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Abstract

Early kick/loss detection is a crucial part of safe well con-
trol, and it plays a major role in the reduction of risk and
non-productive time in drilling. In conventional drilling,
topside sensing is used for early kick/loss detection. Re-
cently, Venturi flowmeter based online return flow esti-
mation has been introduced for this purpose by the au-
thors. In managed pressure drilling, both topside sensing
and bottomside sensing can be used for kick/loss detec-
tion. Therefore, a topside return flow estimator with a
bottomside well pressure and flow estimator is combined
to provide a complete kick/loss detection and estimation
scheme for managed pressure drilling systems. This al-
lows improved kick/loss detection. In addition, a closed-
loop kick/loss attenuation controller is used to illustrate
the estimation scheme.

Keywords: kick loss detection, managed pressure drilling
(MPD), return flow, adaptive control, UKF

1 Introduction

1.1 Background

Oil and gas drilling is done by penetrating a rotating drill
bit into the rock formation, creating a wellbore. The for-
mation is a high pressure and temperature environment.
Therefore, a drilling fluid known as mud is continuously
circulated through the wellbore. This circulation process
is usually divided into two parts: bottomside (wellbore)
and topside (section on the surface).

The bottomhole pressure (BHP) is maintained within
a window for safe operation. If BHP is lower than the
formation fluid pressure, formation fluid may enter the
wellbore. This phenomenon is commonly referred to as
a ‘kick’ which could result in a catastrophic blowout if
not controlled properly. If BHP is higher than the fracture
pressure of the formation, the drilling mud may seep into
the formation, which is known as a ‘loss’.

Early kick/loss detection is a crucial part of safe well
control, and it plays a major role in the reduction of
risk and non-productive time in drilling. In conventional
drilling, this is primarily achieved by using the topside
data, mainly the return mud flow measurement, and the
volume gain in the mud pit. For the return flow, cost-
effective, accurate and online sensors are needed in this
regard. For applications with narrow pressure margins, a
control choke and a back-pressure pump are used to con-
trol the BHP fast and accurately. This is known as man-
aged pressure drilling (MPD).

The topside sensing includes among other measure-
ments: return flow measurements, mud pit gains, and
other respective rheological properties of the drilling mud
that is essential for normal drilling operations. However,
the rheological measurements are often offline, manual
measurements with low frequencies and not eligible for
automation purposes.

1.2 Previous Work on Topside Sensing

A Venturi flowmeter based online return flow estimation
has been studied recently. The fluid level changes in
the open channel is measured non—intrusively and used
to model the fluid flow rate. Both mechanistic and data-
driven models are used for this purpose (Berg et al., 2015;
Chhantyal et al., 2018; Jinasena et al., 2018; Welahet-
tige, 2019; Jinasena, 2019; Jondahl, 2020; Berg, 2020).
Further, these fluid level characterizations are used as in-
puts to different data-driven models for the estimation of
the drilling fluid rheological properties (Chhantyal et al.,
2016). Moreover, some of the fluid rheological properties
which are essential for the drilling operation (mainly vis-
cosity and density) are estimated using ultrasonic waves in
a stationary medium (Jondahl and Viumdal, 2018, 2019;
Jondahl, 2020). The estimations were done by using dif-
ferent data-driven models, and the estimation errors were
within the NORSOK standards accuracy of 2% (Jondahl,
2020).
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Further, the viscosity and the flow behaviour of the
drilling mud has been studied extensively using 3D com-
putational fluid dynamics (CFD) simulations (Welahet-
tige, 2019). This has been beneficial to the different
models that can be used for return flow rate estima-
tion. High-resolution numerical schemes such as the flux-
limited-centered scheme has been applied to solve a non-
Newtonian model for open channel. This scheme is well-
balanced, positivity-preserving and has a high accuracy,
and a good resolution for discontinuities. The developed
model was tested with hydraulic jumps propagation in
open Venturi channels. Moreover, the effect of drill cut-
tings on the return flow measurements have also been stud-
ied (Welahettige et al., 2019) and a multi-fluid volume of
fluid model has been used for the CFD analyses.

These studies as a whole, improve the topside models
and the estimations. Further, these studies complement the
topside sensing and the early kick detection in general.

In this paper, we combine a topside return flow esti-
mator with a bottomside well pressure and flow estimator
to provide a complete kick/loss detection and estimation
scheme for MPD systems. In addition, to illustrate the es-
timation scheme, a closed loop kick/loss attenuation con-
troller is used.

The paper is organized as follows. The complete sys-
tem, including the mathematical models, estimation and
control methods, are presented in Section 2. This is fol-
lowed by the simulation set-up, detailed results and dis-
cussion in Section 3. Finally, the conclusions drawn from
the results and discussion are summarized in Section 4.
Further, a more detailed mathematical overview of the es-
timator schemes can be found in the Appendix A.

2 System Description

The block diagram of the considered complete flow loop
of the MPD system is shown in Figure 1. The main pro-
cess steps of the entire flow loop which are modeled are
shown here with the notations.

2.1

Both the flow dynamics in the annulus and the top-side
Venturi channel are modelled as distributed systems of hy-
perbolic PDEs, while the drill string is considered as a
known input-output system. In the annulus, the pressure
p(z,t) and flow rate g(z,t) are modelled by the well known
water hammer equations for compressible, single-phase
flows with low Mach numbers (Ghidaoui et al., 2005),
while the wetted cross-sectional area A.(x,¢) and flow rate
q;(x,t) in the Venturi channel are modelled by the Saint-
Venant, shallow water equations (Chow, 1959; Chaudhry,
2008).

The water hammer equations modelling the well flow
have the form,

Mathematical Models
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Figure 1. The block diagram of the flow loop of a MPD system.
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Here, z € [0,1] and ¢ > 0 are the independent variables
of space and time respectively, where z = [, is at the top
of the well and /, is the well depth. p is the density of the
drilling mud, B is the bulk modulus of the mud, F, is the
friction factor in the annulus, A, is the cross sectional area
of the annulus and g is the acceleration of gravity.

The two boundary conditions are the topside pressure
p(lw,1), and the net inflow ¢(0, ) at the bottom of the well.
The topside pressure p;(r) is related to the topside flow
rate g(l,,,1) through the choke equation,

q(lw,t) = kenoke (1)sign(pi(t) — po) v/ 1pi(t) — pol,  (3)
where pq is the atmospheric pressure and kcpoke 1S the
choke coefficient which can be used as an actuation. The
net inflow is modelled as a simple linear flow-pressure re-

lationship as follows (Dake, 1998),

“
(&)

Q(Oat) =J (pr*p(()?t)) + Gbit;
p(lWat) :pl<[)7

where p; is the pressure in the surrounding formation, gp;
is a known volumetric flow through the drill bit, J is the
so-called productivity-index. Both the productivity index
J > 0, and the formation pressure p, > 0 are assumed un-
known and must be estimated. The topside flow rate ¢;(¢)
is modeled using the topside model which is described
next.

The topside flow rate ¢;(x,¢) is measured by a Venturi
channel flowmeter, which uses the fluid levels i(x,?) to
calculate the flow rate based on the 1-D shallow water
equations (Chow, 1959; Chaudhry, 2008).

dp(z,1) _ B dq(z1) 0 dAc(x,h,t) — dqi(xt) ©)
ot A, dz ot N ox
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q; (x,1)
Ac 1)

(x,h
+8Ac(x,h,1) sing — T

dqi(xt) _ i

= o0——— gl cos¢> +gh

(7

Here, Ac(x,h,t) is the wetted cross sectional area in the
channel normal to the flow, & (x,¢) is the depth of flow, and
q1(x,t) is the volumetric flow rate in the channel. x € [0, /]
is the position along the channel, and [ is the length of the
channel. /1, the first moment of area represents the hydro-
static pressure term and I, represents the pressure forces in
the fluid volume, which occur from the longitudinal width
and slope variations in the channel. ¢ is the channel bot-
tom slope angle, ¢ is known as the momentum correction
coefficient or the Boussinesq coefficient and corresponds
to the deviations of the local velocity over the mean ve-
locity of the flow, and T is the non-Newtonian friction
term.

Equations 6 and 7 are used for the Venturi channel with
a trapezoidal cross section and a zero bottom slope angle.
The boundary condition for the Venturi channel is the top-
side flow rate g(l,,,¢) of the choke equation (equation 3).
The fluid levels produced by the model will be then taken
as measurements for the estimation.

The same set of equations (6 and 7) is used to model the
return flowline with a circular cross section and a 7° bot-
tom slope angle. The flowline is connected to the Venturi
by taking the Venturi outlet flow rate g, (¢) as the bound-
ary condition to the flowline model. More details on the
Venturi channel model and the return flowline model can
be found at (Jinasena et al., 2019; Pirir et al., 2018),
respectively.

The active mud pit level Ay, is modeled by the simplified
mass balance equation as follows (Pirir et al., 2018),

dhm _ 1

=—(q

dr Ay ®)

— loss — qump);

where Ay, is the cross sectional area of the active mud pit,
Gloss 1S the fluid losses at solid removal equipment and
Gpump is the mud flow in to the well which is measured
by the mud pump. Here g; is the outlet flow rate of the
flowline.

The density of the drilling mud is assumed to be con-
stant throughout the flow loop, and only a single phase
(liquid) flow is considered with no gas or cuttings flow.

The return flow rate from the Venturi channel, and the
mud pit level are estimated. Further, the topside model al-
lows to estimate the non-Newtonian friction coefficient of
the mud and the fluid losses from the solid removal equip-
ment as well (Jinasena et al., 2019; Jinasena and Sharma,
2020). However, the friction coefficient and fluid losses
are not estimated in this study as the focus is on the well
dynamics.
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2.2 Estimation and Control Methods

The main objective of this study is to use this combined
model to estimate the reservoir pressure and the BHP,
which can be an input to the kick/loss attenuation system.

The system configuration is shown in Figure 2. The
available measurements for the system are the fluid levels
of the Venturi channel and the mud pit level. The topside
estimator uses both of these measurements to estimate the
return flow rate. The return flow estimates are used as an
input to the bottomside estimator, where the annulus pres-
sure and flow, and the reservoir pressure and productivity-
index are estimated. All estimated states and parameters
are then used to guide a closed-loop kick/loss attenuation
system by adjusting the top-side MPD choke opening.

In this study, for the topside estimator, we use the esti-
mator presented in (Jinasena et al., 2019) which is based
on an unscented Kalman filter (UKF). For the bottomside
estimator we use the adaptive observer design presented
in (Holta et al., 2017).

2.2.1 UKF

The return flow rate, the non-Newtonian friction coeffi-
cient and the rate of fluid loss at the solids removal sys-
tem can be estimated by the UKF (Jinasena and Sharma,
2020). One of the fluid levels of the Venturi channel can
be used as an input, if preferred. However, in this study,
two fluid levels are used as measurements and no input is
used for the estimator. Further, only the return flow rate
is estimated for simplicity. More details on the UKF can

be found in (Jinasena et al., 2019; Jinasena and

Sharma, 2020) and a brief explanation is given in
Appendix A.2.

2.2.2 Adaptive Observer

The distributed pressure p(z,z) and flow ¢(z,7) in the
annulus, are estimated using a distributed-state observer
which is derived using the so-called infinite-dimensional
backstepping design. The unknown reservoir pressure p;
and the productivity index J are estimated by an adaptive
law based on a linear parametric model. Both the topside
choke pressure and the estimated return flow are consid-
ered as external inputs to the observer. All necessary de-
sign elements needed to implement the adaptive observer
are provided in Appendix A.l1. More details on the ob-
server design, including stability proofs can be found in

(Holta et al., 2017).
238
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Figure 3. The pressure p, and flow rate ¢, along the well depth.
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Figure 4. The model results, (a) reservoir pressure p; and well
pressure po, (b) flow through bit gy, bottom hole flow rate go
and return flow rate ¢g;, (c) control signal p;, and (d) mud pit
level hy,.

2.2.3 The Choke Controller

Based on the return flow estimates, the well flow and pres-
sure estimates, and the estimated reservoir properties, a
desired topside choke pressure is computed by the kick-
/loss attenuation system. The kick/loss attenuation system
is derived using the infinite-dimensional backstepping ap-

proach. In (Holta et al., 2017), stability is proved for
the closed loop system consisting of the bottomside
estima-tor and the pressure controller. From the choke
equation (Equation 3), the variable choke opening
kehoke (t) can be adjusted to match a given return flow
estimate and desired topside pressure.

3 Results and Discussion

The bottomside model and estimator are implemented in
MATLAB using a 1% order upwind scheme for the spa-
tial discretization and Euler scheme for the temporal dis-
cretization. The topside model and estimators are imple-
mented in MATLAB using orthogonal collocation for the
spatial discretization and Runge-Kutta 4™ order scheme
for the temporal discretization.

The simulation results of the well model, mainly the
pressure p, and flow rate g, for constant input values can
be seen from Figure 3. The linear relationship of pressure
with the well depth can be clearly seen.

The simulation results of the combined model with a
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Figure 5. The estimated reservoir pressure (p;) and BHP (o)
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Figure 6. The estimation error of BHP (pg — po) and reservoir
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Figure 7. The estimated volumetric flow rates gy and §; against

the flow through drill bit gy;;.

known reservoir pressure, and known flow through bit are
shown in Figure 4. The objective of keeping the BHP
close to the reservoir pressure is achieved with a small
time lag of about 40 s as shown in (a) in Figure 4. Fur-
ther, the control signal and the mud pit volume are shown.

The estimated BHP and the reservoir pressure using the
bottomside adaptive observer are shown in Figure 5 to-
gether with the actual reservoir pressure.

The estimation error between the estimated BHP and
the actual BHP is shown in Figure 6 as well as the esti-
mation error between the estimated and actual reservoir
pressure. The estimation error of the reservoir pressure is
quite high due to the time lag. However, the BHP estima-
tion error is comparatively low.
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Figure 9. The estimated volumetric flow rates along the Venturi
channel (g;, and §;,) with the actual flow rate g;.

Similarly, the observer results of the estimated volumet-
ric flow rates at bottom and top of the well are shown in
Figure 7 together with the volumetric flow rate through
the drill bit. The change of the estimated parameter, pro-
ductivity index, with the change of reservoir pressure can
be seen in Figure 8 against the constant value used in the
model.

The topside estimator results of the volumetric flow
rates along the Venturi channel are shown in Figure 9 with
the model result from the bottomside model. The numer-
ical oscillations on the actual flow rate are filtered out by
the UKF along the channel length as seen on the flow rate
estimation of the third position of the channel. This flow
rate is then used in the active mud pit model to estimate
the mud pit level. The estimated mud pit level is shown
in Figure 10 with the actual mud pit level. Since the flow
rate fluctuation during disturbances are quite low, the mud
pit level fluctuation is also comparatively low.

The estimation errors of different flow rate estimates
are shown in Figure 11. The estimation error of the flow
rate at the bottom of the well and the estimation error of
flow rate at the top of the well are quite high similar to the
pressure estimation error of the observer. However, the
estimation error of the Venturi flow rate is comparatively
low. Although the high estimation errors exist when con-
sidered separately, the estimated flow rate at the top of the
well (return flow rate) for the complete system is taken to
be the estimated Venturi channel flow rate.
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4 Conclusions

The complete flow loop of a managed pressure drilling
system is tested for a novel, mathematical model-based
kick/loss detection scheme. A topside return flow esti-
mator is combined with a bottomside well pressure and
flow estimator to provide this complete kick/loss detec-
tion scheme. The topside flow rate estimator consists of a
Venturi flowmeter, return flowline and the active mud pit.
This return flow estimate is then used as input to the bot-
tomside wellbore estimator. The distributed pressure and
flow rate in the annulus, and the unknown reservoir pres-
sure and the productivity index are estimated by an adap-
tive observer. The topside and bottomside estimators are
then used in closed loop with a topside choke controller.
The bottomhole pressure is controlled to be equal to the
estimated reservoir pressure and the kick/loss is attenu-
ated in a simulation environment. The estimation results
are accurate and show improved kick/loss detection and
attenuation capability.
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A Appendix

The details of the estimators are briefly stated in this sec-
tion.

A.1 Adaptive Observer

The system described in equations 1 - 5 can be written in
an equivalent characteristic form using its Riemann coor-
dinates (u,v), which are obtained through a linear transfor-
mation of variables (p,q) — (u,v) (see for example

(Aamo, 2013)):

3M(Zn ) +AaM(Zn7 =C] (Zn)v(zlht) (9)

aV(Zm ) _Nava(z“’ —C2(Zn)u<2n7t) (10)

u(0,1) =6,v(0,) + 6 (1)

v(11) =U (1) (12

y(t) =u(1,1) ()

Here, z, € [0,1] and 7 > 0 are the independent variables,

while u(zn,?) and v(zs,?) are the transformed states of the
system. Further, A, > 0, and ¢|(za),c2(zn) € C([0,1])
are known, while 6;, 6, are unknown parameters given
uniquely by the unknown reservoir parameters J, p;. U(?)
and y(¢) are uniquely given by the topside pressure p;(t)
and topside flow ¢;(z).

The following observer is designed for the system.

984 298 ¢y (20)+ Pi(znt) (1) —a(1,1)]  (14)
P — g =co(z)ii+Pr(zn,t) [y(1) —a(1,0)]  (15)
4(0,1) =6,9(0,1) + 6, (16)
v(1,1) =U(¢) (17)

Here, i,V are the system state estimates, 0,6, are the pa-
rameter estimates and Py, P> are the output injection gains
satisfying

Pi(x,t) =AP"(x,1,1)
Py(x,t) =AP"(x,1,1)

(18)
19)

where the kernels P*, P” are the unique solution to the sys-
tem

P(x, 1) + AP (x,8) + AP (x,8) =c1 (x)P"(x,§) (20)

P (x,6,1) = uP{(x,8) + AP; (x,8) =c2(x)P“(x, &) (21)
v o Cz(x)

P’ (x,x) “T+u (22)

P(0,&) =6,P"(0,£). (23)

The equations are solved by a finite-difference method
over a selected triangular discretized mesh of space.
The parameter estimates 0,60, are generated by the
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adaptive laws

; 3()—v(t)0—6 -
0,(r) = T v() fort>ip o1
0 otherwise
; O (t)—(1)8; -6
6,(t) = r 2<Vh‘rtl 2 fort>tp (25)
0 otherwise
where

(1) =y(t) — a(1,2) 4 01 (t — do)¥(2) + 6o (r — dy)  (26)
v(t) =9(0,t —dgy)
)d&

+/0]pV(o,&j,—t—da)y(f—
_/]pV(o,g,—t—da)a(l,t—5)d€
0 A

5
A
27

A.2 UKF

The shallow water equations (equations 6 and 7) can be
simplified into ordinary differential equations using the
orthogonal collocation (for example using 3 collocation
points) as follows.

o Z L (28)
dg, > qu
o ——ZMUA Z Ill.costp
i=1 ¢
+gA¢; sin¢ — T, 29)
1 -3 4 -1
MZT -1 0 1], (30)
cl11 -4 3

Here i,j € [1,2,3]. The detailed derivation of the equa-
tions can be found in (Jinasena et al., 2017). This
sim-plified non-linear system for the UKF can be
written in discrete time form as follows,

€2y
(32)

Xir1 =Jo(Xie 1) +wie(tx),
Yk =CXj +vi(te),

The function f, represents the nonlinear model given
by Equations (28)—(30) and (8) for hi, qy;, and i, respec-
tively. k is the discrete time index. The measurement noise
in the measured output at #; is denoted by v, € R"™, where
vi ~ A (0,R). Similarly, wy € R™, where wy ~ .4(0,0Q)
accounts for process noise. Here, ny, and ng are the num-
ber of measurements and number of states, while R and
Q are the covariance matrices for measurement noise and
process noise, respectively.

The states and measurements can be chosen from
the available fluid levels as preferred, based on the
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necessity and observability. For example; X = M A matrix
[y b2 h3 qi, qi, qi, hm]" and y = [l hy hy]" is chosen
for faster convergence of the observer, thus C becomes as  "'m Number of measurements, UKF
follows, N Number of states, UKF
0100000 p Pressure
cC=10 01 0 0 0 O]. (33)
0000O0O0°1 Py, P, Output injection gains
The estimated return flow rate g;, or gy, is then used in the  pg Atmospheric pressure
bottomside estimator. )
Pr Reservoir pressure
Nomenclature , , ,
(0] Covariance matrix for process noise
) ) q Volumetric flow rate
a Momentum correction coefficient
- Gvit  Volumetric flow through the drill bit
B Bulk modulus of the drilling mud
) qloss  Fluid losses at solid removal equipment
A, u  Eigen values
q Mud pump flow rate
¢ Bottom slope angle of the channel pamp pump
) . R Covariance matrix for measurement noise
P Density of the drilling mud
t Time
01, 6, Boundary parameters
T; Non-Newtonian friction term
. U Control input
Aa Cross sectional area of the annulus
) u Transformed state, pressure
Ac Wetted cross sectional area of the channel
. . . V Transformed state, flow rate
Anm Cross sectional area of the active mud pit
) Vi Measurement noise
C Measurement matrix of the UKF
. W Process noise
c1, ¢ Design parameters
. X States of the UKF
F, Friction factor of the annulus
X Position along the channel length
Ja A nonlinear function g g
. . Measurement vector
g Acceleration of gravity Y
. Position along well depth
h Fluid level . £ p
. . Normalized position along well depth
hm Active mud pit level n p g p
L First moment of area References
b Pressure forces in the fluid volume Ole Morten Aamo. Disturbance Rejection in 2 x 2 Linear Hy-
perbolic Systems. IEEE Transactions on Automatic Control,
J Productivity index 58(5):1095-1106, 2013. doi:10.1109/TAC.2012.2228035.
k Discrete time index Christian Berg. Modeling for Automatic Control and Estimation
of Influx and Loss during Drilling Operations. PhD, Univer-
kenoke Choke coefficient sity of South-Eastern Norway, 2020.
1 Length Christian Berg, Anjana Malagalage, Cornelius E Agu, Glenn-
Ole Kaasa, Knut Vaagsaether, and Bernt Lie. —Model-
I Length of the channel based Drilling Fluid FLow Rate Estimation Using Ven-
turi Flume. IFAC-PapersOnLine, 48(6):171-176, 2015.
Ly Well depth doi:10.1016/j.ifacol.2015.08.027.
DOI: 10.3384/ecp20176236 Proceedings of SIMS 2020 242

Virtual, Finland, 22-24 September 2020


https://doi.org/10.1109/TAC.2012.2228035
https://doi.org/10.1016/j.ifacol.2015.08.027

SIMS 61

M. Hanif Chaudhry. Open-Channel Flow. Springer, New York,
2nd edition, 2008. ISBN 9780387301747.

Khim Chhantyal, Hakon Viumdal, Saba Mylvaganam, and Geir
Elseth. Estimating viscosity of non-Newtonian fluids using
support vector regression method: Rheological parameters of
drilling fluids using data fusion. SAS 2016 - Sensors Ap-
plications Symposium, Proceedings, pages 285-290, 2016.
doi:10.1109/SAS.2016.7479860.

Khim Chhantyal, Morten Hansen Jondahl, and Hékon Vium-
dal. Upstream Ultrasonic Level Based Soft Sensing of
Volumetric Flow of non-Newtonian Fluids in Open Venturi
Channels. IEEE Sensors Journal, 18(12):5002-5013, 2018.
doi:10.1109/JSEN.2018.2831445.

Ven Te Chow. Open-Channel Hydraulics. McGraw-Hill, New
York, 1959. ISBN 0070107769.

L. P. Dake. Fundamentals of Reservoir Engineering. Elsevier,
Amsterdam, 17th edition, 1998. ISBN 0-444-41830-X.

Mohamed S. Ghidaoui, Ming Zhao, Duncan A. Mclnnis, and
David H. Axworthy. A review of water hammer theory and
practice. Applied Mechanics Reviews, 58(1):49-76, jan 2005.
doi:10.1115/1.1828050.

Haavard Holta, Henrik Anfinsen, and Ole Morten Aamo.
Adaptive Set-Point Regulation of Linear 2x2 Hyperbolic
Systems with Uncertain Affine Boundary Condition using
Collocated Sensing and Control. In 2017 Asian Control
Conference, (ASCC), pages 2766-2771, Australia, 2017.
doi:10.1109/ASCC.2017.8287615.

Asanthi Jinasena. Models and Estimators for Flow of Topside
Drilling Fluid. PhD Thesis, University of South-Eastern Nor-
way, 2019.

Asanthi Jinasena and Roshan Sharma. Estimation of Mud
Losses during the Removal of Drill Cuttings in Oil Drilling.
SPE Journal, 2020. doi:10.2118/201230-PA. (in press).

Asanthi Jinasena, Glenn-Ole Kaasa, and Roshan Sharma. Use
of Orthogonal Collocation Method for a Dynamic Model
of the Flow in a Prismatic Open Channel : For Estima-
tion Purposes. In Proceedings of the 58th Conference on
Simulation and Modelling (SIMS 58), pages 90-96, Reyk-
javik, Iceland, 2017. Linkoping University Electronic Press.
doi:10.3384/ecp1713890.

Asanthi Jinasena, Ali Ghaderi, and Roshan Sharma. Model-
ing and Analysis of Fluid Flow through A Non-Prismatic
Open Channel with Application to Drilling. Mod-
eling, Identification and Control, 39(4):261-272, 2018.
doi:10.4173/mic.2018.4.3.

Asanthi Jinasena, Glenn-Ole Kaasa, and Roshan Sharma.
Improved Real-Time Estimation of Return Flow Rate of
Drilling Fluids by Model Adaptation for Friction Param-
eter. IEEE Sensors Journal, 19(20):9314-9323, 2019.
doi:10.1109/jsen.2019.2923854.

Morten Hansen Jondahl. Data Driven Models for Estimation of

Drilling Fluid Rheological Properties and Flow Rate. PhD
Thesis, University of South-Eastern Norway, 2020.

DOI: 10.3384/ecp20176236

Proceedings of SIMS 2020

Morten Hansen Jondahl and Hakon Viumdal. Estimating
Rheological Properties of Non-Newtonian Drilling Flu-
ids Using Ultrasonic-Through-Transmission Combined with
Machine Learning Methods. IEEE International Ul-
trasonics Symposium, I[US, October(255348):1-4, 2018.
doi:10.1109/ULTSYM.2018.8579796.

Morten Hansen Jondahl and Hakon Viumdal. Developing Ul-
trasonic Soft Sensors to Measure Rheological Properties of
Non-Newtonian Drilling Fluids. Technisches Messen, pages
1-14, 2019. doi:10.1515/teme-2019-0039.

Ivan Pirir, Asanthi Jinasena, and Roshan Sharma. A Dy-
namic Model for Drain Back to Active Mud Pit Com-
bined with a Well Model during Drilling.  Journal of
Petroleum Science and Engineering, 167:803-818, 2018.
doi:10.1016/j.petrol.2018.04.057.

Prasanna Welahettige. Transient drilling fluid flow in Venturi
channels : comparing 3D and 1D models to experimen-
tal data. PhD Thesis, University of South-Eastern Norway,
2019.

Prasanna Welahettige, Christian Berg, Joachim Lundberg, Bernt
Lie, and Knut Vaagsaether. Computational Fluid Dynamics
Study of the Effects of Drill Cuttings on the Open Channel
Flow. International journal of Chemical Engineering, 2019:
1-9, 2019.

243

Virtual, Finland, 22-24 September 2020


https://doi.org/10.1109/SAS.2016.7479860
https://doi.org/10.1109/JSEN.2018.2831445
https://doi.org/10.1115/1.1828050
https://doi.org/10.1109/ASCC.2017.8287615
https://doi.org/10.2118/201230-PA
https://doi.org/10.3384/ecp1713890
https://doi.org/10.4173/mic.2018.4.3
https://doi.org/10.1109/jsen.2019.2923854
https://doi.org/10.1109/ULTSYM.2018.8579796
https://doi.org/10.1515/teme-2019-0039
https://doi.org/10.1016/j.petrol.2018.04.057

	Introduction
	Domestic Hot Water
	Aims and objectives

	Methodology
	Hot Water Demand Profile
	Hot Water Tank
	Heating Demand
	Heating Control
	Constant Temperature Set-point
	On-Off Controller
	Time-of-Use Heating
	Linear Optimization

	Inputs

	Results
	Robustness of the results
	Behaviour of DHW heating controls
	Flexibility of DHW
	Load profiles

	Conclusions
	Introduction
	System overview
	Floor heating
	Heated water tank: modification
	Transport of water in pipes
	Heat transfer from water to floor
	Structure of heated floor
	Heat transfer from water to aluminum
	Heat transfer to plates

	Heat transfer related to room

	Dynamic model
	Heated tank
	Floor heating/heat exchanger
	Board models
	Room model
	Model parameters

	Simulation results
	Conclusions
	Bibliography
	Introduction
	System overview
	Floor heating
	Buoyancy conductivity approximations
	Original stratification expression
	Log-sum-exp approximation
	Boundary layer approximation
	Comparison of approximations

	Transport delay in heating loop

	Simulation with buoyancy approximations
	Heated tank
	Heated tank + floor heating loop

	Model analysis
	Step response
	Parameter sensitivity
	Poles and zeros
	Bode plots

	Conclusions
	Bibliography
	Introduction
	Method
	Governing equation
	Numerical procedure
	Problem setup

	Results and Discussions
	Energy budget
	Performance of green façades in different climates and seasons
	Impact of convective heat transfer coefficient

	Conclusions
	Smart buildings
	Heat and power model
	Input data
	Climatic data
	Households characteristics
	Small-scale production system
	Simulation time resolution and horizon
	Electricity contracts

	Modelling framework
	Power consumption
	Thermal demand
	Optimisations

	Output data

	Down-scaling simulation
	Scaling and multiplying

	Results and discussions
	Power demand
	Power profile distribution
	Dataset comparison

	Thermal demand
	PV generation

	Conclusions
	Introduction
	Method
	Case study: Esbjerg District Heating
	Model
	Heat pump model
	Heat Pump System
	Control


	Heat Pump Concept Optimisation
	The Concept Optimisation Problem
	Micro-Genetic Algorithm
	Cost Function
	Cost: Coefficient of Performance
	Cost: Heating Capacity
	Cost: Investment and Depreciation Expense


	Results and Discussion
	Optimisation
	Convergence
	Optimised Heat Pump Concept

	Sensitivity Study
	Variations in Costs for Electricity
	Adjusting the Benchmark for Investment Cost
	Changes in Effects of Economy of Scale


	Conclusion
	Introduction
	Model Development
	Model Derivation
	Dimensionless Model
	Numerical Approach and Stability

	Results and Discussion
	Effect of Initial and Process Parameters
	Reduction of Energy Consumption
	Comparison with Reported Literature Values

	Conclusions
	Acknowledgments
	Introduction
	Background
	Previous work
	Overview of the paper

	Solution of the Counter-Current Heat Exchanger Model
	Linear regression
	Nonlinear regression
	Results and Discussion
	Conclusions
	Bibliography
	Introduction
	Hydro Power
	Modelica
	Goal and Scope

	Mathematical Description
	Mass Balance
	Momentum Balance
	Connecting Mass and Momentum Balance

	Implementing in Modelica
	Reservoir
	Parameters
	Basic Principles

	Connect Multiple Reservoirs
	Hydro Power Plant Model
	Simulations with Aurdalsfjord

	Discussion
	Implementation of Model
	Simulation Results

	Conclusion
	Introduction
	Background
	Previous studies
	Outline of the paper

	Surge tanks and their operation
	Simulated Responses
	Case study: Trollheim HPP
	Total Load Rejection (TLR)
	Effect of diameter of orifice and throat for TLR
	Total Load Acceptance (TLA)
	Partial Load Rejection (PLR)
	Partial Load Acceptance (PLA)

	Case study: Torpa HPP

	Results, and Discussions
	Conclusions
	Bibliography
	Introduction
	Background
	Previous studies
	Outline of the paper

	Model Developement
	Surge tanks
	Simple surge tank
	Sharp orifice type surge tank
	Throttle valve surge tank
	Air-cushion surge tank

	Draft tube
	Conical diffuser
	Moody spreading pipes


	Simulated Responses and Results
	Responses for surge tanks
	Responses for draft tubes

	Conclusions and Future Work
	Bibliography
	Introduction
	Lime Production
	Lime Shaft Kilns
	The Lime Kilns at SSAB Raahe

	Lime Kiln Modelica Model
	Total Model
	Combustion Model
	Pre-heating Model
	Cooling Model

	Model Calibration
	Simulation Results and Discussion
	Limitations in the Modelling

	Conclusion
	Introduction
	Application of PBE to granulation process in spherodizers
	Internal coordinate
	External coordinate

	Application of PBE to granulation process in rotary drums
	Simulation Results and Discussion
	Simulation Setup
	Simulation results for granulation in spherodizers
	Simulation results for granulation in rotary drums

	Conclusions
	Acknowledgment
	Introduction
	Population Balance Equation (PBE)
	Numerical schemes for layering term discretization
	Numerical schemes for agglomeration term discretization
	Hounslow's scheme
	Cell average scheme
	Fixed pivot scheme
	Kumar et al.'s new finite volume scheme

	Simulation Results and Discussion
	Simulation Setup
	Comparison of numerical solutions for layering process
	Comparison of numerical solutions for agglomeration process

	Conclusions
	Acknowledgment
	Introduction
	Background
	Previous work
	Overview of the paper

	Overview of Industrial Granulation
	Fertilizer granulation
	Granulation loop
	Production challenges
	Problem limitation

	Model implementation details
	Overview of model
	MATLAB
	Julia
	C-code/DLL
	Comparison

	Model linearization in Julia
	Conclusions
	Bibliography
	Introduction
	Governing Equations
	Low Reynolds Model
	High Reynolds model
	Boundary Conditions
	Transfer coefficient

	Computational Methodology
	Model Comparison

	Results
	Validation
	Conclusion
	Introduction
	Background
	Previous Work on Topside Sensing

	System Description
	Mathematical Models
	Estimation and Control Methods
	UKF
	Adaptive Observer
	The Choke Controller


	Results and Discussion
	Conclusions
	Appendix
	Adaptive Observer
	UKF

	Introduction
	Methods
	Simulation Environment Set-up
	Auto-Tune IADC

	Results
	Case 1: IADC performance in homogeneous formation
	Case 2: IADC performance against changing formations
	Case 3: IADC with ART

	Conclusion
	Acknowledgment
	Introduction
	Background
	Previous work
	Overview of paper

	Helicopter mechanistic model
	Laboratory helicopter
	Geometry of helicopter
	Kinetic energy of helicopter
	Potential energy of helicopter
	Helicopter torques
	DAE formulation of model
	ODE formulation of model

	Preliminary model fitting
	Experimental data
	Preliminary model fitting

	Hybrid model
	Neural torque extensions
	Equation discovery

	Conclusions and Future work
	Nominal parameters and operating conditions
	Bibliography
	Introduction
	Linear periodic differential systems
	Stability of periodic systems
	Control design
	Conclusion
	Introduction
	Methods
	Results and Discussion
	Conclusion and Future Work
	Testing ERP and MES with Digital Twins
	1 Introduction
	2 Pilot Production Environments
	2.1 Educational Cyber-Physical Factory
	2.2 FMS Cell

	3 Digital Twins
	3.1 Python web application
	3.2 Educational Cyber-Physical Factory
	3.3 FMS Cell

	4 Results and Discussion
	5 Conclusion
	Introduction
	Mathematical model
	Transport equations
	Interfacial forces
	Boiling model

	Computational Domain and Solution Procedure
	Results and discussions
	Conclusions
	Introduction
	Numerical Method for data generation
	Data Extraction

	Deep Neural Network Architecture 
	Results and Discussion
	Validation dataset
	Test dataset
	Interpolation datasets
	Extrapolation dataset


	Conclusion and Future Work
	Introduction
	Modelling methodologies
	Nonlinear scaling
	Steady-state modelling
	Dynamic modelling

	Recursive modelling
	Recursive nonlinear scaling
	Interactions

	Multimodel LE simulation
	Composite local models
	Intelligent systems
	Evolutionary computing

	Applications
	Steady-state LE models
	Dynamic LE models
	Decomposition in LE models
	Distributed parameter LE models

	Discussion
	Conclusions and future research
	Introduction
	Related Work
	The Rust Programming Language

	EpiRust Model
	Population
	Geography
	Disease Dynamics
	Interventions
	Simulation Loop

	EpiRust Implementation
	System Requirements
	Model Correctness
	Flexibility
	Scalability
	Performance

	Architecture

	Scenarios and Results
	Baseline Scenario
	Intervention Scenario
	Results
	Reproducing the results

	Conclusion and Future Work
	Acknowledgements
	Introduction
	Function Indexing
	Range of index in arities
	Heptavintimal index encoding

	Methodology
	Usage
	Logic minimization algorithm

	Circuit schematics
	Simulation results
	Discussion
	Conclusion

