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2. Literature Review  

2.1. Flow Models 

Fluids are categorized as Newtonian and Non-Newtonian based on their flow behavior. Newtonian fluid is the 
simplest type of fluid such as water, brine, diesel oil etc. For such fluids shear stress is directly proportional to 
shear rate which means viscosity is constant, and is the slope of shear stress versus rate as shown in the figure 
below. Yield stress to initiate flow is 0 in these fluids.   

Figure 2.0: A graph of shear stress plotted against shear rate. 

 

When the ratio of shear stress to shear rate is different, then the fluid is classified as Non-Newtonian. In such 
fluids effective viscosity is used to determine the ratio of shear stress to shear rates. It is expressed as the slope 
of a line drawn from a given shear stress to the origin. 

Figure 2.1: A graph showing changes in the effective viscosity. 

 

 

2.1.1. Mathematical Models 

Newtonian Model: As mentioned before, this model describes the simplest fluid model in which viscosity is 
constant, and shear stress is directly proportional to shear rate. This model is only successfully implemented on 
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common liquids, such as water, oil, etc. As drilling fluids are not Newtonian, this model is not a suitable choice 
to express their flow behavior. 

 

Bingham Plastic Model: One of the most common models used to describe drilling mud flow characteristics. To 
initiate flow in such fluids, finite force is required and, in this model,, the viscosity after flow initiation gets 
constant by increasing shear rate. In other words; 

                                                                               τ = τ0 + µpγ 

where τ is shear stress, τ0 is yield point, µp is plastic viscosity and γ is shear rate. 

Figure 2.2: A graph showing the plastic viscosity from the Bingham Plastic Model. 

 

 

Power Law Model: It is a mathematical expression that shows a nonlinear curve. The equation for this model is 
depicted below. 

                                                                                τ = Kγn 

Where K is consistency index, n is flow behavior index. As the consistency index is influenced by viscosity, an 
increase in K value can improve hole cleaning and cuttings sustaining efficiency. The Power Law index n expresses 
the non-Newtonianan behavior of a given fluid over a given shear rate range. If n<1 fluid is shear thinning, n>1 
fluid is dilatant when it is equal to 1 then the fluid is Newtonian. 

Herschel-Bulkley Model: This model is an updated version of the Power law model in which yield stress to initiate 
flow is also considered. The relation between shear stress and rate is like the power law model. 
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Figure 2.3: Herschel-Bulkley Model graph.  

 

                                                                           τ = τ0 +Kγ n 

Figure 2.4 below expresses the main insights between three different non-Newtonian flow models. 

 

 

 

2.2 Kick Detection  

Drilling for oil and gas is an extensive and thriving industry that traces its roots back to the fourth century. 
Although it is imperative to shrink our hydrocarbon dependency, there are no clear prospects that hydrocarbon 
extraction will be phased out any time soon. In addition, there is a persistent increase in worldwide production 
due to the growing demand for petroleum products, high oil prices, and the need to drill deeper and in tougher 
environments, which increases the technical complexities and risks associated with drilling. Nevertheless, while 
there have been substantial technological advancements and technical breakthroughs in drilling-related 
operations, especially in the last three decades, and some rigs are already being designed with cutting-edge 
technology today, most wells are still operated with established drilling rigs that rely on older, less sophisticated 
equipment, making even small hazards more likely. Any drilling expedition carries a number of hazards that can 
occur suddenly with significant repercussions. Uncontrolled blowouts, also known as "Kicks", are a typical hazard 
for all wells and can be caused by an influx of formation fluids (such as water, gas, oil, or a mixture of the three) 
into the wellbore. If these kicks are not recognized and controlled in a timely manner, the destabilizing impact 
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may result in significant financial loss, environmental damage, and even human fatalities. This leads to the 
following conclusion: "Their detection and is unquestionably the most critical duty in every drilling venture". 

The more threatening type of kick is due to the influx of gas. This is because gas has a tendency to expand at low 
pressure near or on the surface. This inflow can cause an explosion when ignited on the platform once it reaches 
the surface without being controlled. This explosion is referred to as a blowout. 

Figure 2.5 below shows the stages of kick occurrence during drilling operations. 

 

 

 

 

 

 

 

 

 

The Deepwater Horizon (DWH) offshore drilling disaster in the Gulf of Mexico in 2010 is perhaps one of the 
events most associated with kicking. Although a series of defense mechanisms failed in this event, the adverse 
event was triggered by an undetected gas inflow into the well. The undiscovered gas leakage into the well was 
one of six direct causes of the DWH disaster. According to the incident report's conclusion, eleven (11) individuals 
lost their lives in the disaster, 4.9 million barrels of oil spilled into the ocean, and BP is estimated to have spent a 
total of about $65 billion (USD) on damages as a result. In order to successfully mitigate the risks, the oil industry 
must not only seek to reduce the occurrence of kicks, but also improve their detection, as early countermeasures 
can significantly curtail the risk of an uncontrolled blowout by regaining control of the well. And, in the worst-
case scenario, give the rig crew plenty of time to plan and prepare for the blowout. 

1 2 

3 
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Platforms, commonly known as rigs nowadays, are substantial infrastructures that house living spaces, drilling 
equipment, and other necessities for staff to stay for a protracted number of days. The platform can either be 
implanted body on the seabed or as a floating structure, depending on the water depth. Both options may 
additionally include substantial subsea components connected to the facility. By exerting force on spinning drill 
strings with a drill bit at the end, the so-called "Rotary Drilling" is accomplished. While drilling, the drill string is 
fed through the platform's upper deck and, if needed, is expanded with an additional drill pipe along the drilling 
path. Since drill pipes are pre-assembled in groups of three and are around 9 meters long, adding or removing 
an extension is required every 27 meters both while drilling or tripping. Mud cycled down through the inner drill 
string and back up in the annulus of the well is used to transport the cuttings generated by the drill bit up to the 
platform. 

The drilling fluid (mud) has multiple functions, including cleaning and conditioning the well. However, arguably 
its most important safety role is maintaining the well pressure within the range of the formation's pore- and 
fracture-pressure to prevent a kick. An influx of water, gas, oil, or a mix of all three can arise when the well 
pressure drops below the pore pressure of the formation. This may occur if the well pressure falls below the pore 
pressure limit or if it is drilled into a formation with unexpectedly high pressure. Another problematic aspect is 
when the well pressure is higher than the formation's fracture pressure. In this situation, mud loss may take place 
because it can infiltrate the formation. If there is a total loss of mud, the formation may be cracked in such a way 
that a substantial abundance of mud is lost to the formation, potentially lowering the hydrostatic wellhead such 
that the mud level is below the well's top. This may then result in a kick by lowering the pressure in the well 
below the pore pressure. It may not be possible for the hydrostatic pressure gradient to fit between the upper 
and lower formation pressure limits for a wide range of depths, as the formation pressure boundaries do not 
follow established patterns, but rather reflect on the nature of the formation itself. Casings are utilized as a 
barrier between the well flow and the formation in order to prolong drilling depth, considerably expanding the 
well's pressure range. In addition to serving as a formation barrier, the casing acts as a location for attaching 
specific security equipment known as the blowout preventer (BOP). The BOP is a multi-layered safety barrier that 
is attached to the seabed at the end of the well casing. As a result, it may shut off the well even if the pipeline 
connecting the platform to the seabed sustains damage. The BOP stack features a multi-tier redundancy system 
for this reason, which enables flow and pressure control as well as flow cutoff, in order to aid in regaining control 
of a well after a kick. The BOP is equipped with pipe rams and shear rams that can be used as a last resort to stop 
annular flow and possibly even cut the pipeline that runs through the BOP. 

Controlling well pressure is critical for safe drilling. The mud density, choke opening, and flow rate are all utilized 
to manage the well pressure gradient. The choke is required for more rapid adjustments because, although the 
mud density determines the well's hydrostatic pressure at equilibrium and is also influenced by any cuttings or 
influx masses. However, there must be active flow through the well in order for the choke to control the pressure. 
The flow rate through the well affects the pressure because of friction in the well. As a result, if drill pipes are 
added or removed, which calls for turning off the mud pump, there is always a higher probability of influx. Science 
has not yet been able to create models of the well behavior because the friction coefficients of the well, 
particularly in the open hole, are unknown. The fact that there is frequently no live measurement of the real 
bottom hole pressure makes this more difficult. Making it challenging to maintain precise control of the well's 
pressure. 
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Figure 2.6: Pore pressure gradient, fracture gradient, overburden stress gradient, downhole mud weight, and 
casing shoes versus depth. 

 

 

 

 

 

 

 

 

 

 

The signals generated by pressure modulation in the mud are the most used method for monitoring bottom hole 
pressure today, which normally provides a readout at 0.5 Hz when the mud pump is engaged. However, during 
tripping and other operations where the hydrostatic head does not reach the upper deck of the rig, the readings 
are not available. The projected lower and upper boundaries do provide a fair understanding of the well pressure, 
even though there are uncertainties in the well pressure across the wellbore. Surveys are conducted to 
determine the pressure to maintain in the well formation. The bounds of the formation pressure can be 
determined in a variety of ways, but often a combination of seismic data, documented drilling data, and/or live 
drilling records is used. They are all susceptible to having uncertainties in their measurements. Because of these 
uncertainties, it is impossible to know if all defects, such as fractures or distinct pressure pockets, would be 
discovered along a planned well trajectory. 

Kicks occur in the well because of these uncertainties as well as others. When an influx does emerge, it may 
consist of a variety of components, such as water, oil, or gas, or it may contain all three. As a result, the risks and 
attributes of the occurrences vary. While an oil or liquid inflow may move some volume as it occurs, the mud in 
the well will be subjected to a constant ascension. However, because the inflow fluid's density will often be lower 
than that of the mud, the casing pressure will increase. Because of the larger volume expansion of the gas as it 
rises toward the surface and the resulting decrease in pressure, this danger is considerably greater when a gas 
kick occurs. When a gas kick reaches the riser, it becomes more dangerous since it has the potential to rapidly 
expand and burst out through the platform's upper deck. Therefore, both the type and volume of the intake 
determine how severe these impacts will be. 

While less severe kicks, particularly those handled by current MPD drilling rigs, may be managed with 
uninterrupted operation, bigger kicks must be bled out of the well in a gradual, controlled way to prevent danger. 
There are several ways to manage a kick, but these can be narrowed down to two key aspects: first, replacing 
the mud with a heavier one to stop the influx, and second, securely circling out the kick fluid and/or gas from the 
well. This process, known as well control on conventional drilling rigs, involves many members of the drilling 
crew processing sensor readings, calculations, and monitoring manually. It entails controlling the well control 
choke, the rig pump, and the blow-out preventer (BOP), which are all situated in various parts of the rig. A certain 
well pressure is maintained by manually adjusting the well control choke. Due to the lengthy time delays in the 



Page | 10  

 

drilling process and the intricate behavior of the multiphase flow, this may be a challenging task. Early detection 
with few false alarms is crucial to maintaining crew awareness and ensuring that the appropriate actions are 
done. Kick detection techniques will be discussed later in this report. 

Drilling for hydrocarbons provides significant economic benefit and important resources for the nation. However, 
drilling is a difficult interdisciplinary endeavor that necessitates careful attention to the well. It is more crucial 
than ever to guarantee safe drilling and improve our capacity to track and manage downhole events because 
demand is driving production to increasingly difficult-to-reach reservoirs and because we are becoming more 
aware of the long-lasting environmental harm caused by serious mishaps. 

2.3 Well Control  

Well control is the technique used in oil and gas operations such as drilling, well workover and well completion 
for maintaining the hydrostatic pressure and formation pressure to prevent the influx of formation fluids into 
the wellbore. This technique involves the estimation of formation fluid pressures, the strength of the subsurface 
formations and the use of casing and mud density to offset those pressures in a predictable fashion. 
Understanding pressure and pressure relationships is important in well control. 

The aim of oil operations is to complete all tasks in a safe and efficient manner without detrimental 
environmental effects. This aim can only be achieved if well control is always maintained. The understanding of 
pressure and pressure relationships are important in preventing blowouts by experienced personnel who can 
detect when the well is kicking and take proper and prompt actions. 

2.3.1 Impacts of Well Control Incident 

The successful detection and handling of threatened blowouts and kicks is a matter of utmost importance to any 
company in the business of oil and gas exploration and production. Today's oil and gas operator must be prepared 
to adequately manage a well control incident. Due to increased liability of health, safety and environmental (HSE) 
issues, postponing the actions to be taken in case of any unwanted incident is quickly becoming a non-option. 
Though catastrophic blowouts happen less frequently, potential consequences for an unprepared operator are 
higher than ever. 

Recent events have shown that even blowout incidents that happen to other operators can by causing 
implementation of restrictive and costly government regulations. If fatalities or oil spills occur, the whole industry 
may be indirectly affected by negative public exposure, closing of sensitive environmental areas to leasing and 
increased insurance premiums. Therefore, it is in the interest of the industry, that all operators maintain 
acceptable levels of preparedness and critical resources to effectively manage an incident. 

The reasons for promoting proper well control and blowout prevention are overwhelming. An uncontrolled 
flowing well can cause any or all the following: 

• Personal injury and/or loss of life 

• Damage and/or loss of contractor equipment 

• Loss of operator investment 

• Loss of future production due to formation damage 

• Loss of reservoir pressures 

• Damage to the environment through pollution 
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• Adverse publicity 

• Negative governmental reaction, especially near populated areas 

• Increased regulation from Government increasing the cost of operations 

It is not uncommon for drilling companies to lose all their assets to the cost of handling a blowout. 

2.3.2 Definition of some Basic Terms 

Kick: It is defined as unwanted flow of formation fluid into the well bore. Kick can be restricted by closing the 
BOP available at the well mouth. 

Blow-out: It is an uncontrolled flow of formation fluid from the well bore to surface or into low pressured sub 
surface zones (underground blowout). A blow-out is the result of failure of BOP to restrict the flow of formation 
fluid after getting a kick. Human error is a major, if not the most important, cause of blowouts. The industry 
rightly allocates significant resources to prevent blowouts, including well control training, but the human 
element will always be a factor. 

Primary Well Control: During normal drilling operations the hydrostatic pressure of drilling fluid is greater than 
the pressure of the fluids in the formation. The maintenance of sufficient hydrostatic head exerted by drilling 
fluid to hold back the formation fluid pressure is termed as "Primary Well Control". 

Secondary Well Control: If due to any reason hydrostatic pressure in the well bore falls below the formation 
pressure, formation fluid may enter into the well bore & if so happens, the primary control may be lost and a 
proper use of blow out preventers will provide Secondary well control or in other words secondary well control 
involves safe handling of kicks so as to re-establish primary well control. 

Tertiary Well Control: It involves the techniques used to control a blow-out once the primary & Secondary 
controls are lost. The following are examples of tertiary well control: 

• Drill a relief well to hit an adjacent well that is flowing and kill the well with heavy mud 

• Rapid pumping of heavy mud to control the well with equivalent circulating density 

• Pump barite or heavy weighting agents to plug the wellbore in order to stop flowing 

• Pump cement to plug the wellbore 

2.3.3 Well Kill Methods 

Depending on whether the required kill mud can be prepared quickly in one or in two stages, two methods have 
been used extensively - the wait-and-weight method and the driller's method. 

Wait and Weigh Method: The name 'wait-and-weight' arises from the fact that a given time (waiting time) must 
be allowed for the kill mud (or weighted mud) to be prepared. The method uses one circulation to remove the 
influx fluids and kill the well at the same time. The heavy mud is pumped at a selected reduced speed and the 
total standpipe pressure, consisting of DPSIP and PC1 is noted. The pumping speed is held constant until the kill 
mud fills the entire drillpipe. During this period, the drillpipe pressure is walked down from PC1 + DPSIP at the 
start of circulation to PC2 when the kill mud arrives at the bit by slowly opening the choke at the annulus. The 
manual reduction in drill pipe pressure is achieved in a convenient number of increments. The pressure PC2 is 
then held constant (by adjusting the choke size) until the kill mud fills the annulus and arrives at the surface. The 
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variation in casing pressure with this method will be dependent on the type of formation fluid circulated out. In 
the case of oil or water, fluctuations in casing pressure are much smaller than with gas. Circulation of gas causes 
increases in casing pressure until all the gas is removed from the well. During this period the casing pressure 
must not be allowed to exceed the 70% casing burst resistance value or the maximum allowable CSIP which can 
cause formation fracture. 

Figure 2.7: Pressure profile - Wait and weigh method. 

 

 

Driller’s Method: The driller's method uses two circulations to kill the well employing a slow pumping speed (kill 
speed). In the first circulation the original mud is circulated, the drillpipe pressure being kept constant by 
continuously adjusting the choke setting. The initial standpipe pressure is the DPSIP plus the circulation pressure 
at reduced pump speed. Thus, during the first circulation, the casing pressure varies continuously, and the aim is 
to remove all the fluid influxes. At the end of the first circulation, the CSIP should be equal to the DPSIP, since 
both limbs of the U-tube will have equal columns of the same mud. In the second circulation the required heavy 
mud is circulated, the casing pressure being kept constant by adjusting the choke setting at the choke manifold 
until the drill pipe is filled with the kill mud. Thereafter, the standpipe pressure is maintained constant by varying 
the choke size until the kill mud arrives at the surface. As the heavy mud starts rising up the annulus, the casing 
pressure is allowed to decrease gradually, the drill pipe pressure being kept constant until the heavy mud arrives 
at the surface. The pump is now stopped and the pressures on both drillpipe and casing should be zero. If this is 
not the case, the well has not been killed and shut-in pressures are noted as before and the killing procedure is 
repeated with a new mud weight. 
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Figure 2.8: Pressure profile – first and second cycle of the driller’s method. 

 

2.4 MPD for Automated Well Control  

Drilling well in HPHT, deep sea and depleted reservoirs is a challenging task due to operating window between 
pore and frac pressure get narrowing and if we exceed the allowed frac gradient then different problematic 
situations may arise such kick, loss of circulation and stuck pipe. 

According to the International Association of Drilling Contractors (IADC) MPD is defined as: ‘’An adaptive drilling 
process used to precisely control the annular pressure profile throughout the wellbore. The objectives are to 
ascertain the downhole-pressure environment limits and to manage the annular hydraulic pressure profile 
accordingly. It is the intention of MPD to avoid continuous influx of formation fluids to the surface.’’ 

Any influx incidental to the operation will be safely contained using an appropriate process.  

• MPD deploys a bunch of tools and techniques to mitigate the risks and cost related issues in narrow 
window wells, by managing annular pressure profile 

• MPD involves control of backpressure, fluid density, fluid rheology, annular fluid level, circulating friction, 
and hole geometry.   

• MPD utilizes faster corrective action to cope with experienced pressure variations. It has the ability to 
dynamically control annular pressures. 

Figure below shows the basic scheme of MPD as seen from figure it consists of surface and subsurface tools and 
they are constructed to handle with annular pressure profile. Primary goal is to avoid non productive time related 
incidents sourced from narrow window profile. MPD is enabled by drilling with a closed and pressurized 
circulating fluids system. At the minimum, a rotating control device (RCD), drill string non-return valves (NRV), 
and a choke manifold are required. Amounts of surface backpressure may be applied as needed to prevent 
continuous flow of reservoir fluids to surface while drilling. When drilling with an essentially incompressible fluid, 
surface backpressure has an immediate impact on the wellbore pressure profile. 
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Figure 2.9: Basic MPD scheme 

 

3. OpenLab Drilling Simulator and Case Study  

3.1 OpenLab Simulator Introduction  

Openlab offers a drilling simulation infrastructure based on efficient computational methods. The simulator 
generates transient artificial and realistic feedback in the form of temperature, pressure, volume, flowrate, etc. 
it is available both in a drilling control room and a web application. 

The basic models in Openlab include: 

• Drillstring dynamics model (Torque & drag forces and vibrations). 

• Flow model (Well pressure and transport of gas, fluids and particles). 

• Formation flow model (for kicks and losses). 

• Rate of penetration model (predicts ROP based on formation properties and bit-rock interaction). 

• Temperature model (predicts temperature in the well, pits, and in the formation near the wellbore). 

• Machine models (rig floor equipment) and various sub-models and event models. 

 

3.2 Case study-automated well control  

Open Lab was used to generate Simulation three different scenarios to train our code on them. In first Simulation, 
neither kick nor loss is induced during the drilling. In second scenario, a kick is generated during drilling mainly 

https://openlab.app/product/
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by considering less mud weight for drilling and then varying MPD choke during operation simulation. Lastly, loss 
simulation is generated by considering higher mud weight. All three scenarios have same well configuration 
which is shortly described below.  

3.2.1. Well Configuration 

1. Hole Sections 

Hole sections used in configuration are given in Figure 3.0. 

 

Figure 3.0: Well Configuration – Sections 

2. Well Path 

Deviated well path is used in simulating all results. Figure 2 shows the well path as viewed in Open Labs.  
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Figure 3.1: Well Path depiction. 

 

3. Geo Pressures 

Formation pressures and fracture pressures used for these simulations are visible in figure 3 below. Simulations 
are run based on these geological pressures.  

  

Figure 3.2: Geological Pressures 

 

4. Other Input Data 

Water based mud is used with varying density based on type of results generated. Generic 8.5” section BHA is 
used on 5” Drill pipes for these simulations.  

3.2.2. Simulation Results 

1. No Kick/Loss Simulation  

Simulation Data from Normal Drilling Operation is generated to train and try the code for kick/loss deduction. 
For this simulation, drilling fluid density of 1.45 sg is used based on geopressured data. Detailed Simulation 
Report can be accessed through link below. 

Link to No kick simulation results 

2. Kick Simulation 

Kick simulation results are generated by modifying the drilling fluid density. A lower Drilling fluid density of 1.3 
sg is used for this simulation and resultantly kick was generated. Detailed Simulation Report and data can be 
accessed through link open lab simulation given below 

Link to kick simulation results 

3. Loss Simulation 

https://live.openlab.app/#/configurations/60a4d89e-8c75-464d-bebe-795e9bcb698e/simulations/61f2acaa-6799-4873-8ddb-d1b5c61ae0b3
https://live.openlab.app/#/configurations/fd7992f2-7b9d-4167-b13c-005ec5168cbf/simulations/5478d3e5-cc15-497a-ae79-1c6a27051dd3
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Similarly, loss simulation are generated using same well configuration but with higher mud weight. Here mud 
weights of 1.6 sg are used to induce losses during drilling simulation. Simulation Results are shared in link below.  

Link to loss simulation results 

4.Transient Flow Models 
Modelling of two-phase flow can be performed using a two-fluid type model or a Drift Flux type model. The two-
fluid model considers each phase separately. Here we end up with one momentum equation for each phase, 
which presents mathematical complications and uncertainties in defining the interfacial tensions between the 
phases. The Drift Flux Model is a much simpler two-phase flow model that considers the mixture as a whole 
rather than separate phases. The Drift Flux Model is simple and applicable to many two-phase flow systems in 
petroleum engineering, including well control. This section presents the one-dimensional Drift Flux Model for 
unsteady compressible two-phase flow. Firstly, the model is introduced, and then the hydrodynamic and 
thermodynamic closure laws are provided.  

4.1 Drift-Flux Model 

The Drift Flux Model consists of two mass conservation laws, one for gas and another for liquid, and a mixture 
momentum equation. The model formulation here assumes no mass exchange between the liquid and gas, 
constant temperature, and uniform flow area. Therefore, the energy balance is neglected, and the two phases 
are assumed to be water and gas. 

Conservations Laws  

Equations 4.1.0, 4.1.1, and 4.1.2 represent the set of equations of the Drift Flux Model 

Conservation of Liquid Mass: 

 

 ∂/∂t(α¬_l ρ_l) +∂/∂z  (α_l ρ_l ν_l) = 0 (4.1.0) 

 

Conservation of Gas Mass: 

 

 ∂/∂t(α¬_g ρ_g) +∂/∂z  (α_g ρ_g ν_g) = 0  (4.1.1) 

 

Conservation of mixture momentum: 

 

∂/∂t(α¬_g ρ_g ν_g+α_l ρ_l ν_l  ) +∂/∂z  (α_g ρ_g ν_g^2+α_l ρ_l ν_l^2  + P ) = –(F_w  +ρ_mix  * g cosθ) 

 (4.1.2) 

 

https://live.openlab.app/#/configurations/a288b64c-0eee-4851-8cb3-963ce837f6cc/simulations/b08025b6-77bc-46c7-abac-66a55e27d62f


Page | 18  

 

Where, t is the time, and z- the position along the flow direction, α¬_g and α_l are the gas and liquid volume 
fractions, ρ_g and ρ_l are the gas and liquid densities, ν_g and ν_l are the gas and liquid velocities, P is pressure 
in the fluid mixture. We have seven unknowns (α¬_g, α_l, ρ_g, ρ_l , ν_g, ν_l, and P) and only three equations. As 
a result, we need to define four other closure laws to be able to solve the model. 

Closure Laws for the Drift Flux Model: 

Assume a closed volume filled with liquid and gas: 

 α_l+α_g=1    (4.1.3) 

Simplified liquid density model: 

 

 ρ_l=ρ_0+((P-P_0 ))/(a_l^2 )   (4.1.4) 

 

Simplified gas density model: 

 ρ_g=P/(a_g^2 )     (4.1.5) 

 

Where: 

a_l = 1500 m/s the speed of sound in water 

a_g = 316 m/s the speed of sound in gas 

ρ_0 = 1000 kg/m3 reference liquid density 

P_0 = 100,000 Pa reference pressure 

As can be noticed, simplified liquid and gas density models are used in the Drift Flux model, where the density 
depends only on pressure. However, at any depth in the well, the density of the fluids varies with both 
temperature and pressure. For more accurate results, one can expand the models to include the temperature 
effect. 

 

Friction model: 

The following model, which applies to all flow patterns is used. The model is given as follows, 

 

 F_w=(2f*ρ_mix*υ_mix*abs(υ_mix ))/(d_o-d_i )    (4.1.6) 

 

 ρ_mix  = α¬_g ρ_g  + α_l ρ_l         (4.1.7) 
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 υ_mix  = α_g ρ_g  + α_l ρ_l         (4.1.8) 

 

Where, f is the flow friction factor. Its value is determined from Reynold Number (Re) for different flow regimes 
(Turbulent, Laminar, or Transitional).  

Reynold Number (Re) for two-phase flow depends on the mixture fluid properties (ρ_mix,  μ_mix) flow geometry 
(do - di) and mixture flow properties (υ_mix). It can be calculated as follows: 

 

 R_e  =  (ρ_mix  * abs(υ_mix )  * (d_o-d_i)  )/μ_mix     (4.1.9) 

  

μ_mix=α_g μ_g  +〖 α〗_l μ_l      (4.1.10) 

 

Reynolds number determines the flow regimes: Turbulent, Laminar, or Transitional. It is used to calculate the 
friction factor (f) as follows:  

For Re ≥ 3000, the flow is Turbulent, and the friction factor is calculated from the following correlation:  

 

 f=(0.052*R_e^(-0.19) )       (4.1.11) 

 

For Re ≤ 2000, the flow is Laminar, and the friction factor is calculated from the following:  

 f =  24/R_e         (4.1.12) 

 

For 2000 < Re < 3000, the flow is a transitional, and linear interpolation is used to calculate the friction factor: 

 f=(1-x)  24/R_e +x 0.052/(R_e^0.19 )     (4.1.13) 

 x =  (R_e-2000)/(3000 - 2000 )      (4.1.14) 

 

Gas Slip Model: 

The Drift Flux Model uses the gas slip model derived by Zuber and Findlay as follows:  

 

 ν_g=K*υ_mix+S        (4.1.15) 
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 υ_mix  = α_g ρ_g  + α_l ρ_l      (4.1.16) 

Where, K is the flow distribution coefficient, S is the slip velocity of the gas relative to liquid.  

The coefficient K is dependent on the bubble's distribution and their relative velocities across the flow area. 
Zuber and Findlay suggested that the K values range between 1.0 and 1.5. Hassan et al. showed that the flow 
model parameters K and S depend on both the flow type (Upward Co-current, Counter-current, Downward) and 
flow regime (Bubbly, Slug, Churn, Annular).  

Upward Concurrent is when the two phases flow upward, opposite the Downward type, where the two phases 
flow downward. The Counter-current represents a flow of fluids in opposite directions. 

Based on the flow regimes to be encountered, the above equations can be modified to get an accurate value of 
K and S and thus can be implemented in the given gas slip model. 

 

4.2 Kassa’s Model  

Objective behind implementation of this model is to stabilize bottomhole pressure. Fundamental (mass and 
momentum) conservation laws are being utilized to run this model. The schematic is shown below: 

 

Assumptions: 

 Temperature effect is not considerable or 

                                                                       d(T)/t=0    

 Mud density is constant along circulation path or 

                                                      ρin = ρout = ρ0.    

 Change of flowrate is same in drillstring, annulus and drillbit 
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                                                                  q˙d = q˙a = q˙bit .   

 Change of pressure in annulus is same, or 

                                                                       P˙ = P˙c .    

 Change of pressure in drillstring is same, or 

                                                                       P˙ = P˙p .    

Mass balance 

Expression below shows general mass balance equation for any type of system 

                                                         ∑ρqin −∑ρqout = Vρ˙ +ρV˙ ,  (4.2.1) 

                                                         ρ˙= 1/V  (∑ρqin −∑ρqout −ρV˙), (4.2.2) 

from common linearized equation of density as a function of temperature and density  

                                                      ρ = ρ0 + ρ/β (P−P0)−ρ0α(T −T0)  

as we neglect temperature effect equation for density change can be derived as 

                                                                       ρ˙=ρ0/β P˙     

thereby, we can conclude with  

                                                        P˙=  β/Vρ0  (∑ρqin −∑ρqout −ρV˙), 

To apply this formula for drillstring section with previous assumptions, 

                                                           P˙=  βd/Vd  (qpump −qbit−V˙d), 

While considering annulus section we take into account influx from reservoir and flow from backpressure pump 
as well, 

                                             P˙c = βa/Va(qbit +qback +qres −qchoke −V˙a). (4.2.3) 

 

Momentum Balance 

Flow dynamics is shown as: 

                                                        q˙ = 1/M(Pin −Pout −∆P+ρgh).   (4.2.4) 

To express this function for bit section we need to consider both drillstring and annulus  

                                              q˙bit = 1/M(Pp −Pc −∆Pa −∆Pd + (ρd −ρa)gh), 

Where  
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                                                                      M=Ma+Md , 

                                                                Ma = ρa 0∫la 1/(Aa(x)) dx, 

                                                                Md = ρd 0∫ld 1/(Ad(x)) dx. 

 

Flow Model 

Finally after combining all equations and fundamental laws flow model can be expressed as  

                                                             P˙p = βd/Vd(qpump −qbit −V˙ d)  (4.2.5) 

 

                                                P˙c = (βa )/Va(qbit +qback +qres −qchoke −V’a) (4.2.6) 

                                              q˙bit = 1/M(Pp −Pc −∆Pa −∆Pd +ρdghd −ρagha) (4.2.7) 

 

to estimate bottomhole pressure by this model; 

                                                         Pbit = Pc +Maq˙bit +ρagha +∆Pa  (4.2.8) 

Or 

                                                        Pbit = Pp − Mdq˙bit +ρdghd −∆Pd.  (4.2.9) 

 

5. Kick Detection Methods 
Measurement while drilling (MWD) systems keep an eye on the characteristics of the drillstring, the formation, 
and the mud during drilling and circulation operations. 

Figure 5.0: Measurement While Drilling Tool Basic Components. 

 

 

 

 

 

 

 



Page | 23  

 

The system has several drilling uses, but it also has well control applications, such as the following: 

• It is possible to distinguish between differences in the rate of penetration caused by drag and those 
induced by formation strength using drilling-efficiency metrics such as downhole weight on bit and torque. The 
MWD tool is good for monitoring bottomhole pressure, temperature, and flow, which can be helpful not only for 
early kick detection but also for well-control kill operations. Influxes into the wellbore can be detected, rock 
lithology can be determined, and pore pressure trends can be predicted using formation evaluation tools 
including gamma ray and resistivity stud ies. 

• The MWD tool makes it possible to monitor the annulus' acoustic characteristics for early gas-influx 
detection. At the standpipe and the top of the annulus, pressure pulses produced by the MWD pulser are 
recorded and compared. The detection of free gas in the annulus is demonstrated by amplitude attenuation and 
phase delay between the two signals in full-scale testing. This method has proven to regularly be able to identify 
gas influxes in water-based mud systems minutes before they cause considerable growth. The technology is now 
undergoing additional development to increase its capacity to find gas influxes in oil-based mud. 

• Some MWD tools use ultrasonic sensors for kick detection. An ultrasonic transducer in these systems 
generates a signal, which is reflected off the formation and returned to the sensor. The mud's acoustic impedance 
is drastically changed by even small amounts of free gas. Gas in the annulus can be found thanks to automatic 
monitoring of these signals. The presence of gas can only be detected by these devices at or below the MWD 
tool. 

If the response time is quicker than the amount of time needed to notice the surface signs, the MWD tool 
improves kick detection. The tool can track the kick-killing process as well as early identification of kicks and 
prospective influxes. The complexity of the MWD tool and its method of operation affect tool reaction time. The 
update times for each sort of measurement are based on the order of data transfer. Many MWD tools allow the 
update process to be reprogrammed while the tool is in the hole. With the use of this function, the operator may 
be able to adjust the update frequency of crucial data to accommodate the section being drilled's anticipated 
demands. The MWD only acts as a confirmation source if the tool reaction time is larger than what is needed to 
see surface signs. 

5.1 Traditional Methods  

Kicks 

A kick is a well control issue where the hydrostatic pressure of the mud pressing on the borehole or rock face is 
greater than the pressure found inside the drilled rock. When this happens, there is a propensity for formation 
fluids to be forced into the wellbore by the higher formation pressure. A kick is the term for this compelled fluid 
flow. The kick is regarded as having been killed if the flow can be successfully controlled. A "blowout" is what is 
called when an uncontrolled kick becomes more severe. 

Kick Labels 

There are several methods to categorize a kick, one of which is based on the type of formation fluid that entered 
the borehole. Gas, oil, salt water, magnesium chloride water, hydrogen sulfide (sour) gas, and carbon dioxide are 
examples of kick fluids. 

A "gas kick" is what is referred as when gas enters the borehole. Furthermore, the kick may be referred to as a 
4.7-m3 gas kick if 4.7 m3 of gas entered the borehole. 

Identifying the necessary mud weight increase to regulate the well and thwart a potential blowout is another 
method of marking kicks. For instance, a kick may be referred to as an 72-kg/m3 kick if it needed an increase in 
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mud weight of 72 kg/m3 to control the well. It's interesting to notice that an average kick only increases mud 
weight by about 60 kg/m3, or less. 

Causes of kicks 

Kicks happen when fluids flow from the formation into the wellbore as a result of formation pressure exceeding 
mud hydrostatic pressure. The operator usually always makes an effort to keep the hydrostatic pressure above 
the formation pressure in order to avoid kicks, but occasionally the formation may surpass the mud pressure and 
a kick will happen. The primary causes of kicks are explained by the following factors: 

Insufficient mud weight: The major reason of kicks is not enough mud weight. A mud weight that exerts less 
pressure than the formation pressure inside the permeable zone is used to drill the zone. The kick happens when 
fluids start to flow from the formation into the wellbore because the formation pressure is higher than the 
wellbore pressure. Drilling with heavy mud weights appears to be a simple remedy to kicks brought on by 
insufficient mud weights, however this is not always a workable option. First, heavy mud loads may cause lost 
circulation if they are greater than the formation's fracture mud weight. Second, penetration rates may be greatly 
lowered by mud weights greater than the formation pressure. Also, the usage of excessive mud weights raises 
the critical issue of pipe sticking. The ideal course of action is to keep the mud weight slightly higher than the 
formation pressure until it approaches the fracture mud weight and necessitates a second string of casing. 

Improper hole fill-up during trips: Another common reason for kicks is improper hole filling during trips. The 
mud level decreases as the drillpipe is removed from the hole because the pipe steel is no longer moving the 
mud. To prevent lowering the hydrostatic pressure and allowing a kick to happen, the hole must be regularly 
filled with mud as the overall mud level declines. 

Swabbing: Swab pressures are produced by pulling the drillstring from the borehole. Negative swab pressures 
lower the effective hydrostatic pressure in the hole and below the bit. A potential kick has evolved if this pressure 
drop causes the effective hydrostatic pressure to fall below the formation pressure. Swab pressures are 
influenced by the following factors: pipe pulling speed, mud characteristics, hole configuration, Equipment 
"balled" and its impact. 

Cut mud: Although it is uncommon, gas-contaminated mud can occasionally result in a kick. Fluids from the core 
volume are often cut and discharged into the mud system, which reduces the density of the mud. The gas 
expands as it travels to the surface, which may lower the overall hydrostatic pressure just enough to provide a 
kick. The majority of gas expansion happens at the surface rather than at the bottom of the hole, thus even while 
the mud weight is drastically reduced at the surface, the hydrostatic pressure is not considerably decreased. 

Lost circulation: Kicks can occasionally result from lost circulation. A shorter mud column results in a reduction 
in hydrostatic pressure. A kick from less circulation might make the issue worse. Prior to the growing mud level 
being noticed at the surface, a significant amount of kick fluid may enter the hole. In order to keep track of fluid 
levels in case of lost circulation, it is advised that the hole be filled with some kind of fluid. 

Warning signs of kicks 

On the surface, one may see cautionary flags and potential kick indicators. It is the duty of every crew member 
to understand these indicators, interpret them, and take the appropriate action. Some indications just alert to 
potential kick scenarios; not all signs specifically identify a kick. Significant red signs to look out for include the 
following: 

(Depending on how crucial it is for kick detection, each warning indicator is classified below as either a primary 
or secondary warning sign) 
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Flow rate increase (primary indicator): The major kick signal is an increase in flow rate exiting the well while 
pumping at a steady rate. By pushing fluid up the annulus and driving formation fluids into the wellbore, the 
formation is thought to be helping the rig pumps as seen by the higher flow rate. 

Pit volume increase (primary indicator): If surface-controlled operations do not cause the pit volume to change, 
an increase suggests that a kick is taking place. Pit gain occurs when fluids entering the wellbore displace an 
equivalent amount of mud at the flowline. 

Flowing well with pumps off (primary indicator): A continuous flow from the well suggests a kick is happening 
even when the rig pumps are not pushing the mud. A slug is an example of a situation when the mud in the 
drillpipe is significantly heavier than the mud in the annulus. 

Pump pressure decrease and pump stroke increase (secondary indicator): A kick may be detected by a change 
in pump pressure. The mud may flocculate as the first fluid enters the borehole, briefly raising the pump pressure. 
Low-density drilling fluids will displace heavier drilling fluids as the flow continues, which might result in a drop 
in pump pressure. The mud in the drillpipe tends to descend and the pump speed may rise as the annulus fluid 
loses density. These signs may also be present in other drilling issues. Pump pressure will drop if there is a 
"washout"—a hole in the pipe—in the system. The same indications will appear if the drillstring is twisted off. 
But if these problems occur, it is appropriate practice to look for a kick. 

Improper hole fill-up on trips (primary indicator): The mud level should drop by an amount equal to the removed 
steel when the drillstring is withdrawn from the hole. It is presumed that a kick fluid has entered the borehole 
and partially replaced the displacement space of the drillstring if the hole does not need the predicted volume 
of mud to raise the mud level to the surface. It's possible that the well won't start to flow even if gas or salt water 
may have entered the hole until enough fluid has entered to lower the hydrostatic pressure underneath the 
formation pressure. 

String weight change (secondary indicator): Drillstring buoyancy is increased by drilling fluid, which also lowers 
the actual pipe weight that must be supported by the rig. Muds that are heavier have more buoyant force than 
muds that are less thick. The buoyant force of the mud system is diminished during a kick, which causes low-
density formation fluids to start flowing into the borehole. As a result, the string weight that is visible at the 
surface starts to rise. 

Drilling break (secondary indicator): Drilling breaks, or a sudden rise in bit penetration rate, are indicators of a 
possible kick. Not to be confused with a sudden rate rise, a progressive increase in penetration rate is an aberrant 
pressure sign. It is thought that the type of rock has changed when the rate abruptly increases. Another 
assumption is that the new rock type has the capacity to kick (as sand might), but the rock that was previously 
drilled did not (as in the case of shale). Although there may have been a drilling break, a kick is not certain to 
happen; rather, it is possible that a new formation has been drilled with kick potential. When a drilling break is 
noted, it is advised that the driller drill 1 to 1.5 meters into the sand before stopping to look for flowing formation 
fluids. When drilling topholes or through a string of stringers when recurring breaks are encountered, flow checks 
are not usually carried out. Unfortunately, this lack of flow monitoring has resulted in a lot of kicks and blowouts. 

Cut mud weight (secondary indicator): The flow line has frequently seen a kick due to reduced mud weight. 
Among the reasons for decreased mud weight are “Core volume cutting, Connection air, Aerated mud flowed 
down the drillpipe from the pits”. Fortunately, the cuts effect only causes reduced mud weights at the surface 
(usually due to gas expansion), not significantly reducing mud density all through the borehole. An essential 
aspect to keep in mind regarding gas cutting is that there is very little chance that the well will kick if it did not 
do so within the time needed to drill the gas zone and circulate the gas to the surface. Gas cutting often signifies 
that a gas-containing formation has been drilled. The mud weight need not be raised as a result. 
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5.2 Proposed Methods with Data and AI 

Drilling systems are essential in responding to the upsurge in the world's energy demand through the tapping of 
hydrocarbons. By integrating both hardware and software solutions for drilling problems and undetected drilling-
related issues with the advent of technologies pertaining to drilling systems, the evolution from a conventional 
approach to an unconventional method has enabled the resolution of drilling problems and undetected drilling-
related issues. It is becoming increasingly evident that business value solutions such as IoT, Big Data Analytics, 
Digital Twins, artificial intelligence (AI), and other technologies are improving drilling operations in order to 
improve safety and operational efficiency. 

Fig. 5.1. Active drilling operations with kick indicators. 

 

The flow chart above shows how a kick is identified in drilling operations with primary and secondary indicators. 
It also shows actions taken after confirmation of the nature of influx in the well. With the use of sensors, drillers 
can check changes in the different kick indicators and the Kelly is raised above the Rotary stop pump when a kick 
is suspected. The Hydrill is also closed and the nature of the influx is calculated as the drillers take note of the 
drill pipe pressure, annular pressure, pit gain and appropriate mud weight needed to kill the well. 

5.2.1 Kick Detection via Trend Analysis 

The methodology for this study is divided into two (2) categories: 
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I. Initiating and circulating a kick in the well using the Openlab Dilling Simulator 

II. In order to extract and analyze the results of the kick simulation, Qualitative Trend Analysis (QTA) will be used, 
with an emphasis on the primary indicators. 

Kicks occur when the pressure inside the drilled rock exceeds the mud hydrostatic pressure acting on the 
borehole or rock face. During this event, formation fluids are forced into the wellbore by the high formation 
pressure. The forceful flow of fluid is known as a kick. If the flow is successfully controlled, the kick is considered 
to have been killed. However, the phenomenon of a blowout occurs when an uncontrolled kick becomes 
increasingly severe. Based on use cases from the OpenLab drilling simulator and readily available sensory data 
from the drill rig, we shall run a simulation to generate a ‘gas’ kick and transport the kick out of the well. 

Simulation Steps: 

We used the configuration “My default influx case” and kept the fluid density at 1.3 s.g. 

1. Created a new simulation named “Drillbotics Kick Sim”. We chose “Drilling Incidents - Influx and  

loss”, and chose the “Based on geopressure” option. Created our simulation. 

2. We set the Main pump flow rate to 2000 L/min and the MPD choke opening to 11% and started the  

simulation (pressed the Run Simulation in real time). Simulation was run for 2 minutes and paused 

(use the fast-forward mode). 

• With the “Add/remove graphs” button, we added the Time graph “Flow rate”, “Reservoir flow”,  

and “pit Volumes”, and the Depth graph “Gas volume”. 

3. Changed our Managed Pressure Drilling (MPD) choke opening to 30% and resumed the simulation (Pressed 
the play button to run simulation). The simulation was run for 1 minute and pauses the simulation. 

• In 3 minutes and 1 second, we observed that there was a kick in the lower part of the well. The gas kick 
continued to enter the well until we took immediate actions by increasing the back pressure again with the MPD 
choke (our fastest response). 

4. We changed our MPD choke opening back to 11% and resumed the simulation (Pressed play button).  

Resumed simulation for 1 minute and paused the simulation. 

• We observed from the “Gas volume” and “ECD” graph that the well became over-balanced and that the gas 
was transported up in the well. 

See below, simulation results showing the first point of influx in the well at time 3:01secs highlighted with a circle. 
In this study, we shall focus on the pit volume as our primary indicator. 

‘’Simulation - Drillbotics_Kick_Sim - OpenLab Drilling - OpenLab Drilling‘’ 

 

 

https://live.openlab.app/#/configurations/520d59f5-c22d-46f8-b741-430faef96012/simulations/e233c0a9-0cbf-41ab-a5ab-f60281220e90
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Figure 5.3: Simulation result for bit pressure. 

 

 

 

 

Figure 5.4: Simulation result for Stand pipe pressure. 

 

 

 

 



Page | 29  

 

Figure 5.5: Simulation result for pit volume. 

 

5.2.1. The Qualitative Trend Analysis (QTA), and Moving Window Strategy For Real-Time Trend 
Analysis. 

The qualitative trend analysis (QTA), used in this study is a data-driven method that processes data to extract 
and analyze trends from the measured signals by segmenting signals into non-overlapping episodes and analyzes 
them by assigning primitive sequences to each episode and creating maps from primitive sequences to process 
states (Villez and Rengaswamy, (2013)). Originally proposed by Janusz and Venkatasubramanian (1991), and with 
several proposals to identify the same trend primitives, Zhou and Ye (2016); Zhu et al. (2017) determined the 
primitives by a polynomial-fit-based trend extraction method that relies upon hypothesis testing. 

Regarding the Moving Window Strategy, Pit volume trend is extracted, with the key outcomes being classified 
into stationary, falling, and rising trends. The OpenLab simulation result is downloaded and imported into our 
Matlab script for the Novel Moving Window Strategy. 

To obtain the best classification of the pit volume trend into stationary, falling, and rising trends, the parameter 
for confidential level (alpha) in our Matlab script is adjusted accordingly. 

Figure 5.6: The Moving Strategy Trend Analysis from imported Pit volume data. 

 

https://ieeexplore.ieee.org/document/6669494
https://www.sciencedirect.com/science/article/abs/pii/095219769190001M?via%3Dihub
https://www.sciencedirect.com/science/article/pii/S0959152415002139?via%3Dihub
https://aiche.onlinelibrary.wiley.com/doi/10.1002/aic.15706
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The analysis above does not capture the exact region of rising and falling hence the need for adjustment of our 
alpha value (parameter for confidential level) from 5.0 to 0.7 in the Matlab script.  

Figure 5.7: The Moving Strategy Trend Analysis from imported Pit volume data after adjusting our parameter for 
confidential level. 

 

Table 1.0: Trend window key. 

WINDOW COLOUR  TREND 

Red Rising 

Green Falling 

Blue vertical line Gradient of the line showing degree of rise or fall. 

The benefits of the work will help drillers rapidly detect the changes in the pit volume and other drilling 
parameters, quickly learn real-time trend dynamics, and more easily make decisions for better and safe drilling. 
Ultimately, the consideration of depth characteristics as used in this study with trend information could give new 
insights into the reduction of drilling operation incidents, costs and the increase of drilling efficiency. In addition 
to calculating the evaluation metrics, the trend prediction accuracy is evaluated based on each trend segment. 
The transient/stationary phase of drilling processes can also be better understood to facilitate the control, 
detection, and decision-making processes by analyzing data dynamics during the drilling process. 

5.2.2 Kick Analysis 

The kick composition must be identified for annular pressure calculations which are needed for well planning. 
Although this not known during actual well control operations, density of the kick fluid can be estimated from 
the observed drillpipe pressure, annular casing pressure, and pit gain. The density calculation often determines 
whether the kick is mainly gas, liquid or not. The density of the kick fluid that enters the annulus is estimated 
simply assuming as a slug. Figure 5.7 shows the initial well conditions after closing the BOP (Blow Out Preventer) 
on a kick. The pit gain is usually recorded by pit volume monitoring equipment. 
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Fig. 5.7: The initial well conditions after closing the BOP on a kick (redrawn from Borgunay et al., 1986) (M.Rafiqul 
Islam, M.Enamul Hossain, in Drilling Engineering, 2021: https://www.sciencedirect.com/topics/engineering/gas-
kick). 

The length and density of the kick can be calculated based on annulus capacity behind the drill collar. If the pit 
gain volume is smaller than the annulus volume against the drill collar, the length of the kick zone (i.e., influx 
height) can be expressed in terms of the pit gain volume, and annulus capacity. 

Mathematically, 

If 𝑉𝑝𝑖𝑡< 𝑉𝑎𝑛𝑛_𝑑𝑐, the length of the kick can be calculated as: 

𝐿𝑘=
𝑉𝑝𝑖𝑡

𝐶𝑎𝑛𝑛_𝑑𝑐
       (5.1) 

where, 

𝐿𝑘 = kick length (i.e., vertical height of influx, Hi), ft 

𝐶𝑎𝑛𝑛_𝑑𝑐 = the annulus capacity behind the drill collar, bbl/ft 

𝑉𝑝𝑖𝑡= the pit gain volume, bbl 

𝑉𝑎𝑛𝑛_𝑑𝑐 = the annulus volume against drill collar, bbl 

 

If  𝑉𝑝𝑖𝑡> 𝑉𝑎𝑛𝑛_𝑑𝑐, the length of the kick is given by 

𝐿𝑘 = 𝐿𝑑𝑐 + 
𝑉𝑝𝑖𝑡− 𝑉𝑎𝑛𝑛_𝑑𝑐

𝐶𝑎𝑛𝑛_𝑑𝑐
      (5.2) 

where, 
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𝐿𝑑𝑐 = length of the drill collar, ft 

𝐶𝑎𝑛𝑛_𝑑𝑐 = the annulus capacity behind the drillpipe, bbl/ft 

A pressure balance on the initial well system for a uniform mud density, 𝜌𝑚 , is given by 

𝑃𝑖𝑑𝑝 = 𝑃𝑖𝑐𝑝 + 0.052[𝜌𝑜𝑚 (𝐻𝑣𝑐  - 𝐿𝑘) + 𝜌𝑘𝐿𝑘- 𝜌𝑚𝐻𝑣𝑐]   (5.3) 

where, 

𝑃𝑖𝑐𝑝 = initial stabilized drill collar pressure, psi 

𝑃𝑖𝑑𝑝= initial stabilized drillpipe pressure, psi 

 

𝜌𝑘 = kick fluid (i.e., influx) density, ppg 

Solving Eq. (2.117) for kick fluid density gives 

𝜌𝑘 = 𝜌𝑜𝑚 + 
𝑃𝑖𝑑𝑝− 𝑃𝑖𝑐𝑝

0.052𝐿𝑘
       (5.4) 

A kick density less than about 4 ppg should indicate that the kick fluid is predominantly gas, and a kick density 
greater than about 8 ppg should indicate that the kick fluid is predominantly liquid. 

5.3.2 Kick Detection via Machine Learning  

In Drilling, a well blowout could be possible by the uncontrolled or unobserved influx of formation fluids into the 
wellbore, this phenomenon is named as Kick. As Kick is one of the most dangerous incidents in Oil & Gas industry, 
it is necessary to develop the Kick detection system to minimize the risk reduction by taking the control of well. 
And it is possible to develop a model from the pattern or behavior of influx. Though, this is really challenging, 
because of its intricate conditions, to forecast the kick behavior solely from sensor data which is stored from 
physical model. However, with enough time series data, Machine Learning (ML) Algorithms are quite good at 
detecting and characterizing the pattern of Kick. Among many of ML methods, by using the real time drilling 
simulation data, Long Short-Term Memory (LSTM) and Bidirectional LSTM (BiLSTM) are preferred approaches for 
this competition to get the idea of influx quantification which eventually resulted in early detection and 
prevention of Kick occurrences. 
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Although a large portion of the theoretical foundation for contemporary deep learning and neural networks was 
developed in the early 20th century, the necessary computational potentiality to amass and manage the large 
amounts of data required for training sufficiently complex models did not become widely accessible until the 
recent days. Machine Learning basically focuses on algorithms and statistical models to observe the pattern of a 
assignment while the date does not possess any straightforward commandment. Without having been expressly 
taught to do so, machine learning algorithms create a mathematical model from training data or sample data, to 
generate predictions of the designed task. It has become comprehensible that the quality of the data used to 
train machine learning models has a considerable impact on how well they function as the models' complexity 
has increased in recent years. 

Artificial Neural Network (ANN) which is simply known as neural networks (NN) or neural nets, is a subdomain of 
Machine Learning, a system the same way biological brain works through its network and nodes as described in 
the following figure to get the decision for a complex task. 

 

 

 

 

 

 

 

 

It generally consists of a set of input features, some hidden layers and defined sets of output result. A feature is 
an input value that may be a single value, or a multidimensional array of data and the calculations are done 
basically in its hidden layers. To do the simple linear regression, the network can be considered without hidden 
layers whereas, to compute the higher order non-linear function, the network must be designed with hidden 
layers. The working module depends on how many nodes are used in each layer. A fully connected node receives 
the feature value in the preceding layer and works in the following way: 

Z=W.X+b  (5.5) 

W = Individual weight 

b= Bias 

X= Previous layer 

Some activation functions are also used to maintain the result within the predefined range. 

Deep learning is also a part of Machine Learning, to model the complex non-linear function where it is possible 
to deal with a huge number of parameters. So, deep learning is surely a preferred way to work with feature 
values or vectors from sensor data without human intervention. The automating integration, deployment and 

Figure 5.8: Neural Network Structure 
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digital manipulation of training data can significantly improve a deep learning model. The looping nature of some; 
like recurrent neural network (RNN); deep neural network models can modify or refine the result through 
different layers and time-steps which actually helps to predict the Kick phenomena. 

If a big set of historical data is needed, then a special kind of RNN is recommended for learning long term 
dependencies which is called Long Short-Term Memory (LSTM) network. LSTM generally consists of four neural 
network layers. 

Figure 5.9: LSTM Module. 

Each layer is dedicated for specified tasks in training the model. Three of them are sigmoid neural net layers that 
function as gates that may or may not allow information to pass through. Because of this, the output values are 
between 0 and 1, where 0 allows nothing and 1 allows everything through. First, the forget gate layer, f 
determines which information should be deleted by examining the module's current input, x(t) and its previous 
module's output, h(t-1). After that, the input gate layer (g) and the tanh layer (i) jointly settle down which new 
information should be adopted in the existing condition, c(t). Finally, after updating the information, the output 
layer (o) produce the refined information of the module. The Bidirectional Long Short-Term Memory (BiLSTM) is 
a special type of LSTM, works both on forward and backward sequence direction. So, it will be considered to 
measure the better accuracy for a given point in comparison of LSTM though it sometimes not suitable for real 
time prediction. 

A simple network may underfit to the training data whereas the complex one can overfit. So, there is a significant 
task to measure the required capacity of the historic data set. There is the trial and error method to quantify the 
appropriate capacity for the model. In this case, if the overfitting starts earlier than the expected time, the early 
stopping should be followed in training phase. Validation set is necessary to calculate the prediction error during 
training phase to perform the early stopping. And finally, when the training error and validation error tends to 
decrease, the neural network model is considered as generalized model to continue work for the next phase. But 
if the validation error continues to increase, the early stopping will terminate the training phase. An effective 
way of getting a generalized model is to increase the size of the training data. 

Different optimization algorithms are used to enhance the quality of parameters in order to get the better result. 
One of them is Stochastic Gradient Descent (SGD). SGD significantly reduces the amount of time required by just 
calculating the gradient for a mini-batch—a random subset of the training set. The learning rate, the gradual 
decline in learning rate over time, and in some forms the momentum- all are included in the crucial initial values 
for an SGD algorithm. It helps to increase the efficiency in the training phase of a large data set. Another 
optimization algorithm is Adam which minimizes the necessity of trial and error to determine the training 
parameter. 

For the drilling data, it is not always possible to increase the training set size to generalize the model. Data 
augmentation on an existing data set is a solution in this regard where the data is modified and augmented but 
does not create impact on a real model. As the dynamic drilling data is likely to noise, here the augmentation 
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with various range provide a better result. This method helps to increase the size of noiseless data while the real 
data from sensor is trained without being affected. The combination of real and synthetic data generally 
improves the performance of a machine learning model. 

To generalize the model, the distribution of data is also important. There should be sufficient amount of data 
which is allocated for testing also. To design the simulation setup, different engineering patterns should be 
followed to create different case scenarios. 

Figure 5.10: The general flow chart of data-driven model development using LSTM/RNN for BHP prediction. 

 

 

6. Flow Dynamics and Flow-back  

When a gas kick occurs, the BOP is closed, and depending on which type of mud is being used, the gas kick will 
migrate upwards in the well towards the closed BOP. Usually, a well kill procedure is initiated before the kick 
reaches the BOP in a closed well. In order to implement appropriate measures to regain well control, it is an 
advantage to know the behavior of the fluid. Useful knowledge includes gas migration velocity, which can affect 
the distribution of gas, and consequently gas holdup. It will also have impact on how fast the pressure builds up 
in a closed well. An important effect that must be considered is that for Non-Newtonian drilling fluids, free gas 
can be trapped or suspended by the mud. 

Approach: 

A transient flow model based on the drift flux model supplemented with a gas slip relation is developed to 
simulate the pressure evolution when a kick migrates. This gas slip model is extended to cover different flow 
regimes and suspension effects. The way the boundary cells are treated in the transient flow model will affect 
the accuracy of the model. Improved techniques of handling the slope limiters in the boundary cells are 
implemented to reduce numerical liabilities.  
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The proposed model can simulate how the pressures vary from the impact of having a gas slip model which will 
vary depending on what kind of flow pattern that is present at different locations in the well. The flow pattern 
that is present is dependent on the gas fraction; different flow patterns are considered, i.e., suspended gas, 
bubble flow, slug flow, and transition to one-phase gas. Appropriate transition intervals are linearly interpolated 
and evaluated. The UiS Openlab simulator is used to study and verify the ability of the model to consider different 
gas slip models depending on the flow regime by varying the kick sizes. 

A sensitivity analysis is to be performed by varying kick sizes, suspension limits, and changing the transition 
intervals between the flow patterns. The analysis would help identifying the variables that are of major influence 
thus to further work on improving the model. 

For Non-Newtonian drilling fluids, small gas volumes can be trapped by the mud (suspended) in the mud. The 
gas suspension effects have impact on the pressure build up. The more gas that is trapped, the lower the pressure 
build up will be. The model thus also considers the suspension effect of gas using predefined suspension limits 
for gas volume in full suspension. The transition interval from suspended gas to bubble flow and then to slug 
flow is linearly interpolated and evaluated and the effect of this transitions on pressure build is also accounted 
for in the model. 

6.1. Transient Drift-Flux Model 

Background 

In section 4.1, a simple transient drift-flux model with a gas slip model presented a better fit to the single-bubble 
model. An advanced two-phase flow model is required for evaluations of gas migration scenarios. The model 
given under section 4.1 presents some uncertainties related to how the pressure build up is affected because of 
two sources of errors. The first source of error is the gas slip constants defined. The gas slip constants, K and S, 
will vary depending on what flow regime that is present, which again depends on the gas volume fraction. The 
second source of error when using a transient model is numerical diffusion caused by the numerical scheme.  

The uncertainties related to the first order numerical scheme are possibly larger than the ones related to the gas 
slip model constants. Calculations are more accurate when increasing the number of cells, e.g., to 50 cells or 100 
cells; however, an increase in number of cells will increase the computational time. Numerical diffusion is 
improved by making the numerical discretization second order by using the slope limiter concept. The second 
order method reduces the numerical diffusion to an acceptable level without needing a very large number of 
cells.  

Another effect included in the model is suspension limit. From studies it is evident that the severity of riser 
unloading is very dependent on the inclusion of suspension effects. Studies also suggested that the likelihood of 
an unloading event is sensitive to both suspension limits and kick volume, and thus it was important to include 
suspension effects in the proposed model. 

The Model 

The proposed transient drift-flux model uses the same laws and equations for conservation of liquid mass, 
conservation of gas mass, conservation of mixture momentum and the closure laws as described under section 
4.1. However, there is an inclusion of modified gas slip model to serve the purpose of simulating the pressure 
evolution based on various factors mentioned previously in the report when the kick migrates. 
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Gas Slip Model 

The slip between the two phases, namely gas and liquid, can be described by the drift-flux model. Combining two 
mechanisms, the drift-flux model is used to describe the interaction between the two phases. The gas slip model 
to be used in the drift-flux model is as follows: 

ν_g=K*υ_mix+S     (6.1) 

υ_mix  = α_g ρ_g  + α_l ρ_l     (6.2) 

The velocity of the migrating gas is highest in the centre of the flow, which makes the average velocity of the 
fluid slower than the average velocity of gas, which affects the K*υ_mix -term. This term becomes important, 
e.g., when there is drilling fluid circulation and when the gas expands in an open well and increasing the total 
flow. Both circulation and large expansion will have impact on the mixture velocity. Also, gas migrates upwards 
due to buoyancy, and travels through the fluid, affecting the S-value. This term will be the one representing the 
gas migration in a closed well since the K*υ_mix -term in that case is very close to zero.  

The phase velocities are determined from the above equation in combination with the mixture momentum 
equations. For the simulations, a gas slip relation which depends on what flow patterns that can be present will 
be implemented. 

6.2. Suspension Effects 

In Non-Newtonian fluids, gas bubbles are suspended, leading to a no-slip condition where Ksusp=1.0, Ssusp=0 
m/s. The transition from suspension to bubble flow occurs when the gas fraction is between the predefined 
minimum suspension limit and the predefined maximum suspension limit. For example, for 3% suspension, the 
minimum suspension limit is at the gas fraction 0.03 and the maximum suspension limit is at the gas fraction 
0.05. The transition interval is calculated from the below equation. In this interval, the gas slip constants are 
interpolated as follows 

x=  (α_g-a)/(b-a)     (6.3) 

where a is the minimum suspension limit and b is the maximum suspension limit. The value of K and S are defined 
from: 

K_(susp-bubble)=x*K_bubble+(1-x)*K_susp   (6.4) 

S_(susp-bubble)=x*S_bubble+(1-x)*S_susp   (6.5) 

Bubble Flow 

Bubble flow is described as a homogeneous mixture of gas phase existing in the liquid phase. In bubble flow, 
evenly distributed small bubbles migrate upwards. Before transitioning into cap bubbles (early slug), the 
migrating bubbles coalesce and become larger. As a consequence, they move at higher speed and force the 
smaller bubbles downwards. The pipe wall puts a constraint on how large the cap bubbles can become before 
eventually forming slugs. For bubble flow, where the gas fraction is lower than 25% for Newtonian fluids, the 
following K constant applies for vertical annuli: 

K_bubble= 1.0       (6.6) 

The Harmathy correlation gives the parameter S for bubble flow in vertical annuli:  
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S_bubble=1.53[g(ρ_l-ρ_g )σ/(ρ_l^2 )]^0.25    (6.7) 

For the simulations, the interfacial tension between the phases will be σ=0.0772 N/m as per studies. 

Studies indicated that the transition from bubble to slug flow occurs for a gas volume fraction of 0.25 for vertical 
pipes, and although experiments suggested a gas volume fraction at 0.20 for vertical pipes, a theoretical 
investigation showed that at the experimental gas volume fraction of 0.25, slugs would appear also for 
Newtonian fluids in vertical annuli. The transition interval from bubble to slug flow is given below:  

x=  (α_g-0.20)/(0.25 - 0.20)    (6.8) 

In the transition interval, the gas slip constants are interpolated from the equations provided below:  

K_(bubble-slug)=x*K_slug+(1-x)*K_bubble    (6.9) 

S_(bubble-slug)=x*S_slug+(1-x)*S_bubble    (6.10) 

Slug Flow 

Slug flow is characterized by alternating flow of liquid and gas. The flow pattern is described as gas slugs 
separating liquid slugs. For slug flow, which applies for gas fractions larger than 25% for Newtonian fluids, the 
following slip parameters are established: 

K_slug=1.2      (6.11) 

S_slug^*=0.35√(gd(ρ_l-ρ_g )/ρ_l )   (m/s)   (6.12) 

For vertical annular flow, d is the tubing inside diameter.  

S_slug=S_slug^* (1+(0.29*d_i)/d_o )*√cosθ (1+sinθ)^2 (m/s)  (6.13) 

For inclined annular flow, di and do are the annulus inside and outside diameter respectively. This equation has 
been implemented in the proposed model which accounts for well deviation and annular geometry corrections. 

A challenge encountered in the slug flow model is that a singularity exists. The gas slip relation can be written as  

υ_g=(Kυ_l α_l+S)/(1-Kα_g )    (6.14) 

For a gas volume fraction equal to 1/K, the equation becomes undefined, i.e., for a gas volume fraction of 0.83 
and a Kslug-value of 1.2, the gas migration velocity cannot be calculated. K will therefore be interpolated to 1.0 
for gas fractions between 0.7-0.8, and S will be interpolated to 0 m/s for gas fractions between 0.9-1.0, which 
presents the no slip conditions when transitioning to one-phase gas. 

6.3. Practical Implementation of The Gas Slip Models 

In the proposed model, the gas slip constants will vary depending on what kind of flow pattern that is present at 
different locations in the well. The formulas for S for each flow pattern will depend on different parameters that 
will vary depending on well geometry and fluid parameters, e.g., phase densities and surface tension. The 
parameters are defined from equation 6.3 through equation 6.13. 
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The model also takes suspension effects into account, where the gas will be in full suspension at the minimum 
suspension limit, i.e., K=1.0 and S=0 m/s. The transition interval from full suspension and fully developed bubble 
flow is given in equation 6.3. The gas slip parameters will be linearly interpolated in this interval depending on 
the gas fraction as given in equations 6.4 and 6.5. At the maximum suspension limit, fully developed bubble flow 
exists. For Newtonian fluids, bubble flow exists for all gas fractions below 0.25. The gas slip constant is K=1.0 and 
S is given by equation 3.5 for this flow regime. For gas fractions in the interval 0.20-0.25, as given in equation 6.7, 
an interpolation from bubble to slug flow will exist, and the gas slip parameters are calculated from equations 
6.9 and 6.10. Slug flow fully exists for gas fractions larger than 0.25, where K=1.2 m/s and S can be calculated 
using equation 6.12. To avoid the issue of singularity, K will be interpolated to 1.0 for gas fractions between 0.7 
and 0.8, and for gas fractions between 0.9 and 1.0, S will be interpolated to 0, i.e., K and S are interpolated to no 
slip conditions. The interpolation is critical for the simulation since there is a transition to pure gas in the 
boundary cells when the gas reaches the BOP. 

Studies suggested a lower transition between bubble and slug flow to consider that slug flow may take place for 
lower gas volume fractions when considering Non-Newtonian fluids. Experiments and studies emphasize that for 
Non-Newtonian fluids, suspension of gas occurs for smaller gas volumes, at approximately 10%. Gas migration 
velocities at 100 ft/min, or 0.51 m/s, were observed for gas concentrations larger than 10%, suggesting an early 
transition to slug flow. Bubble flow will be present at gas fractions below 0.10 and the transition from bubble to 
slug flow will occur at gas fractions between 0.10-0.15. 

6.4. Numerical scheme: 

Discretization 

To solve the conservation equations using the closure laws, one can discretize the well into several sections, N 
cells each with length of Δz. By solving the equations for each segment, the solution will be more accurate since 
the local variations in pressure, phase volume fractions phase velocities and phase densities are accounted for. 
Here, the explicit AUSMV scheme will be used.  

To estimate the conservative variables at the new time level, they are updated based on values from the previous 
time level as represented in the figure below. 

Figure 6.1 Update of discretized variables 

The variables are always defined in the midpoint of the cell. To update each cell based on local variables, the 
following formula can be used:  

 

 U_j^((n+1) )=U_j^n-  ∆t/∆z(F_((j+1/2))^n  -F_((j-1/2))^n  )∆tq(j,n)  (6.15) 



Page | 40  

 

 

The variable j represents the cell number, and variable n represents time level. The fluxes F in and out of the cell 
is predicted based on old time level. The variable q is the source or sink term (inflow, leakage, phase transfer 
between phases). This explicit scheme allows prediction of fluid behaviour by implementing recognized physical 
laws, e.g., calculation of K- and S-values depending on flow regime. The timestep is restricted by the CFL criterion 
from the equation: 

 ∆t≤ CFL  ∆z/max(|λ_1 |,|λ_2 |,|λ_3 |)      (6.16) 

where λ_3 corresponds to the fastest sonic wave propagating in the system. The numerical scheme has 
difficulties calculating for CFL values greater than 0.25 and will be kept at a fixed value of 0.1875 in the 
simulations. 

Mathematical Properties of the Drift Flux Model 

The conservations laws can be rewritten as:  

 ∂/∂t U +  ∂/∂z F(U)= Q(U)       (6.17) 

The vector U is a representation of the conservative variables given in the conservation equations. The numerical 
scheme converts the conservative variables to physical parameters.  

𝑈 = [

𝑢1

𝑢2

𝑢3

] = [

𝛼𝑙𝜌𝑙

𝛼𝑔𝜌𝑔

𝛼𝑙𝜌𝑙𝜐𝑙 + 𝛼𝑔𝜌𝑔𝜐𝑔

] 

It is possible to analyse this nonlinear system of partial differential equations and show that it is a hyperbolic 
system describing propagation of waves. The speed of these waves is represented by the real eigenvalues 
obtained by analysing the system. They are calculated as follows:  

 

 λ_1=ν_l-w,λ_2=ν_g,λ_3=ν_l+w      (6.18) 

 

where w is the sound velocity, and calculated as below: 

  

 
𝑤 = √

𝑝

(𝛼𝑔𝜌𝑙(1 − 𝐶𝑜𝛼𝑔))
  

(6.19) 

 

The first and latter eigenvalue represents the sound waves propagating with the current, i.e., upwards in a 
vertical well, and sound waves propagating counter-current, i.e., downwards in a vertical well, respectively. 
Pressure disturbances caused by varying pump rate or valve openings can cause these variations. The mass 
transport wave is represented by the second eigenvalue, e.g., migration of a gas bubble in a well filled with liquid. 
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Boundary Treatment 

At the boundary cells, the inlet and outlet fluxes at the physical boundaries have to be found in other ways than 
using the fluxes defined by the AUSMV scheme. After determining the cell variables using the AUSMV scheme 
formulas, a method to determine the fluxes at the boundaries is to use extrapolation techniques using the 
variables defined in the midpoint of the boundary cells. This will be combined with the physical information given. 
For instance, at the bottom, the inlet rates in kg/s may be known. If the well is open, the pressure at the top of 
the well will be known.  

How this will be done will depend on whether the well is open or closed.  

For Closed Well: 

 p_inlet=p(1)+ρ_mix gcosθ+∆z/2 F_w   (6.20) 

 p_outlet=p(N)  -  ∆z/2 ρ_mix gcosθ -  ∆z/2 F_w  (6.21) 

For Open Well: 

 p_inlet=p(1)+〖∆z/2 ρ〗_mix gcosθ+∆z/2 F_w  (6.22) 

6.5 Second Order AUSMV Scheme 

In the numerical scheme, the physical variables like pressure, density, phase velocities and phase volume 
fractions are considered constant within each cell. But the variables will vary from cell to cell. When using the 
first order AUSMV scheme, it will tend to smear out sharp transition zones, e.g., the kick front where the gas 
volume fraction changes sharply to zero. This is the effect of numerical diffusion. It will tend to smear out this 
transition zone between two-phase and one-phase flow. One approach for reducing this problem to use a high 
enough number of cells. A disadvantage of increasing the number of cells would be the increase in computational 
time. 

Slope Limiters 

A second approach for reducing the numerical diffusion is by implementing the second order scheme using slope 
limiters.  
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To calculate the boundary values in each cell, different slopes are defined for the physical variables. Here, slopes 
are calculated within the cells for phase densities, pressure and gas volume fraction, but not for the phase 
velocities. The left and right boundary of the cell variables are calculated from the cell averages using the 
corresponding slopes. With updated variables at the boundaries, the fluxes can be calculated. The physical 
variables at the boundaries can be calculated using slope limiters as follows: 

 

 𝑃𝑖(𝑧) = 𝑃𝑖 + (𝑧 − 𝑧𝑖)∆𝑖 

 

𝑧 ∈ [𝑧
𝑖−

1
2

, 𝑧
𝑖+

1
2

] 

(6.23) 

 

In the boundary cells, the slope limiters cannot be calculated. There are then two choices, they can either be set 
to zero or copied from the closest neighbor cell. 

7. Automated Well Control  
In the case of well control incidents, humans are traditionally responsible for accurately detecting kicks and 
shutting wells. As such, it is obvious that relying on the human factor is not a safe approach because a driller can 
be distracted or affected by external factors. Automation has gained significant traction in recent years, and 
automatic well control systems are being utilized for the detection of influx and the prevention of any severe 
incident from occurring. With the advancement of technology related to simulators, cyber-rigs, several novel 
technologies became available. The implementation of automation in drilling mode, for example, can be fully 
applied to detect influx and shut-in sequences. When the system detects a kick, it performs a series of automated 
operations by taking control of the rig. Currently, this advancement applies to all drilling phases, including initial 
trip-off and back-reaming. 

Figure 7.1 below illustrates general scheme of automated well control (Bryan Atchison, 
Automated well control: A step change in safety, Digital Chemical Engineering, 
Volume 3, 2022: https://doi.org/10.1016/j.dche.2022.100022). 
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A case of an influx scenario was programmed into the well control simulator, and each driller had to perform a 
manual shut-in. Even though they were aware that a kick was about to happen, the smallest shut-in volume was 
∼ 1.3 m3 while the largest was ∼ 5m3 and the kick tolerance was about 3 m3. Automated well control was also 
implemented in this case and the shut-in influx volume was less than 0.3 m3. The benefits of Automated Well 
Control systems have been proven in a variety of scenarios. The figure below depicts to what extent human 
failures are reduced by automated systems. 

Figure 7.2: Illustration of the extent of human failures compared with the introduction of automation systems. 

The MPD system is also interfaced with the Automated Well Control System. This makes it possible to drill 
through narrow windows by application of Surface Back Pressure to manipulate Bottomhole Pressure within the 
frame of pore and fracture pressures. In the next part, we will discuss it briefly. The purpose of this part is to 
discuss and compare different control methods (PID, MPC, and others). 

7.1 PID control 
PID (Proportional-Integral-Derivative) control is the most commonly employed control algorithm in the oil 
industry, and it is a widely accepted industrial control algorithm. Its popularity may be attributed to its simple 
design, which makes it possible to operate in a primitive and straightforward manner. 

 

7.1.1 Control System 

PID controllers are used to read sensors and compute output by obtaining proportional, integral, and derivative 
responses. We shall move on to control schemes starting with closed loop systems and terminologies regarding 
PID. 

Closed Loop System 

The figure 7.3 below illustrates scheme of closed loop control system.  
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In the given control system scheme, a process variable is a system parameter and has to be controlled such as 
pressure (bar), flowrate (l/min) or temperature(ºC). Process variables are detected by sensors and then their 
values are provided to the control system as sensor feedback. Set point is the commanded process variable such 
as 100 bar in this case of pump pressure control system. In any given moment, the difference between set point 
and process variable is used by the control system algorithm, which is a compensator, to determine actuator 
output. For example, if the measured pressure process variable is 100 bar and the desired set point is 120 bar, 
then actuator output specified by compensator (control algorithm) runs the pumps. As a result of driving 
actuators, pump flow rate increases, causing more pump pressure to be generated, increasing process variables. 
This process is called a closed loop because it provides feedback by reading sensors, calculating desired actuator 
output, and continuously repeat at a fixed loop rate. 

7.1.2. PID Theory 

Proportional Response: The proportional gain, which is expressed as Kc in the scheme below (or Kp in major 
literatures) defines the response to error as only dependent on the difference between the setpoint and process 
variable. For example, if the error term has the value of 5 and proportional gain of 5 will produce a proportionate 
response of 25. An increase in proportional gain will lead to high-speed control system response, but it must 
remain within a specified limit. A large increment will cause the process variable to oscillate, and further 
increments will result in an unstable system. 

Figure 7.4: Illustration of a process variable and proportional response. 

 

Integral Response: This component sums the error by time. Even small errors may cause the integral component 
to increase slowly. It will increase over time until errors become zero, and this effect will drive steady state error 
to zero. Steady state error is the difference between the final process variable and the set point. A phenomenon 
called integral wind up occurs when an accumulation of integral components exceeds the saturation limit of the 
final control element. In a valve scenario, as an example, the maximum opening of the element is 100% but due 
to sudden changes in the setpoint, it can lead to error in the system, which causes the integral component to 
exceed the maximum limit, as in getting more than 150% valve opening. 

Derivative Response: The derivative component is used to decrease output if a process variable increases rapidly. 
As can be seen in the figure, it is proportional to the rate at which the process variable changes. A high derivative 
time Td will result in a faster response time to errors and a faster overall response time. Control systems are 
implemented with a small derivative time, since the derivative response is highly sensitive to noise in the process 
variables. Depending on whether the sensor feedback signal has noise, or the control loop rate is slow, the 
derivative response may result in instability. 
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Figure 7.5 below shows response of typical PID closed loop system. 

 

 

7.2. Model Predictive Control (MPC) control 

Model Predictive Control (MPC) is an iterative process used to optimize predictions of robot states in the future 
limited horizon as well as manipulating inputs for the given horizon. In order to forecast, it is necessary to use a 
dynamic model while applying MPC. Since these models (processes) are usually nonlinear, different methods 
such as tailor expansion can be applied to linearize them for short periods of time. Such approximations in 
linearization or small changes in the dynamic process might lead to errors in forecasting. Consequently, MPC first 
computes control input and recalculates forecasts by relying on feedback optimization. MPC is therefore an 
iterative, model-based, predictive, optimal, and feedback-based control method. 

Figure 7.6: Illustration of the basic working principle of MPC. 
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To utilize MPC three basic requirements need to be taken into consideration. First, there is cost function J, which 
defines the expected behavior of the robot. It is usually used to compare parameters between different possible 
actions such as minimization of error from the reference trajectory. In general, it can be shown as follows.  

… (7.1) 

In which J is cost function, xt is the robot state at time t, rt  is the robot reference state at time t, ut is robot 
predicted input at time t, Wt and Wb are the weights based on requirement. 

The second requirement is the dynamic model. It enables MPC to simulate states of robot in a given horizon with 
different possible inputs. The third function is the optimization algorithm used to solve optimization function J. 

The MPC has been famous in various industries. Its ability to handle multiple inputs and outputs makes it popular 
in the drilling industry, especially in MPD-related applications. In MPD, this method controls pressure, flow, and 
rate of penetration simultaneously. It can also control pressure at two different points in the well and also 
regulate sudden heave motions on drilling rigs created by disturbances in the ocean. The figures 7.7 and 7.8 
below give basic insights into the implementation of MPC in MPD operations. 

Figure 7.7 

 

 

Figure 7.8 
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7.3 Other control methods 

The P and Pi controllers are examples of such controllers. They are not widely used in well control operations, 
but they are utilized in several industries. 

P controllers: Proportional controllers are the simplest ones to tune. The output of these controllers is 
proportional control mode bias. 

                                                                   u(t) = u0 +Kpe(t), 

u0 is the controller bias, Kp is the controller gain. Simplest scheme for such system depicted in figure 7.9 below: 

 

 

Advantages of such control system are their simplicity and easy to tune as there is only one parameter Kp needed. 

But they are limited by inability to remove offset. 

PI controllers: The output of these controllers is made up from sum of proportional and integral control parts 
and is calculated by the formula below: 

                                                             u(t) = u0 +Kpe(t) +Ki 0∫t e(τ)dτ, 

basic scheme: 

Figure 7.10: PI controller illustration. 
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8. Related Master Thesis Projects  

8.1 Model Predictive Control Implementation for MPD Systems  

Description: 

Managed pressure drilling (MPD) provides the possibility for precise pressure control within a wellbore. It 
provides a mean to drill in small mud windows and to avoid formation influx into the wellbore. To effectively use 
these procedures and further advance into a fully automated drilling process, control tools for an automated 
application of these techniques need to be developed. 

One technique of MPD, which is called constant bottom hole pressure, aims to keep the bottom hole pressure 
at the same value during drilling. The flow of the mud in the circulation system can be restricted by changing the 
opening of a choke valve at the choke manifold. The more fluid flow is restricted, the higher the pressure before 
the choke. This increase in pressure arrives at the bottom of the wellbore and in turn increases BHP. Thus, by 
rightly adjusting the opening of the choke valve, BHP can be changed. Additionally, a so-called back pressure 
pump can pump mud in the opposite direction of the main fluid flow and increase the pressure in the wellbore. 
Such a back-pressure pump is mainly used when a new connection at the drill string is made, and then the main 
pumps are not pumping fluid through the drill string. The friction pressure, which is caused by the friction 
between fluid and drill string, leads to a pressure drop at the bottom hole. 

In this operation, the main challenge is to estimate the correct BHP accurately, and different models are being 
implemented to predict and control the opening of the choke. The main objective of this thesis is to utilize MPC 
on Fernis field, and to find a new combined ML technique that would yield much better results than MPC alone. 
MPC has not been implemented as a controller tool for MPD operations, but in this thesis I will research how 
well its physical model fits with historical data gained in previous drilling operations prior to blowout. 

 

8.2 Trend Analysis for Realtime ROP Optimization 

Description: 

Rate of Penetration (ROP) can be modeled as a nonlinear function of several drilling parameters, such as 
formation strength, normal compaction, a pressure differential of bottom-hole, flow rate, WOB, RPM, bit 
diameter, bit tooth wear, and bit hydraulics. Many of these drilling parameters are not known in real-time and 
some of them require extensive use of computing time because of the complexity of the mathematical models 
and the large number of parameters involved. The consideration of the depth characteristic of the ROP with 
trend information could give new insights into the reduction of drilling operation costs. Any deviation from the 
trend could be treated as a guide to modify drilling operational parameters in order to maximize the ROP. Real-
time analysis of the change of the ROP can help drillers control algorithms to suggest new set-points of WOB, 
RPM, and flow rate to provide the best performance and improve the drilling efficiency. 

Working Hypotheses: 

The qualitative trend analysis (QTA) used in this study, is a data-driven tool that processes data to extract and 
analyze the trends from the measured signals. For the ROP trend extraction, the key outcome is the classification 
into stationary, falling, and rising trends. The developed QTA method can precisely predict the ROP trend, and 
then adjust the real-time drilling parameters like WOB, RPM, and flow rate to achieve higher or lower ROP values 
depending on the situation downhole. The results will be tested using OpenLab Drilling Simulator developed by 
NORCE. 
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Methodology: 

Due to many data set points that might be needed for ROP simulations, OpenLab simulator and MATLAB are 
integrated to make it easy to observe how ROP reacts as other parameters like WOB and RPM change with time. 
The novel data analytic technology, makes it possible to extract, analyze and improve ROP trends. However, the 
scope of my thesis is to first test the competence of the OpenLab simulator with field data, expand the MATLAB 
script to account for ROP values at each time step, and optimize the rate of penetration (ROP) by checking for 
ROP values in real-time after a set time step and making changes where necessary. 

Expected Outcomes: 

• Expand the MATLAB script to account for ROP values at each time step 
• ROP optimization 
• Deliver a conference paper for OMAE 2023 
 

9. Software Development and Model Integration  

9.1 API 

API or (application programming interface) is an interface or communication protocol between different parts of 
a computer program intended to simplify the implementation and maintenance of software. Our API will scale 
up the connectivity of the simulator as it will provide a connection with external systems and software. 

Our primary focus for API is to use a JavaScript framework called Electron. It combines the best web technologies 
and is cross-platform. This library is used to create desktop GUI applications with web technologies like JavaScript, 
HTML, and CSS. The final goal for this API is to make our system open source. Any students or researchers can 
use this API and continue their research using all the data.  

9.2 GUI Layout 

The primary purpose of developing the web GUI is to take the input from the user and show the outcomes in a 
web application. The web GUI mainly works combine of three parts: the backend, the frontend, and the 
database. In the frontend, the user can insert the inputs as well as can change some specific attributes in the 
simulation time. The final simulation will be done in the backend and uploaded to the team’s web server then 
save all the data into the database, and finally, it generates an application program interface (API) for the 
frontend.  

9.3 Coding 

Three most popular design patterns are MVC, MVP, and MVVM. MVC stands for Model-View-Controller, MVP 
for Model-View-Presenter and MVVM means Model-View-View-Model. All these design patterns are widely used 
in developing applications that are loosely combined, easy to test and maintain. MVC is one of the simple 
software design patterns. It turns a complex process into a user friendly one. 
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Figure 9.0: MVC Design pattern 

 

 

 

 

 

 

 

 

 

 

Model: 

The Model is a group of classes that explains all logic, including the data model and task model (data access 
operations). Additionally, it specifies the task guidelines for data manipulation and alterations. 

View: 

The user interface element is represented by the View. The data that the view receives from the controller is 
shown as the result. In addition, the model(s) are transformed into the user interface. 

Controller: 

The Controller oversees handling incoming requests. It receives user input through the View, processes that input 
through the Model and then returns the results to the View. Typically, it serves as a go-between for the View and 
the Model. 

As this web GUI used the same process for the coding structure, the following table shows the different parts 
and used coding languages. 

Pattern Parts Model View Controller 

Used Languages or 
coding languages 

JavaScript, 

PHP5 

HTML5, CSS3, 

Ajax, Bootstrap 

PHP and JavaScript 

Table 2. Used languages 
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9.4 Inputs/Outputs 
There are two buttons on the execution control: Start and Stop. When the simulation is finished, the system 
should shut down automatically. However, there is a stop button on the GUI that can be utilized if something 
goes wrong. 
 
The following information will be displayed on the screen: 
 

• Flow In 

• Flow Out  

• Flow Back 

• Stand Pipe Pressure (SPP)  

• Bottom Hole Pressure (BHP) 

• Bit Pressure 

• Annulus discharge pressure (ADP) 

• Choke Opening  

• Depth (MD & TVD) 

• Bit Depth 

• Surface Revolutions Per Minute (RPM) 

• String Velocity  

• Rate of Penetration (ROP) 

• Density In  

• Influx Mass 

• Influx Rate  

• Mud Loss 

• Loss Rate 

• Change Rate 
  

10. Data Management and Analytics  
Data management consists of collecting, storing, and arranging data which can then be used to perform tasks 
such as data analysis and visualization. A Database Management System (DBMS) is used for this purpose as it 
serves as an interface between an end-user and a database, allowing users to create, read, update, 
and delete data in the database (Reddy et al, 2018). A suitable system is selected which has the following 
characteristics: 

• Capacity: It should be able to handle a large amount of data and be able to store it efficiently. 
• Relationships: Multiple datasets can be linked together logically. 
• Speed: Data stored needs to be accessed and searched multiple times, at a reasonable speed. 
• Compatibility: Other software and platforms being used for analysis and visualization purposes must be 
compatible with the DBMS. 
 

Dynamic Time Warping 

Drilling parameters are related to each other, i.e., a change in one would affect the values of the other variable. 
It can be stated that the two variables have a similarity and have a certain distance between them and if the 
distance between them changes from a specified range it can help in detecting an anomaly in the process. 

One way to calculate the distance between two time series is to find the Euclidean distance. However, in the 
case of drilling many variables are not in phase or out of sync. Therefore, to arrange the time series in a way that 
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the distance between the similar points in the two-time series is found, Dynamic Time Warp (DTW) technique 
can be applied.  

 

Figure 10.1: Euclidean vs DTW Matching 

DTW takes into consideration the fact that the two-time series being compared may vary in length and speed. 
By using the above ways, the time series data is analyzed and modified according to the application in which it is 
being used. Modification of the data helps in extracting the features easily and thus helps in the training of the 
machine learning models.   

Data Sharing   

This project aims to make findings, data, and research accessible to everyone to promote collaboration. This 
helps researchers not to repeat already done research and use it to build upon the research of others.  

As discussed, the web API has a data-sharing feature, from where the selected data can be downloaded either 
as plots in image format or as an Excel file. From the Excel files, graphs of the required data can be re-plotted. 

11. Human Factors  
The goal of human factors is making the human interaction with the system one that: 

• Reduces error. 

• Increases productivity. 

• Enhances safety. 

• Enhances comfort. 

This is because any complex, engineered system that is wholly reliant upon human operators to achieve results 
is likely to experience issues. Humans are not consistent at monitoring tasks. They are prone to make wrong 
decisions which are influenced by external factors. 

In this study, we shall look at the tools that facilitate the achievement of these goals mentioned above. 
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Role of Automation 

The complexity of all types of operations (for example, drilling operations) increases, and they have become 
more common. Nevertheless, technology has evolved quite a bit over the years, and it offers several tools to 
overcome problems or issues. Automation in tasks is the best solution to these complexities in operations. 

Machines, especially computers, are now capable of carrying out many functions that at one time could only be 
performed by humans. Moreover, it has also been extended to functions that human beings do not want to do 
or cannot perform accurately. Automation includes issues such as receiving, transmitting, storing, and retrieving 
information about the status of devices using technology and software tools as well as object management for 
achieving a predetermined purpose. 

In a dynamic global industry like oil and gas, reducing errors and boosting safety are critical significance and there 
has been a huge interest in developing automated systems in different areas. For example, drilling operations, it 
is one major where automation can make positive impacts. Automating manual portion of that process, like pipe 
handling and pressure drilling, can significantly reduce safety risks, and speed up the overall drilling process. 

Fitts List 

Automation cannot simply supplant human activity but rather changes it. We must recognize that the integration 
of automation and human interference can work properly to improve performance. 

Human surpass machines in respect to:  

• Ability to improvise and use flexible procedures. 

• Ability to exercise judgment. 

• Ability to store very large amounts of information for long periods and to recall relevant facts at the 
appropriate time (experience). 

• Ability to reason inductively. 
 

Machines surpass humans in respect to: 

• Ability to respond quickly to control signals and to apply great force precisely. 

• Ability to perform repetitive, routine tasks. 

• Ability to reason deductively, including computational ability. 

• Ability to handle highly complex operation, i.e. to do many different things at once. 

Role of Humans 

Although automation has several advantages in different areas, it does not mean that "humans are not allowed". 
Indeed, humans remain essential, even in highly automated systems, because we can adapt to new and 
unforeseen situations and come up with creative solutions. Consequently, humans must monitor the system, be 
able to understand how the technology works, and intervene when it fails. 

Levels of Automation of Decision and action selection 

Automation refers to the full or partial replacement of a function previously carried out by the human operator. 
It can vary from the lowest level of fully manual performance to the highest level of full automation. 

1. The computer offers no assistance/human must take all decisions and actions. 
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2. The computer offers a complete set of decision/action alternatives to do the task, and human must do 
it. 

3. The computer narrows down the selection to just a few. 

4. The computer suggests one alternative. 

5. The computer executes the suggestion if the human approves. 

6. The computer allows the human a restricted time to decide before automatic execution. 

7. The computer executes automatically, then it informs the human. 

8. The computer executes automatically, then it informs the human only if it is asked. 

9. The computer executes automatically, then it informs the human only if it decides to. 

10. The computer decides everything, and acts autonomously, ignoring the human. 

This 10-point level automation taxonomy has recently been adopted by the Drilling Systems Automation 
Roadmap. 

The current level of automation in Drilling operations 

The goal of drilling-systems automation is to increase productivity and quality, improve personnel safety, and 
effectively manage risk. Principal drivers of drilling automation include well complexity, data overload, efficiency, 
repetitive well manufacturing, access to limited expert resources, knowledge transfer because of the exodus of 
skilled employees, and health, safety, and environmental concerns. With so many drivers, and their potential 
economic benefits, it is understandable that there are many automation-related initiatives within the industry. 

The levels of Automation in drilling operation shown in Figure 1 are ranked from 1 to 10. 

For Drillbotics, our goal is to highlight key and sub-sectional area of the drilling operation which is Well Control. 
According to Macpherson, well control systems are ranked L5-L7, meaning that the need for human intervention 
is minimal but required. 

  

Figure 11.0: Levels of automation in Drilling operations by Jhon D. Macpherson (SPE 166263). 

Past blowout incidents/accidents have reflected the need for rigorous safety measures, ensuring safe and 
environmentally responsible drilling operations. Devising some well control automation systems will enable fast 
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identification, decision making, and reaction to well control events. Some of the latest technologies aim to reduce 
well control risks (e.g automated well control solutions by Safe Influx), and give support to the driller, 
dramatically reducing our exposure to risks from human factors. The system must have the ability to detect the 
presence of a fluid influx condition in a wellbore, make a decision against criteria to favor a shut-in, and then 
automatically protocol that results in the well-being safely shut-in.  

The advantages of this revolutionary technology are that we can reduce the size of an influx compared to 
conventional techniques. This implies reductions in delays, costs, and operational issues in getting back to drilling. 

12. Open Source 

The goal of the web application as discussed earlier is to make resources and research freely available for other 

students and researchers. In addition to being able to download datasets and plots, the source code can also be 

downloaded from GitHub and Bitbucket. The RESTful API allows for transfer of data upon the request of the user, 

which can be used by others for their research and modification of source code as required.  

 

Figure 13.0:  Restful Web Services Architecture 

13.Plan for Phase II 
In this year's competition, the team is primarily made up of students enrolled in different master's programs. 
This multidisciplinary team as well as an advice from a teacher from the Petroleum Engineering Department 
forms the best combination to be able to model a real-time drilling simulator. 

UiS Drillbotics held biweekly meetings to introduce team members to its previous and upcoming projects and 
objectives for the years 2022-2023. The meeting also included an update for the rest of the team on our progress 
over the past week(s). Several workshops were held to plan, discuss some issues regarding the development of 
the real-time drilling simulator as well as how to integrate the work of each team member. 

Team meetings are usually held in a meeting room at the University of Stavanger. However, in a situation where 
a team member is unable to attend physically, they can attend virtually via Microsoft Teams. 

Most team A members are graduating in the spring of 2023. Their master thesis topics are going to be developed 
based on their work on various simulator models.  
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14. Budget 
The cost of the project is difficult to estimate since the global pandemic has changed how the work is done. 
However, the team needed high-performance computers to perform the simulation and construction of the GUI 
of the Real-Time Drilling Simulator. 

Since team A is developing a virtual solution to a drilling problem, not many resources are needed besides 
computational resources, and minor expenses for completion of the first phase of the competition. However, 
the university has approved a yearly budget of 200 000kr which is accessible by both teams A and B. 

In a situation where the key members of team A may have to travel for the competition, hotel costs range from 
10000 Kr to 20000 Kr, and the cost of the flight tickets is about 3000 Kr for each member. 
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Abbreviations 

DPSIP - Shut-in drillpipe pressure 

CSIP - Shut-in casing pressure 

O&G - oil and gas  

E&P - exploration and production  

HSE - health, safety, and environment  

BOP - blow out preventer  

AUSMV - advection upwind splitting method  

BHP - bottom hole pressure  

WHP - wellhead pressure 

LSTM - Long short-term memory 

RNN - Recurrent neural network 

SVM - Support vector machine 

SSAE - Stacked sparse autoencoder 

MWD - Measurement while drilling 

 

 


