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a b s t r a c t

Equivalent circulating density (ECD) denotes the density of drilling mud during circulationwithin a well.
It is determined by integrating the equivalent static density with the pressure loss attributable to
friction between the flowing mud and the geological formation. The effective management of ECD is
imperative during drilling operations, as it plays a critical role in preventing kicks and minimising mud
losses. Mud ECD has undergone extensive investigation through laboratory experiments, field mea-
surements, and predictive modelling. Nevertheless, a comprehensive review of the various predictive
models associated with ECD remains absent. The objective of this study is to review and critique existing
correlations for estimating ECD. To accomplish this, a thorough bibliometric analysis was performed,
focusing on peer-reviewed journals, mud manuals, and oil and gas conference papers. For the sake of
clarity, existing models were categorized into tables, with their principal features highlighted. A critique
of each model was subsequently provided. In total, 45 models related to ECD were identified, reviewed,
and critiqued. The findings reveal that over 44% of the models are based on machine learning (ML), 27%
are analytical models, 16% are regression based models, and 13% are simulator-related. Although there is
no universally accepted model for ECD, there is an observable trend towards the utilization of ML al-
gorithms for ECD estimation due to their predictive capabilities. However, the interpretability of these
ML-based models remains a significant concern. This review serves as a comprehensive source of in-
formation on ECD for both readers and industry practitioners. Additionally, it directs researchers to-
wards areas requiring further exploration and aids drilling professionals in selecting appropriate ECD
models.

© 2025 Southwest Petroleum University. Publishing services by Elsevier B.V. on behalf of KeAi
Communications Co. Ltd. This is an open access article under the CC BY-NC-ND license (http://

creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The objective of every proficient wellbore drilling operation is
to create a useable borehole while minimising cost and mitigating
incidents. Nonetheless, the drilling process presents numerous
challenges that necessitate careful management of various factors,
many of which pertain to the drilling mud. One of the primary
functions of drilling mud is to provide hydrostatic pressure, which

serves to counterbalance formation pressure and prevent kicks
and blowouts. Maintaining this pressure equilibrium without
fracturing the formation—particularly in regions characterised by
narrow drilling windows, such as deepwater wells, depleted res-
ervoirs, and high temperature, high pressure (HTHP) environ-
ments—requires a delicate balance. Inadequate management of
mud density in these contexts can result in mud circulation loss
and wellbore instability [1].

The necessity for continuous monitoring and management of
mud density stems from the disparity between the hydrostatic
pressure of the mud in a static state and during circulation. When
static, the hydrostatic pressure is calculated by multiplying the
mud density by the true vertical depth of the well, along with a
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factor of 0.052 [2]. Conversely, during circulation, the mud expe-
riences pressure losses due to friction with the drill pipe and
wellbore walls, which necessitates increased pressure to sustain
circulation and compensate for these losses. This additional
pressure contributes to the overall bottomhole pressure and is
termed the equivalent circulating density (ECD) [3]. In essence,
ECD quantifies the cumulative pressures exerted by the circulating
mud at the base of the well [4].

Elevated ECD values can precipitate costly challenges, such as
kicks, formation fracturing, lost circulation, and potentially
blowouts. Consequently, accurate determination of the ECD at the
wellbore bottom is essential in order to avert these drilling com-
plications [5,6]. Furthermore, the efficacy of pressure control
techniques, such as managed pressure drilling (MPD), hinges upon
the precise estimation of pressure losses attributable to friction
[7]. However, the task of accurately measuring mud ECD presents
significant difficulties, owing to the intricate interplay of various
factors, including well geometry, fluid properties (notably mud
weight and viscosity), fluid pumping rate, annular pressure losses,
downhole temperature and pressure conditions, and the concen-
tration of cuttings generated during the drilling process [8].

In the field of drilling engineering, downhole sensors are
employed to measure the ECD of drilling mud. These sensors
include measurement while drilling (MWD) and pressure while
drilling (PWD) tools [9,10]. However, these sensors are not without
limitations; they are characterised by high costs, reduced perfor-
mance under HTHP conditions, and vulnerability to wear and tear
[11,12]. In light of the deficiencies associated with downhole ECD
sensors, researchers have developed various correlations to pre-
dict mud ECD prior to drilling operations. For instance, Gamal et al.
[13] reported that conventional computer programmes can be
employed to estimate mud ECD by incorporating rheological data
inputs along with a user-defined rheological model. Nevertheless,
the efficacy of these programmes has been called into question, as
there is a substantial discrepancy between the computed out-
comes and field data [14]. These discrepancies may stem from the
fact that the assumptions underpinning the development of these
models do not correspond to the actual drilling conditions
encountered in the field. Alternativemodelling techniques, such as
analytical and regression-based models, have also been explored.
However, there has been a recent increase in the application of
machine learning (ML) techniques for the development of pre-
dictive models aimed at estimating various oilfield parameters,
including mud ECD [15]. The proliferation of ML algorithms can be
attributed to their demonstrated success in addressing complex
problems that were previously intractable through analytical
methods. ECD models constructed using these algorithms assist in
ensuring that the static and dynamic mud hydrostatic pressure
remains within the drilling margin [16].

Despite the numerous ECD models developed by various re-
searchers, there is a notable absence of a comprehensive assess-
ment of all these models within a single study in the existing
literature. This lack of a thorough and critical review often ob-
scures the potential of each individual model and hinders mean-
ingful comparisons among them. The aforementioned reasons
justify the necessity for an in-depth analysis of models related to
mud ECD. This review will extend beyond a mere discussion of
existing models; indeed, critiques of these models will also be
undertaken, enabling an exploration of their strengths and
weaknesses as well as the extent of their applicability. Conse-
quently, a hierarchy of the current models will likely emerge.
Furthermore, for each class of models, their features, developed
correlations, and ranges of applicability will be highlighted. The
authors contend that it is more practical and strategic to

consolidate the existing models for mud ECD estimation in a single
paper rather than disseminating them across multiple articles.

This review will therefore address the fundamental concepts of
ECD, factors influencing ECD, the impacts of ECD during drilling,
and, importantly, the associated modelling studies. The modelling
techniques for predicting ECD, including empirical and analytical
models, as well as those utilizing artificial intelligence algorithms,
will be examined and critiqued. Ultimately, this work aims to
provide a valuable reference that offers the wellbore drilling
community and researchers an overview of both past and recent
advancements and a pathway forward in ECD modelling.

2. Method adopted for literature search

Significant attention has been devoted to the estimation of mud
ECD as oil discoveries are increasingly being made in difficult
terrains such as in deep waters and high temperature and pressure
environments. To this end, several modelling approaches have
been adopted for the development of predictive models for ECD
estimation. This has resulted in the existence of numerousmodels.
However, the complex interaction of factors influencing ECD has
stalled the development of a universally applicable model. While
the quest for a universally accepted model persists, it is crucial to
evaluate the progress made thus far in estimating this parameter
during drilling operations. To achieve this, the articles used for this
review were obtained via a systematic search in five databases
namely: Google scholar, Scopus, SPE OnePetro, ProQuest and
EBSCOhost. This search procedure can be broken down into three
broad themes: (a) literature exploration and screening; (b) rele-
vant data extraction and analysis (c) producing the literature re-
view. The searchwas conducted by combining a number of phrases
and free text words in the right order and without any language,
time period and publication-type restrictions. Following a two-
step process, the articles were chosen based on a pre-arranged
list of inclusion and exclusion criteria. The manual screening of
references found in the included studies was added to the elec-
tronic searches to reduce the chances of leaving out any suitable
studies that were not found during the initial search. Following the
data extraction from the chosen articles, several tables—one for
each result category—were made. The tables are set up so as to
highlight the key elements of eachmodel andmodeling technique.
The flow diagram in Fig. 1 shows the number of studies that were
discovered, screened, and either accepted or discarded at each
stage of study selection.

2.1. Fundamental concepts of ECD

Equivalent circulating density refers to the effective density of
mud during circulation. As explained by Rehm et al. [17], when
mud is circulated in a drilled well, friction increases, leading to an
overall increase in pressure compared to when the mud is in a
static state. Therefore, mud ECD comprises twomain components:
the hydrostatic head arising from the static mud column in the
wellbore and the pressure losses resulting from friction [18]. It is
important to note that, in most cases, the mud ECD at any point of
interest is greater than the equivalent static density (ESD).

In wellbore drilling fluids technology, three major mud den-
sities can be isolated. They include: ECD, equivalent mud weight
(EMW) and equivalent static density (ESD) [19]. During wellbore
drilling operations, mud ECD and EMW have a measure of
significance.

The estimation of EMW during drilling allows for a quick
evaluation of ECD while ECD furnishes the drilling crew with in-
formation they need to determine how close the drilling operation
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is within given safety margins. To illustrate the concept of mud
ECD, drilling window, pore and fracture pressure, a generalized
pore pressure – fracture pressure diagram is presented in Fig. 2.
This figure provides the driller with a clear indication of the
appropriate operating values for ECD.

From Fig. 2, the ECD window is the gap between the pore
pressure and the formation fracture gradient. Put differently, it is

the window that the ECDmust remain inside to prevent formation
fracture or an inflow of reservoir fluids into drilled well. The ECD is
computed using Eq. (1).

ECD = ESD+
ΔPf

K × TVD
(1)

Fig. 1. PRISMA flow diagram illustrating the literature search method for the review.

Fig. 2. Pore and fracture pressure versus depth diagram [20].
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where ESD is the equivalent static density of mud in units of
pounds per gallon (ppg); ΔPf is the annular pressure loss due to
friction (psi) and is a function of mud flowrate, mud properties and
flow path geometry; TVD is the true vertical depth of the well in
feet which is represented by the vertical measurement between a
specific location within the well and a designated point on the
surface, typically the elevation of the rotary kelly bushing (RKB),
and K is a constant equal to 0.052 used for converting pressure to
pounds per square inch. The ECD formula in Eq. (1) is straight-
forward, however when variations in fluid viscosity with pressure
and temperature are taken into consideration, then calculating
ECD becomes more complex especially at high temperature, high
pressure conditions [17]. Furthermore, other factors such as pipe
rotation, cutting bed and pipe eccentricity which can affect the
ECD value are not taken into consideration in this formula. ECD is
analogous to the bottomhole pressure model represented as a
mud-density gradient [21].

The formula for estimating the pressure loss during flow
emanating from the contact between the drilling mud and the
walls of the wellbore is given in Eq. (2a).

ΔPf =
2× f × ρm × v2

d
× L (2a)

where ρm is mud density (ppg) obtainable from themud balance; L
is length of flow conduit in feet; d is pipe diameter in inches, f is
the fanning friction factor obtainable from a Moody chart and v is
mud annular velocity (ft/sec) obtainable using Eq. (2b). In this
equation, Q is flow rate in gal/min.

v =
24:5× Q

Casing ID − Pipe OD
(2b)

According to Samuel [22], in directionally drilled boreholes,
vertical depth should be used and the formula for the multiple
sections of the well is shown in Eq. (3).

ECD = ρm +

∑ns
i=1ΔPf

0:052×
∑ns

i=1TVD
(3)

where ρm is mud density (ppg) as obtained from the mud balance,
ΔPf is pressure loss (psi) as shown on the standpipe pressure
gauge, TVD is true vertical depth of each section in feet which is
represented by the vertical measurement between a specific
location within the well and a designated point on the surface,
typically the elevation of the rotary kelly bushing (RKB) and
ns is the number of wellbore sections.

2.2. Differences between equivalent circulating density (ECD) and
equivalent static density (ESD)

To provide a comprehensive description of ECD, it is imperative
to establish a clear distinction between ECD from another form of
density known as equivalent static density (ESD). Familiarity with
the disparities between these two concepts empowers drilling
personnel to make well-informed decisions and implement
appropriatemeasures to ensure the safety and efficiency of drilling
operations. Table 1 succinctly summarizes eight noteworthy
points of divergence between ECD and ESD.

2.3. Factors influencing equivalent circulating density

According to Al-Hameedi et al. [31], different variables can
affect ECD either directly or indirectly. They listed these vari-
ables to include cuttings, wellbore cleaning efficiency, wellbore
geometry, flow rate and mud rheological properties. Grigoriev

et al. [32] and Hui et al. [33] listed other factors that affect ECD
to include: mud type (oil or water based), static density, drilling
technique (capacity of mud pump and rate of penetration
[ROP]), drill pipes and bottomhole assembly used, bit type, well
temperature profile and mud chemical makeup (solids content
and salinity). A summary of these factors are highlighted
below:

(1) Wellbore true vertical depth: ECD and the drop in pressure
increases with the vertical distance that the drilling mud
must travel to reach the surface. It should be noted that ECD
depends on the actual vertical depth rather than the
measured depth.

(2) Frictional drag: As the drag force between the fluid and the
walls of the well increase, the more the drop in pressure and
the higher the ECDwould be. According to Gul et al. [34], the
pressure loss in the annulus resulting in high ECDs is more
pronounced in slim holes and extended reach wells.

(3) Temperature: High temperature causes mud to expand
thermally and as a result leads to a low ECD [24]. The
amalgam of low ECD and small pore and fracture pressure in
HTHP wells increases the chances of a kick occurring [21].
An increase in the temperature of fluids impacts the ECD
negatively due to thermal expansion thus, causing a
reduction in the overall density of the fluid. According to
Jiang et al. [35], neglecting the effects of low temperature on
rheological parameters of mud would lead to erroneous
results in ECD estimates.

(4) Flow path geometry: As the mud flows through various
sections of the drillstring with differing geometries, fric-
tional pressure losses occur. When the mud is pumped from
the mud pump into the well, pressure losses are encoun-
tered as the mud traverses through the drillpipe, the bot-
tomhole assembly (BHA), the drill bit, and the annular space
between the drillstring and the wellbore [36]. These pres-
sure losses impact the ECD. Furthermore, the geometry of
drilled wells differs one from the other. According to Lyons
et al. [25], the ECD through different annular area geome-
tries differ, hence, the total ECD would be the sum total of
the individual ECDs at each section along the wellbore ge-
ometry. The additional weight that comes as a result of the
annular pressure losses may be of utmost importance when
fragile or soft formations are drilled. This is especially
necessary in slimhole drilling due to the frequency of soft
formations drilled using this method of drilling [37]. Lastly,
muds also flow through tool joints. While a single tool joint
is small and does not significantly enhance frictional loss,
the combined effect of all the tool joints in the wellbore can
result in a notable rise in ECD [38]. Furthermore, in a series
of simulations and laboratory testing, Wisniowski et al. [39]
found out that the trajectory angle (inclination and azimuth)
of a drilled well has strong correlation with the mud pres-
sure losses inwellbore annulus and overall ECD value. In this
case, deviated wells characterized by azimuth and inclina-
tion causes the well length to be greater than the true ver-
tical depth, thereby making the ECD greater in deviated
wells than in their vertical counterparts.

(5) Mud flow rate: An optimum mud flow rate is essential
during wellbore drilling to prevent the accumulation of
cuttings beds. Generally, as mud flow rate increases, the ECD
increases as well [40]. This aligns with the study by
Badrouchi et al. [3] which indicates that highmud flow rates
result in increased pressure loss, thereby raising the ECD.

(6) Pump pressure: Pump pressure, or the pressure at which
mud is forced to flow, significantly affects ECD. Typically,
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pressure losses escalate with an increase in pump flow rate.
The knowledge of pressure loss aids in determining the
necessary pump size and horsepower for the efficient
pumping of mud into the wellbore and for managing hy-
draulic operations effectively [41].

(7) Mud density: This is the principal part of ECD and ESD. For
any well to be drilled, the formation rocks have to be broken
to fragments called cuttings. The rate at which the well is
penetrated determines to a large extent the amount of
cuttings evolved. Part of these cuttings especially the
smaller sized ones add to the mud and increases its effective
density. Thus, according to Albassam [42], it is necessary to
take into account the effective density in the ECD model
since it has impacts on circulating pressure gradient esti-
mates as well as hydrostatic pressure. Mud density is typi-
cally influenced by downhole conditions including elevated
temperatures and high pressures. Haige and Yinao [43]
assert that errors from neglecting variations in mud char-
acteristics are minimal in relatively shallow wells; never-
theless, in HTHP wells, variations in mud density due to
increased temperature and pressure, together with their
impact on the wellbore pressure system, must be
considered.

(8) Cuttings generated and acquired solids: From the standpoint
of wellbore drilling, cuttings are rock fragments that have
been removed from their in-situ location and transported
along with themud to the surface. According to Samuel [22],
an increase in cuttings volume generated leads to a high
ECD. This view is upheld by Albassam [42] when he
remarked that the accumulation of drill-cuttings in the
annulus shores up the ECD by raising the rheology and
effective density of the mud. Therefore, it is safe to conclude
that an increase in ECD values indicates a possible accu-
mulation of cuttings in the wellbore [44].

(9) Type of mud: Muds formulated with oils as their continuous
phase is more sensitive to pressure and temperature varia-
tions than its water-based counterpart [45,46]. Since high
temperature leads to thermal expansion and low ECD, then
OBMs lead to low ECD at high temperature, high pressure
(HTHP) conditions. According to Skalle [46], OBMs are twice
as compressible as WBMs. According to Wang and Su [47],
ESD is substantially altered by temperature and pressure,
therefore, high temperature, high pressure environments

have a remarkable impact on ECD, especially for water-
based mud. It is equally fundamental to state that the re-
sults obtained for ECD for an oil-based mud may differ
markedly from its water-based counterparts [17]. Given the
crucial role of managing equivalent circulating density
(ECD) during wellbore drilling operations, it is imperative to
design a drilling mud that possesses an optimal ECD. Sun
et al. [26] asserted that an optimal ECD is characterized by a
balance, not being excessively high to risk formation frac-
turing or lost circulation, nor excessively low to encourage a
well kick. In an earlier study, Hui et al. [33] observed that
extensive research has demonstrated the effectiveness of
non-aqueous fluids, especially organophilic clay-free non-
aqueous fluids, in achieving a rheological profile that cor-
responds to optimum ECD values and improved rate of
penetration (ROP). Furthermore, this optimal rheological
profile decreases the likelihood of mud loss during the
separation of cuttings from the drilling fluid [48].

(10) Mud rheological properties: Mud with low viscosity will
lower the ECD effect from the mud [49]. This because muds
with low viscosity fluids lead to lower friction loss
compared to more viscous fluids [50]. Mud yield stress has
been accepted by the industry as an important rheological
parameter for estimating ECD [51]. According to the work
done by Al-Hameedi et al. [31] in establishing the relation-
ship between ECD and plastic viscosity, yield point and
solids content, they observed that the plastic viscosity had
the highest impact on ECD followed by solids content while
yield point had the least impact. To compute ECD using yield
point, Eq. (4) is used.

ECD = ρm +
0:1× YP

Hole diameter − Pipe OD
(4)

where ECD is equivalent circulating density (ppg), ρm is mud
weight as obtained from a mud balance (ppg), OD is pipe outside
diameter (inches) and YP is mud yield point in lb/100 ft2 obtain-
able through mud rheological experiments. According to drilling
formulas [36], Eq. (4) is the formula used when the mud weight is
less than 13 ppg.

(11) Drillpipe rotation: To aid efficient removal of crushed rock
fragments from a drilled well, the drill pipe must be rotated.

Table 1
Basic differences between ECD and ESD.

Parameter Equivalent static density Equivalent circulating density

Definition The weight of the drilling mud in non-flowing or static conditions.
A typical instance when the drilling fluid is at rest is when a
connection is to be made and the mud pumps have to be turned off
[23].

This is the effective mud density when the mud is circulated in the
well through the drill pipe. Its value is obtained from the sum of the
ESD and the frictional pressure loss emanating from the contact
made between the flowing mud and the formation as the mud
travels to the surface [24].

Control By adjusting mud weight via weighting material addition. Optimizing drilling parameters such as pump rate, annular
velocity, mud rheology to reduce stresses in the formation.

Measurement point Measured at a specific depth when mud is static. Varies along the wellbore and calculated at different depths
considering mud flow rates and other parameters [25].

Impact on formation Used to ensure well control and prevent kicks. ECD influences wellbore stability and can lead to well collapse if
not properly managed [26]. It can also lead to formation fracturing.

Monitoring Monitored periodically during drilling. Requires continuous monitoring especially when drilling HTHP
wells, extended reach wells, horizontal wells and depleted
reservoirs [12].

Drilling hazards Inadequate equivalent static density can lead to costly well control
issues such as kicks or blowouts.

Improper management of ECD can result in wellbore instability,
lost circulation, poor hole cleaning and stuck pipe issues [27].

Application For calculating downhole pressure in hydrostatic pressure
calculations [28].

For hydraulic calculations under mud circulation conditions [28].

Measurement Estimated for each segment of themud column and then integrated
to obtain a single representative for the entire well [18].

ECD sensors, PWD tools (Elzenary et al. [29], logging while drilling
tools [30].
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This rotation leads to the axial-rotational flow of the mud in
the well annulus [52]. Generally, under laminar flow con-
ditions, when the speed of rotation of the pipe is increased,
at constant annular velocity, the ECD rises in a linear
fashion. According to Kulkarni et al. [52], pipe rotation
alongside the pipe’s eccentricity in the well affects ECD
substantially. According to Hansen and Sterri [53] pipe
rotation engenders high friction losses for low viscosity
muds and reduces frictional pressure loss for high viscosity
muds. However, as wells get more complex in their config-
uration, the more difficult it is for well engineers to accu-
rately predict the impact of drill pipe rotation on mud ECD
[54].

Finally, from the work done by Kandil et al. [19], some factors
such as mud density, standpipe pressure, mud flow rate and total
flow area have a direct correlation with mud ECD, whereas some
parameters such as mud plastic viscosity, gel strength, borehole
inclination, annular pressure, well depth and RPM exhibit an in-
verse correlation with mud ECD. Furthermore, parameters such as
rate of penetration, annular temperature and mud yield point
show a weak correlation with ECD.

2.4. Simulation studies and simulators developed for mud ECD
determination

Simulations have been used to determine how some formu-
lated muds function in relation to their ECD. These investigations
are highlighted in Table 2a. The table displays the mud type,
simulation details and the results. According to the studies, the
simulations were mostly conducted by adjusting the mud flow
rates, and the impacts of the alterations on the mud’s ECD were
noted. The findings of the researchers with regards to their work is
presented in the fourth column of Table 2a.

Some researchers have developed simulators for estimating
mud ECD. Table 2b showcases these simulators. The simulators,
the platforms and models on which they run as well as their
functionalities are highlighted. It is observed from the table that
the existing simulators were developed for ECD determination at
high temperature, high pressure conditions.

2.5. Method for measuring ECD in the field

The monitoring and management of mud density and ECD
within operationally safe limits has historically been accomplished
using PWD tools [62]. The PWD tools are situated in the bottom
hole assembly (BHA) and theymeasure the annular pressure in the
mud column [63]. The measurements from PWD tools are recor-
ded continually and stored in memory as a time file which can be
downloaded at the surface after a trip is made. To access the PWD
data in real time is possible by means of an MWD tool. The MWD
tool has a pulser unit which varies the mud pressure in the drill-
string and presents them as wave forms on surface systems. PWD
data may occasionally be utilized to calibrate model performance.
Despite the fact that data from this tool is vital, they can only
provide the drilling teamwith a partial insight of what is occurring
in the hole. Because the measurement is in the BHA, it can only
evaluate the conditions in the borehole near the bit. Additionally,
no data can be provided when the flow rate is either off or too low
for MWD/logging while drilling (LWD) tools to function because
they need mudflow to do so. As a result, the drilling team is un-
aware of situations in which connections are made, trips occur, or
when pack-offs or losses have reduced the flow rate. Furthermore,
there are situations in which PWD tools are not in good working
order due to harsh downhole conditions such as high temperature

and pressure [11]. Thus, to establish how down-hole pressures
relate to pore pressure, fracture gradient, and generally narrow
deepwater drilling windows, drillers must depend on accurate
modelling and computations [64].

3. Models developed for mud ECD estimation

A good way to begin this section is to re-introduce the basic
model for mud ECD determination. This model is shown in Eq. (1).
The model makes the assumption that ECD is dependent on just
the static mud density and the pressure loss in the annular space.
However, as Zhang et al. [65], put it, this model is over-simplified
and is ill-suited for computing ECD in deepwater drilling. This
deficiency has led to the development of other models. In this
section, the following model types would be highlighted: Analyt-
ical models, regression-based models and ML-based models. Each
of these models has its own manner of depicting processes. For
example, Keller et al. [66] asserts that empirical models are
regression-based, and they make use of observations and not the
theory behind the phenomenon to develop a model, whereas
analytical models use mathematical equations to create a contin-
uous or semi-continuous description of a phenomenon taking into
consideration physical laws or theories. Machine learning ap-
proaches on the other hand primarily require historical data to
depict a phenomenon’s behaviour. To yield accurate forecasts, ML
algorithms need huge amounts of data and does not require
knowledge of the physics of the process to enable it in making
predictions [67]. Other models rely on the technique of energy and
mass conservation.

3.1. Analytical models

By definition, an analytical model essentially represents a
system or phenomena by utilizing a set of mathematical equations
to describe the relationships between the variables and their
values as a function of time, space, and other parameters. These
models are basically quantitative or computational in nature [68].
Suffice it to say that analytical models are largely based on the
physical laws or principles guiding a particular phenomenon.
Table 3 is a summary of these analytical models developed by
different researchers for mud ECD estimation.

From Tables 3, it is observed that the analytical models pre-
sented were developed to investigate the effects of various pa-
rameters on ECD. Three main groups can be identified: (1) models
that consider the effect of temperature on ECD due to drilling in
deep water environments, such as the models by Refs. [8,65,69].
(2) models that consider the impact of cuttings concentration on
ECD, such as the models by Yin et al. [70], Albassam [42], and Li
et al. [71] and (3) models that consider the effects of pipe rotation
on ECD, such as the models by Hemphill et al. [72], Hemphill and
Ravi [54], Erge et al. [73], and Kulkarni et al. [52]. The development
of each of these groups of analytical models is guided by theo-
retical and physical laws coupled with some assumptions. For
instance, a common assumption among most hydraulic models is
that muds used for oilwell drilling mud are essentially incom-
pressible in nature [28]. The basic theories and principles behind
each of these broad groups are explained as follows:

(1) Models that account for the effect of temperature on ECD
due to drilling in deep water terrains: Water temperatures
in deepwater situations can quickly drop to 5 ◦C or less. This
cold condition essentially cools the mud, causing a large rise
in viscosity. As a result, frictional losses and ECD increase
[74]. According to Jiang et al. [35], predicting ECD would be
significantly inaccurate if the impacts of low temperature on
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mud rheological characteristics were not included.
Conversely, in high-temperature conditions, the drilling
mud becomes less viscous, resulting in lower ECD values.
However, if the mud becomes too thin, it may not be able to
properly convey cuttings, resulting in cuttings buildup and
an increased ECD.

(2) Models that account for the effect of cuttings concentration:
During drilling operations, the fluid in the wellbore consists
of amixtureof drillingmudand the cuttings generatedby the
bit [75]. As the mud and cuttings mixture flows through the
annulus, there is contact betweenparticles andwalls leading
to pressure loss. The interaction between the mud and cut-
tings can be accounted for by computing the buoyancy force,
drag force etc. As a result, the ECD in thewell is influenced by
threemain factors: the density of themud, the density of the
mud and cuttings mixture, and the additional pressure loss

causedby thepresenceof cuttings in the annulus. An analysis
of these factors is the basis on which Yin et al. [70] and
Albassam [42] developed their ECD models. For more
detailed insights on case studies of how concentration of
cuttings affects ECD the works by Xiang and Liu [75] and
Epelle and Gerogiorgis [76] are recommended.

(3) Models accounting for the effects of pipe rotation: The
physics underlying the impact of drillpipe rotation on mud
ECD is an amalgam of solid mechanics, fluid dynamics and
the interplay between the mud, cuttings and the wellbore.
When the drillpipe rotates, it induces turbulence in the
mud, thereby augmenting the erratic movement of fluid
particles. This turbulence-like motion contributes to an
escalation in frictional pressure loss and, consequently, an
amplified shear stress on the cuttings bed surface [77]. From
an analytical standpoint, Sun et al. [78] asserted that pipe

Table 2a
Summary of simulation studies on mud ECD.

Reference Mud type Simulation details Findings

[38] Water and Polymeric fluids 243 simulations were run via computational fluid
dynamics using the finite volume method for
different well geometries (three pipe eccentricities
– 0, 0.5 and 1) and (three tool joint angles - 18◦, 35◦,
90◦) muds and flow rates.

The presence of tool joints greatly increases the
pressure gradient and is typically accentuated for
squared tool joints. The pressure gradient rise for
squared tool joints ranges from 10%–42% for water
flow and 3%–23% for polymeric flow. For polymeric
fluids, the high-pressure gradient occurs mostly at
high flow rates. The pressure gradient rise in
tapered tool joints ranges from 2%–26% for water
and 2%–28% for polymers.

[55] Ultra-inhibitive ecological mud Flow rate: 252 gal/min, initial ESD at total depth
(TD): 14ppg. Liner circulation adjusted for 60 h
with well in static mode.

The ECD reduction begins instantly and plateaus
after 45 min of mud circulation. After 2 h of mud
circulation, the ECD reaches a minimum level at TD
of 20,161 ft and the 13.625 inches casing shoe
(6680 ft). Within the 2 h of circulation, ECD reduced
by around 0.1 ppg at the casing shoe and TD.
Further extensive circulation does not result in a
further drop in ECD.

[56] Water based mud (WBM) with
graphene and graphene oxide

Performed using Excel calculations with varying
flow rates ranging from 5 gal/min to 600 gal/min.

The use of graphene yields higher ECD values
compared to other materials. Thus, graphene is
better used in wells with high formation pressure.
Graphene oxide is more suitable for wells with low
formation pressure.

Table 2b
Simulators developed for mud ECD estimation.

Reference Simulator Platform Functionality

[57] Software and a hydraulic
simulator

Runs on a UNIX workstation in
a windows environment.

The software allows a choice of different rheological models, and has an
integrated temperature model. Simulator was validated with field data
from a HTHP well section.

[58] Dynamic density simulator
(DDSimulator)

Not stated Bingham plastic model is used to characterize the mud rheology while
the Crank-Nicolson numerical discretizing scheme is used for
evaluating the well temperature profile. Simulator was validated with
data from a field in the Gulf coast.

[38] TOOLJOINT Visual basic (VB) The TOOLJOINT simulator utilizes data from computational fluid
dynamics simulations and uses data-based models to compute
frictional pressure loss, hydrostatic pressure and ECD for the case spelt
out by the user. Simulator was not field validated.

[59] HTHP density simulator Visual basic (VB) + Bingham
plastic model incorporated

The HTHP-density simulator can compute the temperature and
pressure profile in a circulating well taking the temperature profile into
account and estimate the frictional pressure loss, ECD and bottomhole
pressure (BHP). Simulator was validated with data from a well in the
Niger Delta.

[60] ECD simulator MATLAB platform Useful for pressure loss measurement with or without pipe rotation in
deviated wells. Simulator has been validated with field data.

[61] Hydraulic simulator Not stated Simulator can be used to predict stand pipe pressure and ECD in
vertical and deviated wells. The simulator demonstrates good pressure
loss prediction performance for a simple BHA design, with diminishing
system accuracy as the BHA design gets complex. Simulator was
validated with field data.
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Table 3
Summary of mud ECD analytical models.

Ref. Model/study conducted and findings

[8]
ECD =

1
TVD

( ∫MD

0

ρm(z)dz+
1
g

∫MD

0

dPf
dz

dz

)

where TVD = true vertical depth (ft); MD = measured depth (ft); f = pressure and temperature dependent factor; g = gravitational constant;
P = pressure (psi); z = position along well trajectory; ρm =mud density (ppg). Model pros & cons: Although this model was validated with HTHP field
data and it accounts for the effects of temperature and pressure on mud density and rheology, however, its level of accuracy was not disclosed.

[72] ΔPf =
(
− 1:0792× (Pipe ID=Pipe OD) + 17:982× (Pipe ID=Pipe OD)2

)
× 0:00001× L× RPM

Where Z = predicted pressure drop increase from pipe rotation (psi); L = length of a hydraulic section (ft); RPM = number of revolutions per minute;
pipe ID = inner pipe diameter (inches); pipe OD = outer pipe diameter (inches).
Model pros & cons: This model was field validated and has a correlation coefficient of 0.95. However, it discounts the effects of pipe eccentricity and
cuttings concentration on ECD.

[69]
Pressure loss ratio = 0:36×

(

13:5+
τy

ρmU
2

)0:428

× ε0:158ave × n0:054 × Ta0:0319 × Re0:042eff × k
(
1
k
− 1
)− 0:0152

Where eave =
∑n

i=1

2Ei(
Dh − Dp

)
Li
MD

and Ta =
Dp
(
Dh − Dp

)3

16

(
ρω

μapp

)2

Where ρm is mud density (ppg); τy and n are the Herschel Bulkley yield stress and fluid behaviour index; U& k are mean annular velocity and diameter
ratio Dp=Dh; Ta is Taylor number; εave is average dimensionless eccentricity; Reeff is effective Reynolds number; Dp and Dh are diameter of pipe & hole
respectively; μapp is apparent viscosity (cP).
Model pros & cons: This model is field validated & the range of some key parameters for this model are: eccentricity (0.5–1), rotation speed
(50–200 rpm), flow rate (317–600 gpm). Predictions are within ±12:5% error margin.

[54]
Vtan = (r=R)2=

(
1 − (r=R)2

)
× ω × (OD=2+ R)2=r − r

)
k =

((

dVax=dr

)2

+

(

r:dw=dr

)2
)0:5

Vhel =
(
V2ax + V2tan

)0:5

γhel =
(

γ2ax +
(
γ2tan

)m
)0:5

γhel =
(

γ2ax + (z× γtan)
2
)0:5

where Vax is axial velocity at a point in annulus; Vtan is tangential velocity from rotating drillpipe at a point in annulus; z is linear multiplier coefficient
in tangential shear rate computation; γax is axial shear rate; γtan is tangential shear rate produced by rotating drill pipe; k = γhel is helical shear rate;
ω is dimensionless rotational velocity; r is radial distance b/w successive point velocity and shear rate calculations; R is gap distance; OD is rotating
drillpipe outer diameter.
Model pros & cons: This model computes ECD as a function of changing pipe rotation speed and was validated with data from literature. The model’s
performance using the correlation coefficient metric is 0.932. However, it does not account for temperature, pressure, mud properties and pipe
eccentricity. The range of some key parameters are: rotation speed is 59–200 rpm, hole ID range: 8.25 inches–12.25 inches, pipe OD range: 5 inches and
6.625 inches.

[80] Compared the accuracy of the Beggs and Brill method and the Landmark WELLPLAN software in predicting frictional pressure loss.
Model pros & cons: For underbalanced drilling operations, Beggs and Brill’s technique is accurate for horizontal well sections but less accurate for
inclined sections. WELLPLAN underestimated ECDs in all inclination sections. The key parameter ranges include: Mean annular pressure: 1–13 psig;
temperature: 25 ◦C–35 ◦C; well angle: 12.5◦ , 45◦ & 90◦

[65]
ECD = ESD(1 − Ca) +

(

ρsCa +
ΔPf

g×10− 3 × TVD

)

a

ρm = m=(V − ΔV)

ESD =
ρ0

1+ CTΔT − CPΔPh
a ; ΔPh = ρg× TVD and Ca =

ROP

3600(VC − VS)

(

1 − d20
/

d2

)

Where ESD is equivalent static density; ΔPf is pressure loss; TVD is true vertical depth; Ca is % solids concentration in annular space, ρ is cuttings
density (g/cm3); a is 8.345 (unit conversion factor), ROP is rate of penetration (m/h); v is mud velocity in the annular space; VS is the sedimentation rate
of the cuttings; do is drillpipe outer diameter; d is well diameter.
Model pros & cons: This model was field validated with a mean absolute error of 15.245 kg/m3. The ECD range is 1198–1240 kg/m3. However, the
model assumes mud viscosity and yield point to be constant and does not consider the mud type.

[73]
(

ΔPf
)

ecc
=
(
1 − 0:072k0:8454

ε
n
− 1:5ε2k0:1852

̅̅̅
n

√
+ 0:96ε3k0:2527

̅̅̅
n

√ )(
ΔPf

)

con
where ΔPf is frictional pressure loss; ε is dimensionless eccentricity; k is diameter ratio; n is generalized flow behaviour index.
Model pros & cons: This model was validated with field data and is useful when pressure loss is estimated with or without pipe rotation. However, its
accuracy level remains undisclosed. The key model parameter ranges are: flow rate: 0–454 lpm; rotation speed: 0–120 rpm; eccentricity: 0.3–0.9.

[52] Pipe eccentricity impacts on the annular pressure loss:
(

ΔPf
)

ecc
= g1

(

ε;
ri
ro
;n; k; τ0

)

×
(

ΔPf
)

conc

where n; k; τ0 are mud rheological parameters; ε is pipe eccentricity; ri=ro is radius ratio of drillpipe to wellbore; ΔPf is the annular pressure loss; g1 is
eccentricity factor ranging between 0.5 and 1.
Pipe rotation effects on annular pressure loss:
f
f ax

= g2(n; k; τ0; γax; γrot;Reax;Rerot)

f
f ax

is the ratio of friction factors which is a function ofmud rheological parameters (n;k;τ0); and (γax; γrot;Reax;Rerot) are axial& rotational shear rates&

Reynolds numbers; g2 is eccentricity factor ranging between 0.5 and 1.
Model pros & cons: This model was field validated. The accuracy level is undisclosed. Key model parameter ranges are: flow rate: 100–1500 gal/min;
eccentricity: 0–1; rotation speed: 0–250 rpm. For narrow annular wells, the rise in ECD is a function of the pipe rotationwhile larger annular wells yield
lower ECD values.

[70]

O.E. Agwu, S. Alatefi, M.A. Md Yusof et al. Petroleum 11 (2025) 699–716

706



rotation results in the asymmetrical distribution of cuttings
along the circumference direction. In addition, pipe rotation
can substantially enhance the tangential velocity of the
mud, generating a drag force in the tangential direction that
can partially inhibit the development of cuttings bed [79]. At
higher rotation speeds, the drag effect becomes more pro-
nounced, making fully suspended flow more attainable.
Conversely, at low or medium flow rates, increasing pipe
rotation speed can considerably diminish cuttings volume
and the drop in annular pressure. As reported by Skalle [46],
drillpipe rotation in a laminar flow elicits an additional
shear velocity component. Furthermore, as the drillpipe
rotates, the effective strain rate rises while the effe-
ctive viscosity decreases, leading to a decrease in axial
pressure drop. The mathematical relationship between
these forces is depicted in the model proposed by Hemphill
and Ravi [54].

3.2. Regression based models

Finding the association between one or more predictor vari-
ables and a dependent variable is the main goal of a regression
model. Estimates for the dependent variable are then derived from
this association [82]. Univariate regression is used when there is
just one independent variable; multivariate regression is used
when there are several independent variables [83]. Eq. (5a) is the
general formula for multivariate regression analysis.

yi = β0 + β1x1i + β2x2i + …… + βpxpi (5a)

where y is dependent variable; x is independent variable;
β0 is constant; β is coefficients of the independent variables.

Given that the factors influencing mud ECD consist of the static
mud weight and the pressure losses at different points, a gener-
alized ECD model can be formulated using these components as
input parameters. This model can be expressed in regression form,
as shown in Eq. (5b).

ECD = ρmud + β1ΔPf + β2ΔPcuttings + β3ΔPsurge&swab
+ β4ΔProtation + β5ΔPacceleration (5b)

where ECD is output variable; ρmud is static mud weight in ppg;
β is coefficients of the input variables; ΔPf is frictional pressure
loss in the annulus; ΔPcuttings is pressure loss due to mud friction
with cuttings; ΔPsurge&swab is pressure loss due to running pipe in
and out of the wellbore; ΔProtation is pressure loss due to pipe
rotation and ΔPa is pressure loss due to acceleration experienced
during tripping caused by tripping during manipulation of
pump rate. All the pressure losses are in units of pounds per square
inch (psi). Generally, regression models may be linear or non-
linear in nature. Table 4 summarizes the regression-based
models created by different scholars over time. The developed
regression model is shown in the table, along with some obser-
vations about them.

3.3. ML based models for mud ECD prediction

Table 5 presents a synthesized overview of 20 peer reviewed
studies focused on the application of ML techniques for modelling
ECD. The following can be gleaned from the table. Firstly, the
compilation reveals the deployment of a broad spectrum of ML
paradigms. Neural network-based models dominate the literature,
including artificial neural networks (ANN) and their advanced
configurations such as cascade-forward neural networks (CFNN),
deep neural networks (DNN), general regression neural networks
(GRNN), functional networks (FN), wavelet neural networks
(WNN), and adaptive neuro-fuzzy inference systems (ANFIS).
Additionally, hybrid models integrating backpropagation neural
networks with statistical approaches such as autoregressive inte-
grated moving average (BPNN–ARIMA) have also been employed.
In addition, support vector machines (SVM) and their hybrid
variants such as grasshopper optimization algorithm–support
vector regression (GOA–SVR), farmland fertility algorithm– sup-
port vector regression (FFA–SVR), and particle swarm

Table 3 (continued )

Ref. Model/study conducted and findings

ECD = ρm(1 − Cc) + ρcCc +
ΔPf

g× TVD
and Cc =

ROP

3600
[
1 − D22=D

2
3

]
[Vd − VC]

where ρm is mud weight; Cc = cuttings concentration; ρc is cuttings density; ΔPf is annular pressure loss; TVD is true vertical depth; g is gravitational
constant, Vd is return speed of mud; Vc is sliding speed of cuttings; Pipe OD is outer diameter of drillstring; D3 is well diameter; ROP is rate of
penetration.
Model pros & cons: This model considers the effect of cuttings concentration on ECD. It is useful for predicting ECD used for the operational design of
managed pressure drilling. However, no mention is made of its level of accuracy and its validation.

[42]
ΔPf = 2

feρev2e
Pipe OD − Pipe ID

Where: ΔPf is frictional pressure loss (psi); fe is effective friction factor; ρe is effective density; ve is effective velocity; Pipe OD = Outer pipe diameter
(inches); Pipe ID is inner pipe diameter (inches).
Model pros & cons: This model considers the influence of cuttings on frictional pressure loss, but does not account for effects of pipe rotation. This
model was validated with experimental data. The model’s performance is as follows: (1) Without cuttings, it has a mean absolute percentage error of
5.66%, and (2) with cuttings, it has a mean absolute percentage error of 2.71% and a correlation coefficient of 0.9729.

[81]
ECD = ESD+

ΔPf
g× TVD

=
1

TVD

∫TVD

0

(

ρm +
ΔPf
gdz

)

dz+
P0

g× TVD

where TVD is true vertical depth; ΔPf is annular pressure loss; ESD is equivalent static density; P0 is wellhead pressure (atmospheric pressure);
ρm is mud density.
Model pros & cons: This model was validated with field data but its accuracy level is undisclosed. Some key parameter ranges for the model include:
mud weight: 1.6–1.7 g/mL; depth: 3675–3959 m; back pressure: 1–3 MPa. Using this model, the ECD distribution curve can be generated and can be
used to gauge whether or not the ECD can effectively pass through the pressure window under managed pressure drilling (MPD) conditions.

[71] Study conducted: Effects of cuttings concentration on annular pressure loss.
Model pros & cons: This model considers the effects of cuttings concentration on annular pressure loss. The model was validated with experimental
data. The model exhibits an error margin of 5%. Some key model parameter ranges include: flow rate: 10–50 L/s; inclination angle: 30◦–90◦ .
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optimization–support vector regression (PSO–SVR) have been
utilized as well. Furthermore, tree-based ensemble methods,
including random forest (RF), extreme gradient boosting
(XGBoost), and decision trees, were equally adopted, while algo-
rithms like k-nearest neighbours (KNN), elastic net regression,
passive-aggressive regressors (PAR) and group method of data
handling (GMDH) appeared less commonly. Secondly, in terms of
data utilization, the reviewed studies generally employed robust
datasets, with the minimum dataset size reported as 660 data
points. For these datasets, the number of predictor variables varied
considerably, ranging from as few as three to as many as fourteen,
with mud weight, rate of penetration (ROP), weight on bit (WOB),
and standpipe pressure (SPP) identified as the most frequently
used inputs. Thirdly, model performance was assessed using a
variety of statistical evaluation metrics across the studies, and the
results demonstrated considerable variability, reflecting differ-
ences in algorithmic architecture, dataset characteristics, and
feature selection strategies.

4. Critique of existing mud ECD models

4.1. Critique of ECD models developed using ML algorithms

This section presents a critical evaluation of ECD models
developed using ML algorithms. It examines various aspects of the

model and highlights the key strengths and limitations of the ML
models. The analysis aims to identify methodological gaps and
provide insights for enhancing the robustness and accuracy of ML-
based ECD prediction frameworks.

4.1.1. Strengths of ML-based models for ECD estimation
First, ML based algorithms can uncover hidden trends in data-

sets and accurately model complex non-linear interactions be-
tweenpredictors and output [99]. As demonstrated in Table 5, each
researcher used separate ML-based algorithms capable of learning
from the user-provided dataset while including a variety of input
variables. As a result, these algorithms successfully established the
underlying correlations between these factors and the mud ECD. A
second significant advantage of ML-based algorithms is their
hypothesis-free nature, which means they do not require prior
knowledge of the underlying structure or the physics of mud ECD
[100]. Instead, these algorithms learn from the data by modifying
their internal parameters while training. This versatility allows
them to understand complicated patterns and relationships [101].
Furthermore, the wide range of ML-based algorithms, their char-
acteristics, and functionality offers users a multitude of options for
developing diverse prediction models. Consequently, users can
select the model that most effectively captures the underlying
relationships between input and output variables within the
dataset. For instance, by utilizing the error metrics in column 5 of

Table 4
Summary of regression based ECD models.

Reference Model Performance
(R2)

Range of ECD
validity (g/mL)

ROP range
(m/hr)

Mud weight
range (g/mL)

Flow rate
range (L/min)

[84] ECD = 0:977+ 0:164× ρm + 0:00664× ROP −
0:00000646× Q
where ρm is mud weight (g/mL); ROP is rate of
penetration (m/hr); Q is mud flow rate (L/min)

0.947 1.16–1.2 1.5–6 1.15–1.18 1300–2000

[85] ECD is 0:9895+ 0:125× ρm + 0:0068× ROP −
0:000009901× Q
where ρm is mud weight (g/mL), ROP is rate of
penetration (m/hr); Q is flow rate (L/min)

0.89 1.13–1.18 3–10 1.11–1.15 1600–2800

[86] ECD = 0:8512+ 0:1723× ρm + 0:0071× ROP −
0:0000026251× Q
where ρm is mud weight (g/mL); ROP is rate of
penetration (m/hr); Q is mud flow rate (L/min)

0.953 1.07–1.085 5–10 1.045–1.08 1500–3500

[87] ECD = 0:8+ 0:292× ρm − 0:000515×
Nozzles TFA+ 0:0019× PV+ 0:00057× ROP+
0:00052× WOB+ 0:00015× YP
where ρm is mud weight (g/mL), ROP is rate of
penetration (m/hr); PV is plastic viscosity (cP);
WOB = weight on bit (ton); TFA is total flow
area (in2); YP is yield point (lb/100 ft2)

0.89 1.05–1.3 1–10 Not stated Not stated

[87] ECD = 0:76+ 0:28× ρm − 0:00084×
Total flow area+ 0:0013× PV+ 0:00053×
ROP+ 0:00057× WOB
where ρm is mud weight (g/mL), ROP is rate of
penetration (m/hr); PV is plastic viscosity (cP);
WOB is weight on bit (ton)

0.88 1.05–1.3 4–13 Not stated Not stated

[44] ECD = ρm(CCA + 1)+

7:482

⎛

⎜
⎝

(

1 −

(

0:1+ y+
Pbit
SPP

))

SPP

0:052× TVD

⎞

⎟
⎠

where SPP is standpipe pressure (psi); CCA is
cuttings concentration in annulus; ρm is mud
weight (ppg); Pbit is pressure loss across bit
nozzles (psi); TVD is true vertical depth (ft).

Not stated 2.3–2.4 Not stated Not stated Not stated

[3]
ECD = ρm +

Pback + ΔPf + ΔPrpm
0:052× TVD

+

Cc%
(
ρp − ρm

)

where ρm is mud density (ppg); Pback is back
pressure (psi); ΔPf is mud frictional pressure
loss (psi); ΔPrpm is frictional pressure loss due
to rotation; Cc% is cuttings concentration;
ρp is particle density.

Not stated 8–14 ppg Cc (0–5%) ΔPrpm (0–260 rpm) 0-800 gpm
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Table 5
Summary of researches on mud ECD modelling using artificial intelligence.

Reference ML method Data size, well type Input variables Performance Range of parameters

[88] ANN 5000, offshore Brazil True vertical depth (TVD),
SPP, time, WOB, hole depth,
block position, inclination,
internal and annular
pressure, temperature, RPM,
torque and flow.

Not stated Mud weight:
8-15 ppg

[89] ANN 1306 data points Drillstring configuration,
consistency index, rotation
rate, yield stress, density,
flow behaviour index, top
load, velocity, bottom load.

R2 = 0.99; RMSE = 96.63 Rotation speed:
0–120 rpm
Flow rate:
0-454 lpm

[29] ANN
ANFIS

2376 data points, 8.5″ hole
section

ROP, mud weight, drill pipe
pressure.

ANN: R2 = 0.9982;
AAPE = 0.2237
ANFIS: R2 = 0.9982;
AAPE = 0.2262

ROP: 0.26–29.62 m/h
Mud weight: 10.5–12 ppg
ECD: 11-13ppg

[15] ANN
7–12 – 1

2000 wells globally Flow rate, mud weight,
nozzles total flow area,
plastic viscosity (PV), yield
point (YP), rotary speed,
WOB.

R2 = 0.98 Not stated

[90] BPNN-ARIMA hybrid 660 data points, 8.375″
interval, South China sea

Not available. MAE = 0.0008;
RMSE = 0.0011

ECD:
2.14–2.24g/cc

[9] ANN
3-20- 1
ANFIS

2376 data points, 8.5″
vertical hole

ROP, mud weight, drill pipe
pressure.

R2= 0.9964; AAPE= 0.2237 ROP: 0.26–29.62 m/h
Mud weight: 10.5–12 ppg
ECD: 11-13ppg

[13] ANN
ANFIS

3570 data points, 578 inches
horizontal well

ROP, rotating speed, torque,
WOB, pumping rate and
SPP.

R2 = 0.99; AAPE = 0.32 ECD: 83.4–95.5 pcf
ROP: 3.5–59.6 ft/h
Rotation speed:
59–141.3 rpm

[1] SVM,
RF, FN

3567 data points, 578 inches
horizontal section

WOB, Hook load, SPP, flow
rate, ROP, rotary speed,
surface drilling torque

SVM: R2 = 0.97;
RMSE = 0.58
FN: R2 = 0.99; RMSE = 0.45
RF: R2 = 0.99; RMSE = 0.42

ECD: 83.4–95.5 pcf
ROP: 3.5–59.6 ft/h
Rotation speed:
59–141.3 rpm

[91] SVM 4131data points, 578 inches
horizontal section

WOB, Hook load, SPP, flow
rate, ROP, rotary speed,
surface drilling torque

R2 = 0.95; RMSE = 0.79 ECD: 83.4–95.5 pcf
ROP: 3.5–59.6 ft/h
Rotation speed: 50–141 rpm

[12] RF,
SVM,
XGBoost, DT, elastic
net regression

16,457 data points ROP, WOB, mud density,
torque, pump pressure

RF: R2 = 0.992;
MSE = 0.0021
SVM: R2 = 0.987;
MSE = 0.00347
DT: R2 = 0.984;
MSE = 0.0152
XGBoost: R2 = 0.982;
MSE = 0.00464
Elastic net: R2 = 0.991;
MSE = 0.00823

Not stated

[27] Deep neural network 322,987 data points,
deviated & vertical wells

SPP, mud density in, mud
flow in, bit depth, surface
rotary speed, ROP

MAE = 0.326; MSE = 0.239 Not stated

[19] ANN
14-34-1
K-NN,
PAR

4663 data points from
deviated wells

Inclination angle, TVD,
annular temperature, mud
flow rate, mud weight, PV,
YP, gel strength, total flow
area, annular pressure, SPP,
ROP, total downhole RPM.

R2 = 0.9999;
RMSE = 0.00315

ECD: 1.319–1.56g/cc
Flow rate: 2017–4529 l/min
ROP: 0.67–54.69 m/h

[92] Random forest 5140 data points Mud weight, SPP, mud
pumping rate

R2 = 0.99; MSE = 0.11 ECD: 104.4–119 pcf
Mud weight: 98–106 pcf
Flow rate: 198.8–274.8 gpm

[11] ANN [7–14]
SVM

4371 data points SPP, ROP, drill string
rotation, mud weight, PV,
YP, low shear yield point

R2 = 0.9947; AAPE = 0.23% ECD: 67–80 pcf

[93] ANN
11–3 – 1
7–6 –1
5–3 – 1
3–5 –1

1011 data points Depth, temperature, pore
pressure, flow rate, mud
weight, average equivalent
annular diameter across
BHA, average equivalent
annular diameter across DP,
flow conduit length across
BHA, flow conduit length
across drillpipe, average
annular velocity across BHA,
average annular velocity
across drill pipe.

ANN1:R2 = 0.99;
RMSE = 0.01728
ANN2: R2 = 0.99;
RMSE = 0.01628
ANN 3: R2 = 0.998;
RMSE = 0.025
ANN4: R2 = 0.9975;
RMSE = 0.0216

ECD: 8.7–20.3 ppg
Mud weight: 8.5–18.3 ppg
Flow rate: 64.9–1225 gpm

(continued on next page)
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Table 5, users can evaluate and choose the algorithm that best
captures the relationship between the factors driving ECD and ECD
itself.

4.1.2. Weaknesses of ML based models for ECD estimation

(1) Assumptions in models: Generally speaking, most of the
reviewed ML models as presented in Table 5 have disad-
vantages in that some of the main factors that affect ECD
namely: temperature and cuttings/solids concentration in
the annular space were not accounted for in the models.
This neglect may lead to inaccurate results. How? Take for
instance the exclusion of cuttings concentration. These
models assume that a clean mud would pass through the
annulus, which may not be true given that one of the main
functions of the mud is to transport and remove cuttings
from the bottom of the hole to the surface. As a result, these
drilled cuttings affect the drilling mud’s rheology, density
and velocity, causing annular pressure loss.

(2) Distinction on mud type: The existing models as seen in
Table 5 make no distinction between ECD models for
different fluid types (oil, water or gas-based muds) except
for the model by Dabiri et al. [98] that was specifically
mentioned for water based muds. Literature has shown that
the ECD for different mud types would be different from one
another and the model for one mud type may not accurately
predict ECD for another mud type. Furthermore, it is

observed that most of the models are not applicable to gas-
based muds. This could be attributed to the complexity of
the two-phase fluid flow inside the wellbore.

(3) Data combination: In a bid to make the neural network
models they developed have global appeal, some re-
searchers such as Alkinani et al. [15] and Robinson et al. [27]
combined data from different parts of the globe to develop
their models. These are impressive; however, the challenge
is that the datasets from one part of the globe may be
disproportionately higher than other parts, hence, models
developed could be only representative of the part where
most of the data were obtained. Thus, there is need to bal-
ance datasets obtained from different parts of the world
before using them to avoid sampling bias. It is important to
note that although the ECD model developed by Robinson
et al. [27] has the ability to generalize to previously unseen
data, however, the authors also acknowledge that caution
should be exercised when utilizing the model due to the
potential for its performance to vary across different global
contexts.

(4) Ranking of inputs: Very few of the studies reviewed as
shown in Table 6 presented the relative importance or
ranking of the effects of the inputs parameters they used in
developing ECD models. Carrying out relative importance is
of tremendous practical as well as theoretical importance
since the ability to quickly identify the critical and redun-
dant inputs of a network immediately leads to reduced size,
quicker training, and perhaps more accurate outcomes of

Table 5 (continued )

Reference ML method Data size, well type Input variables Performance Range of parameters

[94] XGBoost Not stated ROP, mud weight, surface
rotary speed, weight on
hook, SPP, mud weight out,
pump flow, total gas out,
WOB, surface torque.

R2 = 0.989; RMSE = 0.023 ROP: 0–56.9 ft/h
Flow rate: 235.7–666.7 gpm
WOB:0–19.17Klbm

[95] XGBoost
RF,K-NN
ANN

Depth of formation, mud
viscosity, yield point, mud
weight, WOB, flow rate,
total flow area, rotary speed

ANN: R2 = 0.983;
MSE = 0.016
KNN: R2 = 0.994;
MSE = 0.005
RF: R2 = 0.997;
MSE = 0.002
XGB: R2 = 0.997;
MSE = 0.003

Not stated

[96] RF 5206 data points from an
8.5 inches horizontal
section

Depth, TVD, bit position,
ROP, WOB, top drive torque,
pump rate, pump pressure,
mud overflow, mud density,
total hydrocarbons

R2 = 0.9859; MSE = 0.0017 ECD: 1.79–1.84 g/mL
ROP: 29.68–75.42 m/h
Mud weight: 1.65–1.7 g/mL
WOB: 10.11–108 kN

[97] ANN 1239 data points form 8.5
inches hole section

ROP, WOB, surface pump
pressure, pump flow rate,
drillstring torque, rotation
speed

R2 = 0.99236 Flow rate: 29–36 l/s
WOB: 1–8 tons
Mud weight: 1.35–1.49 g/mL

[98] CFNN, GRNN, WNN,
SVR, PSO-SVR, FFA-SVR,
GOA-SVR, GMDH

2367 data points for water-
based muds

Mud weight, ROP, standpipe
pressure

CFNN-BR: RMSE = 0.0033;
R2 = 0.9992
CFNN-LM: RMSE = 0.0026;
R2 = 0.9994
GRNN: RMSE = 0.0098;
R2 = 0.9917
WNN: RMSE = 0.0058;
R2 = 0.9972
PSO-SVR: RMSE = 0.0037;
R2 = 0.9989
FFA-SVR: RMSE = 0.0036;
R2 = 0.9989
GOA-SVR: RMSE = 0.0045;
R2 = 0.9983
GMDH: RMSE = 0.0026;
R2 = 0.9818

ECD: 1.04–1.71 g/mL
ROP: 0.27–18.6 m/h
Mud weight: 1.03–1.7 g/mL
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the network. Therefore, it is not unreasonable for a
researcher to want to focus on variables that are “most
important”. This would serve as a foundation on which
future researchers can launch from and even the drilling
community. However, it must be admitted that relative
importance is algorithm dependent.

(5) Explicit representation of themodels:While there remains a
gulf between researchers who consider neural network
models as black box models and those who do not, the need
for making predictive models from ML algorithms explicit
remains a veritable way of making the outputs from the
algorithm understandable and a way to make the tool used
trustworthy [102]. The findings indicate that about 75% of
the models reviewed (as seen in Table 6) were not explicitly
presented, thus knowledge that can be extracted from such
models is limited.

(6) Model performance and choice of performance metric: The
combination of intelligent algorithms from various areas of
computational intelligence to address complex real-world
problems, particularly through hybridization, has gained
significant popularity in recent decades. This trend stems
primarily from the increasing recognition that applying
hybrid intelligent algorithms generally yields superior per-
formance compared to individual computational intelli-
gence algorithms, such as neural networks, support vector
machines, fuzzy systems, and evolutionary algorithms [103].
According to Tables 5, it is evident that the majority of re-
searchers have utilized single intelligent algorithms in their
work, with only three researchers employing the following
hybrids: ANFIS, BPNN-ARIMA and hybrids of support vector
regressions such as PSO-SVR, GOA-SVR and FFA-SVR. While
the performance of the ECD models using these individual
algorithms is deemed satisfactory, it is strongly

recommended that newer hybrid intelligent algorithms be
employed for ECD modelling. Furthermore, the choice of
error metric is fundamental in determining what one learns
from predictive models. The reviewed papers failed to pro-
vide the basic justification for choosing the evaluation
metrics they used for assessing the performance of the
models they developed. Unveiling these reasons would
proffer other researchers in the field the alternative better
suited for the phenomenon they aremodelling. Additionally,
most of the models were assessed on the basis of just two
error metrics namely coefficient of determination (R2), root
mean square error (RMSE) or average absolute percentage
error (AAPE) as seen in Table 5.

(7) Model testing with unseen data: In the development of ML
models, datasets are typically partitioned into training,
validation, and testing subsets. In some implementations,
this partitioning is performed automatically by the algo-
rithm through internal randomizationprocesses. The testing
dataset is conventionally used to evaluate the model’s pre-
dictive performance. However, the notion of data leakage,
wherein the model may have unintentionally accessed the
test data, creates concerns over the test set’s dependability
as an indicator of predictive capability. To ensure a robust
evaluation of a model’s generalization capability, it is
essential to assess its performance on truly unseen data—
data that was not exposed to the algorithm during any phase
of training or validation. This practice is widely considered
the gold standard for assessing model reliability and pre-
dictive precision. A common approach involves withholding
a portion of the dataset entirely during model development,
or using an independent external dataset, which is subse-
quently used for final performance evaluation. This
approach acknowledges the possibility that a model may

Table 6
Strength and weaknesses of ML– based models for ECD forecasting.

Reference ML technique Explicit
model

Sensitivity Testing with
unseen data

Data
source

Number
of metrics

Comparison with
existing models

[88] ANN No No No Brazil 0 No
[89] ANN No Yes Yes Not stated 6 Yes
[29] ANN

ANFIS
No No No Egypt 2 No

[15] ANN Yes No No Globally 1 No
[90] ARIMA No No No South China 2 Yes
[9] ANN

ANFIS
Yes Yes No Middle East 2 No

[13] ANN
ANFIS

Yes Yes Yes Middle East 2 Yes

[1] SVM,
RF, FN

No Yes Yes Middle East 2 No

[91] PCA- SVM No Yes No Not stated 2 No
[12] RF, SVM,

XGBoost, DT
No No No Wells in Texas 2 No

[27] DNN No No Yes Global 2 Yes
[19] ANN, KNN

PAR
Yes No Yes Norway 4 Yes

[92] Random forest No No No Not stated 2 No
[11] ANN

SVM
No No Yes Not stated 2 No

[93] ANN No Yes No Nigeria 4 No
[94] XGBoost No Yes No Nigeria 2 No
[95] ANN,

KNN,
RF, XGB

No Yes No Not stated 3 No

[96] RF No No No Not stated 2 No
[97] ANN No No Yes Offshore Vietnam 1 No
[98] CFNN, GRNN, WNN, SVR,

PSO-SVR, FFA-SVR,
GOA-SVR, GMDH

Yes Yes No Iran 5 Yes
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demonstrate strong performance on training data yet fail to
generalize effectively to new data, thereby highlighting the
need for rigorous validation protocols. In the context of this
study’s review of ECD modelling using ML approaches, it is
observed as shown in Table 6 that some published works
focus primarily on model formulation, with limited
emphasis on cross-validation or external validation. This
limitation may be attributed to the scarcity of high-quality
ECD datasets, which remains a significant constraint in the
development and benchmarking of robust predictive
models in this domain.

(8) Modelling algorithm: NumerousML algorithms such as ANN
and its variants (e.g. CFNN, FN, GRNN, WNN), SVR and its
hybrids and tree-based paradigms (e.g. DT, RF and XGBoost)
are among the most prominent to have been applied to
predict ECD. Despite these efforts, many advanced ML
techniques remain underexplored in this domain. Notably,
emerging paradigms such as physics-informed machine
learning which integrate domain-specific physical laws into
data-driven models can be explored. A prime example is the
physics-informed neural network (PINN), which embeds
governing physical equations into the training process of
neural networks, thereby formulating the learning task as a
multi-objective optimization problem [104]. This hybrid
modelling approach offers enhanced generalizability and
robustness, effectively addressing some of the limitations
associated with purely data-driven or purely physics-based
models [105]. Another underutilized yet potentially trans-
formative class of models is the transformer-based archi-
tecture, originally designed for natural language processing
but now increasingly recognized for its superior ability to
handle sequential and time-dependent data [106]. These
models, due to their self-attention mechanisms and scal-
ability, could be particularly effective for modelling the
complex temporal dynamics inherent in ECD prediction. In
addition, symbolic regression techniques such as gene
expression programming (GEP) and multigene genetic pro-
gramming (MGGP) have not yet received adequate attention
in the context of ECD modelling. These algorithms are
particularly valuable because they evolve explicit mathe-
matical expressions that elucidate the underlying relation-
ships between input parameters and the ECD response,
enhancing model interpretability. However, it is worth
noting that the GMDH algorithm—an MLmethod capable of
deriving transparent mathematical relationships between
inputs and outputs—has been employed by Dabiri et al. [98].
The advantages of models that provide interpretable,
closed-form expressions cannot be overstated. They not
only facilitate validation against physical principles but also
offer practical utility for real-time operational decision-
making, where model transparency and explainability are
critical.

(9) Model generalizability: Table 6 is a snapshot of the areas of
strengths and weaknesses of the ML-based models devel-
oped for ECD estimation. While the various aspects high-
lighted in Table 6 such as the use of explicit models,
sensitivity analysis, cross-validation etc. have been dis-
cussed in the preceding sections, one critical issue warrants
additional emphasis. Specifically, column 6 of Table 6 re-
veals that most of the studies cited rely on data from a single
region, including locations such as Brazil, Iraq, the Middle
East, Norway, Nigeria, Iran, Vietnam and Texas. While this
regional focus may enhance local predictive accuracy, it also
raises concerns about the generalization ability of these
models to different geological settings and operational

conditions. Therefore, the external validity and trans-
ferability of these models to other geological and opera-
tional contexts should be rigorously evaluated, especially
when applied beyond the regions for which they were
originally trained.

4.2. Regression based ECD models

Regression basedmodels are largely inflexible. The definition of
flexibility as it relates to models according to Johnson [107] is the
magnitude of impact data characteristics has on the behaviour of a
model. The main attribute of regression-based models that make
them inflexible is their fixed form. This fixed form limits their
ability to capture intricate details about the data. Furthermore, the
process of developing a non-linear regression model can be a
herculean task as it requires iterative methods to generate the best
fitting parameters. On the brighter side, regression models are
interpretable and can be adept at finding the relationship existing
among variables of small data sizes. From the review, the
regression-based models for ECD estimation by Al-Hameedi et al.
[87] was developed using data from a particular field in Iraq.
Though the model was cross validated using unseen data from the
same field, it remains to be seen how the model would fare when
applied to ECD prediction in other regions of the world. For the
model by Al-Rubaii et al. [44], while being novel and equally field
tested, however, the model performance evaluation metric was
limited to just one.

4.3. Analytical based mud ECD models

Two major challenges exist with analytical models. The first
being that they are complex and the second being that they make
use of several assumptions. The analytical models developed for
ECD as shown in Table 3 are complex and mathematically difficult
to solve, thus limiting their application in predicting ECD in the
field where such parameters may be required in real time for de-
cision making. However, the bright spots in the use of analytical
models include the fact that the model solutions are interpretable
and the technique is data efficient unlike artificial intelligence-
based models that are data hungry. Furthermore, majority of the
models were validated using experimental or field data. In all,
despite the criticisms of analytical models, the ECD models in
Table 3 developed using this method serves as a basis on which
the physical laws and principles guiding the ECD concept can be
understood.

It is necessary to state at this juncture that while these critiques
represent the views of the authors at this time, they should not be
regarded as rigid or cast in stone. This article is not intended to be a
“rule book.” It is acknowledged that depending on the resources at
the disposal of the modeller (data availability, time and other re-
sources), there will always be results that may not be able to close
the gaps outlined in the critiques section of this work. However, in
our view, the ultimate goal of the critiques is to aggregate data on
existing models in a way that (1) enables end users gain more
insight into the use of these models and (2) affords future re-
searchers the chance to improve the existing models.

5. Findings from the review

(1) To measure ECD in the field, downhole sensors are utilized.
These sensors are expensive, susceptible to wear and tear
and have operational limitations with respect to high pres-
sure and high temperature which affects their output.

(2) This study shows that multiple modelling approaches have
been used tomodel ECD. These diverse approaches are steps
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in the direction of guaranteeing a better characterization of
mud ECD as well as for dealing with the uncertainties
associated it.

(3) A number of correlations for ECD forecasting exist in liter-
ature. However, a good number of those correlations are
only applicable in a specific area except for the model which
combined data from wells globally.

(4) No universally applicable model exists for ECD due to vari-
ations in input parameters, data sources, and modelling
techniques employed. Consequently, it becomes challenging
to make direct comparisons between different ECD models.

(5) While many researchers made use of easily obtainable sur-
face parameters as inputs to the models they developed,
most of these inputs have no quantitative relation to ECD.

6. Conclusion and recommendations

This study has presented a comprehensive review of the
various models developed for predicting ECD, a critical parameter
in ensuring wellbore integrity and operational safety during dril-
ling. The models were systematically categorized into analytical,
regression-based, and ML approaches, with a detailed evaluation
of their assumptions, strengths, limitations, and performance
metrics. From the study, the following conclusions are drawn:

(1) For ECD modelling, there is a marked shift towards ML-
based models, which now constitute over 44% of the
models reviewed. These models offer superior predictive
capabilities due to their ability to capture complex, non-
linear relationships without requiring explicit physical laws.

(2) Despite their predictive strength, ML-based models face
notable challenges, including a lack of interpretability,
limited incorporation of critical variables such as tempera-
ture and cuttings concentration, and insufficient attention
to fluid type variations. Additionally, it was observed that
most models are built on datasets sourced from limited
geographical regions, raising concerns about their general-
izability across diverse geological and operational contexts.

(3) Whereas regression and analytical models provide clear
mathematical formulations that enhance interpretability,
they often fall short in capturing the multifactorial and dy-
namic nature of ECD.

(4) To advance the state of ECD modelling, future research
should focus on the development of hybrid models that
integrate physics-based formulations with data-driven al-
gorithms, such as physics-informed neural networks.
Moreover, global datasets covering diverse formations and
operational environments should be curated to improve the
robustness and generalization capacity of MLmodels. Lastly,
model transparency and explainability should be prioritized
to bridge the gap between model development and field
adoption.

(5) This review serves not only as a valuable reference for re-
searchers and practitioners seeking an in-depth under-
standing of ECD prediction methodologies, but also as a
roadmap highlighting the key areas for future development
in this critical aspect of drilling technology.
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Symbols & Nomenclature

AAPE Average absolute percentage error
AI Artificial intelligence
ANFIS Adaptive neuro-fuzzy inference system
ANN Artificial neural network
ARIMA Auto regressive integrated moving average
BHA Bottom hole assembly
BHP Bottom hole pressure
CFNN Cascade forward neural network
DT Decision tree
ECD Equivalent circulating density
ENR Elastic net regression
FFA-SVR Farmland fertility algorithm-support vector regression
FN Functional networks
GMDH Group method of data handling
GOA-SVR Grasshopper optimization algorithm-support vector

regression
GPM Gallon per minute
GRNN General regression neural network
KNN K- nearest neighbour
MSE Mean square error
PAR Passive aggressive regressor
PSO-SVR Particle swarm optimization-support vector regression
PV Plastic viscosity
R Correlation coefficient
RF Random forest
RMSE Root mean square error
ROP Rate of penetration
RPM Rotating speed in revolutions per minute
SPP Standpipe pressure
SVM Support vector machines
T Torque
WNN Wavelet neural network
WOB Weight on bit
XGBoost Extreme gradient boosting
YP Yield point
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