an MSE of approximately 0.01. At epoch 8, the validation set 

achieves the minimum MSE = 0.0053965, which represents the optimal point before the 

model begins to show signs of overfitting. This indicates that the ANN model reached a good 

level of generalization at this stage. The errors of the Train and Test sets are relatively close, 

reflecting model stability and the absence of bias when applied to new data. The Validation 

curve shows a slight increase after epoch 8, suggesting that further training may lead to 

overfitting. The very small MSE value (≈0.005) demonstrates that the ANN model can 

accurately approximate the nonlinear relationship between drilling parameters (Q, ROP, 

WOB, RPM, SPP, T) and ECD. The proximity of the Train, Validation, and Test curves 

highlights the stability and generalization capability of the model. These results confirm that 
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ANN provides superior reliability compared to regression models and is suitable for real-time 

ECD prediction under actual drilling conditions. 

 

 

Fig. 7. Comparison of predicted  

and actual ECD for Well W1. 

Fig. 8. Comparison of predicted  

and actual ECD for Well W2. 

 

Fig. 9. Comparison of predicted  

and actual ECD for Well W3. 

Fig. 10. Comparison of predicted  

and actual ECD for the nearby well. 

Figures 7 through 10 illustrate the comparison between the actual equivalent circulating 

density (ECD) values and the predicted values obtained from both the regression model and 

the artificial neural network (ANN) model for wells drilled in the Oligocene formation of the 

White Tiger field. The vertical axis represents the well depth (m), while the horizontal axis 

shows ECD (ppg). 

 

The regression model demonstrates a certain level of agreement with the actual ECD 

values, but noticeable deviations occur in the well depth. In contrast, the ANN model more 

closely follows the actual ECD profile, reducing the magnitude of residual errors (see Figure 

7). A similar trend is observed, where the ANN-predicted ECD values show stronger 

alignment with the actual measurements compared with the regression model. The regression 

model consistently underestimates or overestimates ECD at specific depth intervals, while the 

ANN captures the variability more effectively (see Figure 8). The comparison confirms that 

the ANN model continues to outperform regression in terms of predictive accuracy. Although 
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the regression model provides a rough approximation of the ECD trend, the ANN model 

tracks the actual ECD more precisely across the depth interval (see Figure 9). 

 

Figure 10 (Nearby well). The validation using a nearby well demonstrates the 

robustness of the ANN model. The ANN-based predictions almost overlap with the actual 

ECD values, whereas the regression model shows larger discrepancies. This result highlights 

the generalization capability of the ANN approach when applied to wells not included in the 

training dataset (see Figure 10). The comparative analysis presented in Figures 7 to 10, when 

combined with the statistical indicators derived earlier, provides strong evidence regarding 

the predictive capability of the developed models. The regression model, although 

statistically significant as demonstrated by the ANOVA test (F ≈ 3487, p ≈ 0), explains 

92.2% of the variation in ECD with a relatively small standard error of prediction (S = 

0.217043 ppg). This indicates that regression provides a reasonable baseline model. 

However, the figures reveal that regression predictions exhibit systematic deviations from the 

actual ECD measurements at different depth intervals, reflecting its limited ability to capture 

nonlinear and interaction effects among drilling parameters. In contrast, the ANN model 

demonstrates superior predictive accuracy, as confirmed both visually and statistically. 

Figures 7 through 9 clearly show that the ANN predictions closely follow the actual ECD 

trends in wells W1, W2, and W3, while Figure 10 confirms its robustness and generalization 

capability when validated against a nearby well not included in the training dataset. These 

results align with the error-based evaluation metrics: the ANN model achieved the lowest 

mean squared error (MSE ≈ 0.005) and root mean square error (RMSE), along with an 

exceptionally high coefficient of determination (R² ≈ 0.99041). Such values demonstrate that 

nearly all variability in the ECD can be explained by the ANN model, leaving only negligible 

residual error. The combination of statistical tests and graphical evidence highlights that 

while the regression model has statistical significance, its practical predictive power is 

limited compared to ANN. The ANN model not only reduces residual errors but also prevents 

bias in prediction across different well depths. This confirms that nonlinear modeling 

techniques are more effective for capturing the complex relationships between operational 

drilling parameters—such as mud pump flow rate (Q), rate of penetration (ROP), weight on 

bit (WOB), revolutions per minute (RPM), standpipe pressure (SPP), and torque (T), and the 

equivalent circulating density (ECD). 

6 CONCULUSIONS 

A new ECD model was developed by applying the ANN method to wells drilled in the 

Oligocene formation of the White Tiger field. Based on the highest correlation coefficient 

obtained from artificial neural networks, several key observations were made in this study: 

The ECD predicted by the ANN method achieved the highest correlation coefficient R² 

when compared with the correlation coefficient obtained by the regression method, 

confirming the superior accuracy of the ANN approach. 

The predicted ECD model is based on measurable surface drilling parameters, 

including mud pump flow rate (Q), rate of penetration (ROP), weight on bit (WOB), 

revolutions per minute (RPM), standpipe pressure (SPP), and torque of the drilling string (T), 

thereby enabling the correlation of ECD values with field data in real time. 

The ANN model was trained on a dataset of 1733 data points collected from four wells 

drilled in the Oligocene formation with an 8-1/2'' hole section, resulting in an R² of 0.99041 

for the training phase. 
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The ANN model was validated on a dataset of 372 data points, producing an R² of 

0.99236, further confirming its predictive reliability and robustness. 

In comparison with the actual ECD values recorded from a nearby well in the 

Oligocene formation with an 8-1/2'' hole section, the ANN-predicted model closely fitted the 

real ECD data. Thus, the ANN method has been proven to be more accurate, more robust, 

and more reliable than the regression method. 

 

NOMENCLATURE 

 

ECD =Equivalent circulating density 

ANN =Artificial neural network 

R =Correlation coefficient 

WOB =Weight on the bit 

RPM =Rotary per minutes 

ROP =Rate of penetration 

GPM = Gallon per minute 

SPP = Standpipe pressure 

T  = Moment Torque of drill string 
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  Y =  β 1 +  β 2  x  2 i +  β 3  x  3 i +  β 4  x  4 i + … +  β k  x ki


  ECD ,   ppg =  β 0 +  β 1 Q +  β 2 ROP +  β 3 RPM +  β 4 SPP +  β 5 WOB +  β 6 T


  ECD ,   ppg = 15 − 0 . 00332 Q − 0 . 00444 ROP + 0 . 000450 RPM + 0 . 000461 S P P − 0 . 0225 WOB − 0 . 116 T


  D   F  R e s i d u a l = n − ( k + 1 ) .


  n = 1769


  k = 6


  n − 1 = 1768


  S   S  T o t a l = S   S  R e g r e s s i o n + S   S  R e s i d u a l = 985 . 67 + 83 . 05 ≈ 1068 . 72 .


  985 . 67 / 6 ≈ 164 . 28


  83 . 05 / 1763 ≈ 0 . 05


  F =   M   S  R e g r e s s i o n  M   S  R e s i d u a l =   164 . 28  0 . 05 ≈ 3487 .


    H 0


    H 0 :   𝛽 1 =   𝛽 2 = … =   𝛽  k = 0


    H 1 :


  D   F 1 = 6


  D   F 2 = 1763


  ≈ 0


    H 0


  m = f (   ∑  i = 1 n   W i  x i + b )


  Tansig  ( x ) =  1  1 +  e  − 2 x − 1


  Logsig  ( x ) =  1  1 +  e  − x


  Purelin  ( x ) = x


  M S E =  1  n   ∑  i = 1  n (   y  i −     y ^  i  ) 2
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