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Dynamic simulation tools

• Applications:

I dynamic optimization

I digital twins

I control design

• Example systems:

I thermal power plants

I jet engines

I HVAC systems

• Requirements: fast, accurate, and flexible



Quasi-1D thermofluid systems

• Many systems are ‘axially dominated’

• Pressures and velocity modelling:

I solve full (in)compressible flow equations

• Challenges:

I numerical methods

I source terms to capture local 2/3D flow

Figure 1: Jet engines consist of multiple axially-dominated gas paths



Quasi-1D flow

• Quasi-1D flow equations with source terms:

∂

∂t

 Aρ
Aρu
AρE

+
∂

∂x

 Aρu
Aρu2 +Ap
AρuH

 =

 SmassSmom
Senergy

+

 0
p∂A∂x

0


• Characteristics: u, u± a

Figure 2: Quasi-1D flow schematic



Compressible flow: numerical methods

• Finite-volume solution method:

I Reconstruct to interfaces (3rd-order MUSCL [4])

I Compute interface fluxes (AUSMDV [5])

I Integrate conserved variables (RK45 Cash-Karp [2])

I Flux limiter (Van Albada [3])

• Tabular fluid properties with bicubic interpolation, or CoolProp [1]



Compressible flow: boundary model

• Inlet: fluid accelerates isentropically from reservoir into domain

• Modulate reservoir pressure to achieve target mass flow

• Outlet: all kinetic energy converted to heat

BOUNDARY
MODEL

MAIN
DOMAIN

Figure 3: Compressible boundary model



Incompressible flow

• Continuity is a constraint on velocity field

• Solve with PISO algorithm (semi-implicit)

• Tolerates larger ∆t: substepping



Heat transfer

• Wall thermal dynamics:

Aw ρw Cp, w
dTw
dt

= q′′h + q′′c ,

• Nu correlation captures 2D/3D heat transfer:

q′′h = NchansUhPh(Th − Tw), Uh = Nuh k/LC, h

Figure 4: Heat transfer modelling — use correlation to capture multidimensional flow



Turbomachinery

• Momentum and energy discontinuity over interface IC

Tout, ṁtb = f ′tb(pin, pout, Tin, Ns),

• Rotordynamics:

J
dNs
dt

= Texternal − Tload

Figure 5: Turbomachinery model



Turbomachinery maps
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Figure 6: Compressor performance maps.



A systematic method correlation feature selection

• Often we wish to derive a correlation (such as heat transfer) from a
data set, but the choice of correlation terms is unclear

• We’ve used a method which combines dimensional analysis with
sparse (Lasso) regression to select correlation terms

• The process involves:

1. Identify many dimensionless groups through standard Buckingham Pi
analysis

2. Linearise the correlation form (if necessary), and normalise the
regressors

3. Use Lasso sparse regression to identify the most correlated terms

4. Use a standard regression (or other method) to determine final
correlation coefficients



An example - sCO2 heat transfer correlation

• Buckingham Pi theorem can be used to identify dimensionless
groups. Carefully selected ”repeated” properties are combined one
at a time with the remaining properties, and the exponents are
solved so all Πj are dimensionless.

• The primary Π was Nusselt number, Nu = hD
k = f(Π1,Π2...Πm)

• In our heat transfer experiment, we have four repeated variables
L,k,ρ, and µ. We had many other variables, including v, cp, g, β,
∆ρ, ∆T , f , and t, and many properties could be evaluated at Tb,
Tf or Tw, for m ≈ 200.

• After selection of repeated variables, creating dimensionless groups
can be automated simply by assigning each property a vector of
primary dimensions, and using

Πj exponents = null



L1 L2 ...
m1 m2 ...
T1 T2 ...
t1 t2 ...



T

(1)



Linearising correlation form and normalising Π

• We assumed a correlation of the form Nu = β0Π1
β1Π2

β2 ...Πj
βm ...

• In linearised form, it is ln(Nu) = ln(β0) +
∑m
j=1 βj ln(Πj)

• For sparse regression techniques, it is necessary to normalise
regressors and the regressand

X∗ij =
Xij − µj

σj
(2)

where Xij = ln(Πij), and i refers to each data point. The
regression equation then becomes

Yi∗ = ln(β∗0) +

m∑
j=1

β∗j ln(Π∗ij) + ε (3)

where β∗j = βj
σXj

σY
for i = 1...m.



Lasso sparse regression

• Lasso (Least Absolute Shrinkage and Selection Operator) promotes
sparsity in the regression coefficient vector.

• Consider two cases of regularised regression

min
β

{
Y −XβT

}
(4)

1. subject to ||β||1 < k (Lasso)

2. subject to ||β||22 < k (Ridge)



Lasso sparse regression

• The standard implementation of Lasso is of the form

min
β

{
1

n
||Y − β0 −XβT||22 + λ||β||1

}
(5)

• The regulariser ||β||1 promotes sparsity in the result, and λ can be
varied.

The result looks like β =


0
β3
0
...
βm


• This identifies the dimensionless groups most correlated with the

data set.

• However, once the subset Πsub have been identified through sparse
regression, it is useful to then use standard least squares regression,
or another fit method for determining final βsub.



• Using this process, four dominant Π were identified for four heat
transfer process:

Π1 = Reb, Π2 = Prb Π3 =
ρw − ρb
ρb

, Π4 =
gd3ρ2b
µ2
b

(6)

• These terms provided a strong correlation to the data set compared
to existing correlations, while also being simpler with generally less
terms.



Case study: control of a supercritical CO2 cycle

Comp Turb

HX

Pump

Motor Generator

Figure 7: High-pressure side of simple sCO2 cycle. Manipulate Tm and ṁoil to
achieve target output power



Configuring the model

1 S i m u l a t i o n : sco2 mpc {
2 e n d t i m e : 1 2 0 . 0 ;
3 max CFL : 1 . 2 ;
4 }
5

6 D e f i n e : {
7 h x f l o w a r e a : 7 . 8 5 3 e−07;
8 h x p e r i m e t e r : 0 . 0 0 3 1 4 ;
9 h x l e n g t h : 1 . 0 ;

10 h x c h a n s : 4 0 0 0 ;
11 }
12

13 C h a n n e l C r o s s S e c t i o n : h x c r o s s s e c t i o n {
14 c r o s s a r e a : h x f l o w a r e a ;
15 h e a t c i r c u m f e r e n c e : h x p e r i m e t e r ;
16 }
17

18 HeatExchanger : hx {
19 o r i e n t a t i o n : c o u n t e r f l o w ;
20 c h a n n e l [ 0 ] c r o s s s e c t i o n : h x c r o s s s e c t i o n ;
21 c h a n n e l [ 1 ] c r o s s s e c t i o n : h x c r o s s s e c t i o n ;
22 w a l l c r o s s s e c t i o n : h x w a l l c r o s s s e c t i o n ;
23 c e l l s : 1 0 0 ;
24 l e n g t h : h x l e n g t h ;
25 c h a n n e l [ 0 ] h e a t t r a n s f e r : Ngo ;
26 c h a n n e l [ 0 ] i n i t i a l d a t a : FromData ( . . . ) ;
27 . . .
28 }



Configuring the model

1 I n f l o w : i n f l o w {
2 i n f l o w m o d e l : I n f l o w F r o m S t a g n a t i o n ;
3 i n f l o w a r e a : p i p e f l o w a r e a ;
4 t e m p t r a n s i e n t : 7 0 0 ; // K
5 m a s s f l o w t r a n s i e n t : CubicRamp ( 0 . 0 , 5 5 0 . 0 , 4 . 0 , 5 9 5 . 0 ) ; // t0 ,

T0 , t1 , T1
6 }
7

8 MapCompressor : c o m p r e s s o r {
9 p l e n u m l e n g t h : 0 . 0 4 ;

10 map data : s a n d i a−compressor−data ;
11 r o t o r i n e r t i a : 0 . 7 ;
12 }
13

14 Stream : c o 2 f l o w p a t h {
15 f l u i d d a t a : sCO2 ;
16 i n f l o w −> i n f l o w p i p e −> c o m p r e s s o r −> c o m p r e s s o r h x p i p e
17 −> hx [ 1 ] −> h x t u r b i n e p i p e −> t u r b i n e −> o u t f l o w p i p e
18 −> o u t f l o w ;
19 }
20

21 C o n t r o l l e r : c o n t r o l l e r {
22 c o n t r o l m o d e l : MPC;
23 c o n t r o l l e r d t : 0 . 3 ;
24 r e f t r a j 0 : DoubleStep (−55 000 , −40 000 , −55 000 ,

2 0 . 0 , 8 0 . 0 ) ;
25 r e f t r a j 1 : P o l y n o m i a l ( 5 6 5 . 0 ) ;
26 }
27

28 s e n s o r−i n p u t : {
29 v a r i a b l e s : p i n , p o u t ;
30 c o m p r e s s o r −> c o n t r o l l e r ;
31 }



Model schematic

Boundary layer profiles

Compressor map

Compressor

TurbineCO2 stream

Oil stream

Simulation architecture



Closed-loop simulations

SIMULATION
MODEL

OBSERVER CONTROLLER



Model predictive control (MPC)

Past Future

k k+1 k+2 k+T

Target

Tracked output

Control input

Prediction horizon

k+3

Sampling time

k-1

Figure 8: MPC concept — solve a constrained optimization problem looking T steps
ahead to compute the control inputs



Results: design-point
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Figure 9: Design-point load change, sampling time = 0.3 sec, horizon = 15 sec



System layout
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Results: off-design
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Figure 10: High turndown load change, sampling time = 0.3 sec, horizon = 15 sec



Conclusions and outlook

• Example runs 5% of real-time (nice!)

• Very robust

• Accuracy depends on source terms

• Current work:

I Gas path branching

I Combustion modelling

I Interfaces with external models (e.g., external aerodynamics model
for wall heating)
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