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Introduction Entropea
What is a Neural Network (NN)? LABS

* A neural network is
composed of many
artificial neurons that | |
are linked together
according to a specific
network architecture

« The objective of the
neural network is to |
transform the inputs oo
into meaningful 1" layer (hidden)
outputs.

24 layer (hidden)
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Neural Networks for the optimization of ORC systems Entropea
Why NN for ORC optimization? LABS

 ORC optimization is a highly non-linear optimization problem

« Common optimizers cannot use the derivative of the objective function
to move towards the optimal solution (black box algorithms)

* Neural Networks rebuild the objective function and constraints of an
optimization problem as differentiable equations; this allows NNs to use
the derivatives during the optimization process

* More reliable results and reduced computational time with respect to
traditional optimization algorithms (free derivative algorithms, genetic
algorithms, etc.)
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Neural Networks for the optimization of ORC systems Entropea
Applications of NNs for the optimization of ORC systems LABS

Definition of the turbine efficiency as a function of the cycle’s parameters
Techno-economic optimization of non linear processes

* Dynamic prediction using experimental data -
. 520 LSTM Network Test 1 T wf out 60s prediction
* Optlmal COntrOI —— ANN prediction
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Neural Networks Entropea
Architecture of a basic Neural Network LABS

* n:number of neurons in the hidden layer

* m: number of neurons of the output

. Wi]: weight of the arc connecting input node
with neuron j of the hidden layer

. woj: weight of the arc connecting hidden y(xX; W, b)
neuron j to the output ' output layer

* bj: threshold of hidden neuron | !

* b,: threshold of the output neuron

* h: activation function of the hidden neurons hidden layer
(the activation function of the output neuron is
a linear function of the inputs)

Jj — th hidden neuron

The output of the network y(x; w, b) is defined as: w{xl , n ; "
(x;w,b) = > wlh wix;+b:|+b wl x i
y ’ ’ T 0 T J 0 n-n
J [
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Neural Networks’ model Entropea
Training the Neural Network LABS

The output of the network y(x) is defined as:

m (. | )
y(x;w,b):Zw{)h Zwﬁxintbj + b,
J \ i J

The training of the network consists in solving an optimization problem, in which the error of the network in
predicting the instances of the training set is minimized

P
. 1 _ 2
min E(w,b) = - yp — Y(X,; W, b)
w.b 2
P
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Neural Networks’ model Entropea
Design of the Neural Network LABS

 Definition of the training set (x?, yP)

« Definition of the parameters of the network (Network architecture, Error function,
Number of neurons, activation function etc.)

* Training of the Neural Network

Xp — f(x) — W

 Test of the Neural Network

X — f(x) — Y
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Optimization problem Entropea
ORC model of the thermodynamic cycle LABS

MASS CONSERVATION EQUATIONS

Heat tis = const 1 Cycle T-s diagram
source 160
Working myr = const (2) — — 5,hs
fluid s
Cooling mer = const (3) 120} \
fluid
100 4 T
ENERGY BALANCE EQUATIONS QO = 23 /
(o]
[ 6
o |
: : = 2
Evaporator tps * (Rsps — Ragns) = Mgy * (hs — hyg)  (4) ol 1 7,/%2
Turbine Pryurbine = Nturbine * mwf * (hs — hg) (5) — S of *6a,cf
20 ,C
Condenser tur * (Reaws — Rawr) (6) Lef \l
o o )
= My * (h6a,cf - hl,cf)
Regenerator Thwf * (hg — hgg) = Thwf * (haq — hy) (7) e w0 a0 w0 0 W a0 w0 4w
Pump Mg * (hy — hy) (8) S [J/( kg K)]
Poump =
Npump
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Optimization problem Entropea
Boundary conditions LABS
AT =10K Wiurbine = IljinUtzurbine,in
* Utwrbinein = 400% 0.75
w . ng Wturbine
. o turbine —
Veurbine,im = 1 \/Qturbine,out

lpturbine,out =0

« Working fluid: R 1234yf
e Heat source: Water

w5 ime = 30000 rpm

*  Twrumic = 400 K  Heat source temperature: 413.15 K
* Heat source mass flow rate: 3.2 kg/s
" Mpump = 08 « Subcritical cycle
. n, =055 * Pressure drop in the heat exchangers neglected
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Optimization problem

Entropea

Using the NN to solve the Optimization model LABS

max  (Pugpine — P = Py

e Q) ( turbine pmnp} cycle

]’lyflil (UA(’VH;}O!‘EH()F + UAmndenser + UAF(’QEREFHIOJ"} — UA.S'.H?H

min ;

el Wrurbine

subjectto Ti—Ticr =2 AT, i=1.7 )
Tea — Teacr = AT DECISION VARIABLES (Xp)
Touns — Tou > AT Av0|<:]then;/||olat|?cn of
Tins—Ti= AT, i=3.5 the 27 law °! Working fluid mass flow rate My
thermodynamics
Te —Thy = AT
Tea— T2 = AT ] Bottom pressure of the ORC cycle Pbottom = P2
s < T = Avoid the Top pressure of the ORC cycle Drop = D1
Taans = Tiimit s deteriorations of fluid
I7<Tea<Ts Regeneration in the Super-heating rate ATgp = Ts — T,
T) < Ty, <Tj single phase region
Wiarbine < WM. | | Turbine efficiency Neurbine
<, max Technical constraints _
Wrurbine < Wypyrpine Degree of regeneration P hg — hg
arget —_—-—
Pf_‘r‘fff 2 P::}-‘cg.’e h6 — h7
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Optimization problem
Using the NN to solve the Optimization model

Entroeg

max

(Prurbine — Ppump} =P

cvele

cycle f (xp)

Each variable of the

xe()
]:yél (UAEL'apommr + UAcondenser + UAregenemmr} - UAsum sum f(xp) Opt|m|zat|0n prObIem 1S
min @ expressed using a
turbine . = .
el @urbine = f (Xp) | different neural network
subjectto Ti—Ticr =2 AT, i=1.7 )
Tea — Teacr = AT DECISION VARIABLES (Xp)
Touns — Tou > AT Av0|c:]then;/||olat|?cn of
Tins—Ti= AT, i=3.5 the 27 law °! Working fluid mass flow rate My
T T > AT thermodynamics
6 12q =
Tea— T2 = AT ] Bottom pressure of the ORC cycle Pbottom = P2
s < T = Avoid the Top pressure of the ORC cycle Drop = D1
Toans = Tiimiths deteriorations of fluid
I7<Tea<Ts Regeneration in the Super-heating rate ATgp = Ts — T,
T) < Ty, <Tj single phase region
Wiarbine < WS | | Turbine efficiency Neurbine
ax Technical constraints
Wrurbine = Opurbine Degree of regeneration he — hg
S plarset R=——
mdf = Foyele h6 - h7
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Optimization problem Entropea
Definition of the training set and of the parameters of the network LABS

Parameters of the network Definition of the training set

« Multi layer perceptron (MLP) network « Examples defined using the ORC

« 20 Neurons in the hidden layer thermodynamic model (x,, y;,)

« K-fold cross validation « Each variable of the optimization

« Approximated Sigmoid function as the problem is represented by a neural
activation function network that expresses it as a

function of the decision variables

Results of the training of the Neural Network

mean standard deviation
correlation coefhicient 0.9995 0.0022
relative absolute error 0.7981% 0.8741%

(& EANIRVZ N Entropea

13/09/2017 | ORC 2017 conference, Milan | Lorenzo Tocci | Entropea Labs Ltd. 13



Results Entropea
Optimal solutions of the problem LABS

Solution of the optimization problem using Neural Networks

My f [kg/s] Pbortom [bar] Prop [bar] AT g [K] Nturb [-] RD [-] Peycie [kW] UAgum [KW/K] Wryrbine [Tpm] time [s]

3.24 11.73 33.82 10.81 0.75 0.3 35.19 53 30000 23.87
2.91 11.73 33.82 10.93 0.75 0.25 31.67 44.15 30000 106.56
3.51 11.75 28.79 5.32 0.75 0.15 31.67 55.34 24298 100.14

Solution of the optimization problem using a Free Derivative Algorithm

My, ¢ [kg/s] Pborom [bar] Prop [bar] AT g, [K] Nturb [-] RD [-] Peycle (kW] UAgm [KW/K] Wryrbine [rpm] time [s]

3.11 11.74 33.72 14.26 0.75 0.001 36.65 54.3 30000 343.45
3.01 12.28 33.72 12.97 0.75 0.2 32.99 45.06 30000 470.49
34 11.74 29.87 7.14 0.75 0.001 32.98 61.96 25646 465.83

» The results obtained solving the optimization problem using Artificial Neural Networks have been
compared to those obtained using a free derivative optimization algorithm
» Neural Networks reduce the computational time needed to solve non-linear optimization problems
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Results Entropea
Optimal solutions of the problem LABS
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Results Entropea
Optimal solutions of the problem LABS

min UA minrpm
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Conclusion Entropea
LABS

Results:

* Neural Networks have been used to perform ORC system Optimization

* The results show that Neural Networks can speed up the ORC optimization process,
providing performance similar to commonly used optimization algorithms

* The convenience of using Neural Networks for ORC optimization increases as the non-
linearity of the optimization problem increases (techno-economic optimization, size
minimization etc.)

Future works:
« Thermo-economic optimization of ORCs using NN techniques
« Prediction of the dynamic behavior of ORC systems using experimental data to train

the network
« Cost prediction of ORC components to be include in techno-economic analysis of ORC

systems
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