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Abstract

Dynamic modeling plays a crucial role in the analysis of Organic Rankine Cycle (ORC) sys-
tems for waste heat recovery, which deal with a highly unsteady heat source. The efficiency
of small scale ORCs (i.e. below 100 kW power output) is low (< 10%). Therefore, it is es-
sential to keep the performance of the system as stable as possible. To do so, it is helpful to
be able to predict the dynamic behavior of the system, in order to perform a maximization
of its performance over the time.

In this paper, Feedforward, Recurrent and Long Short Term Memory networks have been
compared in the prediction of the dynamics of a 20 kW ORC system. Feedforward Neural
Network is the simplest among the architectures developed for machine learning. Recurrent
and Long Short Term Memory networks have been proved accurate in the prediction of
the performance of dynamic systems. This study demonstrates that the three architectures
are capable of predicting the dynamic behavior of the ORC system with a good degree of
accuracy. The Long Short Term Memory architecture resulted as the highest performing,
in that it correctly predicts the dynamics of the system, showing an error prediction lower
than 5 % and 10 % respectively for what concern the prediction 10 and 60 seconds ahead.
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1. Introduction

The increase in the energy demand of the last decades and in the level of pollutants in
the atmosphere pose challenges on the future of the energy production. Interest is growing
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for those technologies that are able to produce electrical energy out of wasted sources,
increasing the overall efficiency of existing power plants. A statistic that refers to the EU
and reported in [1] reveals that 800 TWh are discharged every year to the environment
as wasted thermal energy from industrial processes. Among other technologies, Organic
Rankine Cycle (ORC) represents a promising method to produce electricity in waste heat
recovery (WHR) applications. An ORC for WHR extracts the thermal energy from a wasted
heat source and converts it to electricity by means of a thermodynamic cycle. Typically, the
heat that feeds the ORC system is derived from wastes of industrial processes or from the
exhaust gas of internal combustion engines (ICEs).

The performance of ORC plants for waste heat recovery applications is highly dependent
on the fluctuations of the mass flow rate and temperature of the heat source, which varies
according to the duty cycle [2]. Therefore, the ability to predict the dynamic behavior of
the system is crucial for the implementation of a control system capable of optimizing the
performance of the system over time.

The dynamic modelling of ORC systems has been extensively studied in the literature.
Quoilin et al. [3] presented a numerical model to simulate the dynamic performance of an
ORC system that is built interconnecting sub-models of the components. Zhang et al. [4]
proposed a physical model to mimic the dynamics of a 100 kW ORC system. Twomey et al.
[5] investigated the dynamic performance of an ORC system for solar thermal cogeneration.
Authors provided different modelling approaches to characterize the transient behavior of
the components. Particular emphasis is given to the heat exchangers, since their time
constant is the highest among the different components of an ORC system. Desideri et
al. [6] compared the moving boundary and the finite volume method in the characterization
of the dynamic performance of ORC evaporators. Wei et al. [7] presented a comparison
between discretization and the moving boundary technique to assess the performance of the
two methods. They stated that both models have good accuracy. Bracco et al. [8] presented a
numerical method to dynamically simulate a double-pipe heat exchanger. Vaja [9] proposed
a dynamic model of the ORC system based on the discretization of the differential equations
that are representative of the dynamics of the system. Quoilin et al. [10] addressed the
issues related with numerical problems in modelling the transient behavior of evaporators,
highlighting those related to the dynamic simulation of fluids in the two phase region. The
models listed aim at simulating the dynamics of the process via a physical interpretation of
the transformations that occur in the ORC components, solving the differential equations
that are representative of the processes of energy transfer.

Machine learning techniques (MLTs) constitute a different approach to model the dy-
namic behavior of energy systems. MLTs are based on the possibility to learn the behavior
of the system using experimental data. Among MLTs, Artificial Neural Networks (ANNs)
can be used to derive the output of the system from examples [11]. The use of ANNs in
energy applications has already been proved successful in the past. Kalogirou [12] presented
a review which reported the use of neural networks in different renewable energy applica-
tions. He highlighted the potential of such tool in energy system’s modelling. Narendra and
Parthasarathy [13] discussed the use of neural networks in the identification and control of
non linear dynamic systems. Mohanraj et al. [14] performed a review of the use of neural
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networks for heat exchanger’s modelling.
The application of ANNs to the design, optimization and control of ORC systems is

recent. Some authors used ANNs for the static optimization of ORC systems. Yilmax et
al. [15] used neural networks to investigate over the efficiency of ORC cycles using R410a
and R407c as the working fluids. Massimiani et al. [16] proposed the use of neural network
within a highly non-linear optimization model to allow the use of standard optimization
algorithm and hence reduce the computational time required for deriving its solution. They
applied their method to the optimization of an ORC system for low temperature applications.
Rashidi et al. [17] performed an optimization of the thermal efficiency, the exergy efficiency
and the specific work of ORC systems using a combination of artificial bees colony and
artificial neural networks. Recently, some papers dealing with the dynamic modeling of
ORCs using ANNs have been published. Liu et al. [18] used Radial Basis Function (RBF)
networks to model an ORC for waste heat recovery applications. Yang et al. [19] performed
a static optimization, looking for the optimal values of the inputs to the network that
maximizes the power of the turbine. To the authors’ knowledge, recurrent networks, such as
RNN and LSTM, have never been applied to the dynamic characterization of ORC systems.

This study proposes the comparison of three different ANN architectures, namely Feed
Forward (FF) networks, Recurrent Neural Networks (RNN) and Long Short Term Memory
(LSTM) networks, in the prediction of the dynamic performance of a 20 kW ORC system.
A wide experimental campaign to get experimental data for training the networks has been
performed. FF networks has been proved successful in many different applications. RNNs
and LSTMs present more sophisticated network’s architecture, which make them suitable
for the prediction of transient signals. The novelty of this study relies on the use of RNN
and LSTM for the dynamic characterization of the performance of ORC systems and in
their comparison w.r.t. FF. RNN and LSTM networks became popular in the past decade
mainly in the field of language detection but are now widely applied to prediction of tem-
poral sequences as dynamics of physical sytstem. This paper investigated the suitability
of the methodology for the prediction of the dynamic modelling of ORC systems and it is
intended as a first step towards the definition of an optimal controller for ORC applications
based on ANNs. The paper is organized as follows. In Section 2 the three neural network
architectures are described. In Section 3 the experimental set up of the 20 kW ORC system
is presented, which has been developed by Entropea Labs [20] in partnership with Brunel
University London. In Section 4, the experimental data are analysed and put into the correct
setting useful for training ANN. Finally in Section 5, the capability of the different ANN
architectures in predicting the dynamic behavior of the ORC system is assessed. Based on
the results obtained, the three ANN architectures analyzed resulted capable of predicting
the dynamic behavior of the ORC system. LSTM networks outperform the other two con-
figurations analyzed, showing their ability to keep track of the information of previous time
steps.
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2. Neural networks

Machine learining techniques are used as regression tools in all those cases in which
examples of an unknown process are available but there is no known analytical model that
correlates these quantities. Among learning machines, Artificial Neural Networks are widely
used for their simplicity, ease of implementation and for their capacity to achieve good
performance in many different tasks [21]. Section 2 introduces the three different network
architectures considered in this study, presented in order of complexity.

The definition of the architecture of a neural network consists in choosing the number
of parameters that define the vector of inputs x ∈ Rn, the number of hidden layers of the
network and the number of neurons of each layer. Neural network architectures differ in
the way they treat the information of the input vector. Generally speaking, the higher the
number of layers and the number of neurons in each layer, the more complex is the function
the network can predict with a good degree of accuracy. However, the use of a network
that is too complex for the information it needs to learn, could lead to the phenomenon of
over-fitting of the training data. If this happens, the network will perform extremely well in
predicting the known data of the training set but it will not be able to make good predictions
on unseen instances, which is ultimately the goal of a neural network. The correct network
architecture must be defined through a trial and error process.

The aim of the ANN model is to define a function h : Rn → R which is a good ap-
proximation of the unknown function underlying the process. The type of function and the
parameters’ setting is defined through a learning procedure as briefly described below.

The design of a neural network is performed in two different steps:

• Definition of the architecture of the network;

• Training of the network.

Once the architecture is defined, the network is trained on a number of existing instances
(xp, h̄p), for p = 1, . . . , P , where xp ∈ Rn is a vector that represents the features of the
input and h̄p ∈ R the corresponding output. The training process consists in solving an
optimization problem, in which the mean squared error (MSE) of the network in predicting
known instances is minimized.

At the end of the training process, the network is tested on unknown instances, to verify
its generalization properties, i.e. the ability of the ANN to make good predictions on unseen
data. If the results in the testing phase are not satisfactory, the architecture of the network
is modified in a trial and error process, until the generalization properties satisfy the user.

It is widely considered that one hidden layer is enough for the resolution of almost any
regression problem. Hence, the use of the so called deep learning networks has not been
considered in this work. The choice of the number of neurons in the hidden layer represents
an unsolved question. Most of the scientists use empirical methods to define them, which
lead to the selection of a number of hidden neurons comprehended between the number of
the input nodes and that of the output nodes [22]. Another factor that affects the choice
of the number of neurons in the hidden layer is the number of instances available in the
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training set. A high number of neurons in the hidden layer increases the risk of over-fitting
with respect to the training data. However, the higher the number of data in the training
set, the higher the number of hidden neurons needed to obtain satisfactory performance of
the network. The objective is to define a network that presents a similar error between the
test and the training set. If this happens, the ANN has good generalization capabilities.

In this work, different architectures of ANNs have been designed to predict the dynamic
behavior of the 20 kW ORC system presented in section 3. To this end, a training set and
a test set have been constructed, which are made up of pairs (xp, h̄p) obtained collecting
measurements from the sensors installed on the ORC test rig. Six different experiments
have been considered in the analysis. Four experiments define the training set while two
experiments have been used to test the performance of the network.

The network has been designed and tested using the open source software Keras [23] im-
plemented in Python [24]. Section 2.1, 2.2 and 2.3 present the different network architectures
considered in this work.

2.1. Feed Forward Neural Networks (FF)

Feed Forward (FF) neural networks represent the most basic ANN architecture. FF
networks are composed by units (neurons) organized in layers forward connected with each
other. A graphical representation of a FF network is shown in Figure 1 (a) where the
nodes represent the neurons and the arcs represent the weighted synaptic connections among
neurons. The basic FF configuration is based on the following layers:

• an input layer, that receives the training examples;

• an intermediate layer, called hidden layer;

• an output layer, which consists of a single neuron and produces the output of the
network.

A single unit of the hidden layer is characterized by the activation function g, which
acts as an on-off trigger on a weighted combination of the outputs of the neurons in the
preceding layer, and a bias bj; each connection from input i to neuron j of the hidden layer
is characterized by a weight wj

i as shown in Figure 1 (b); the arcs from the hidden neuron
j to the output neuron are weighted by wj

o.

h(x;w,b)-
-

-

x2 �
�
���

��
��1

PPPPq

x1 PPPPq
��
��1

@
@
@@R j

j
j
Q
Q
QQs-

�
�
��3

jr
r

hidden layer

output layer
input nodes

(a)

wj
nxn

...
wj

1x1
g

(
n∑
i

wj
ixi + bj

)j − th hidden neuron

wj
o-

-
-
-

(b)
Figure 1: (a) Feed Forward network configuration with one hidden layer and one output; (b) internal
structure of the j-th neuron of the hidden layer.
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The number of neurons m in a hidden layer together with the activation function g of the
neurons are user-dependent parameters. Once they are fixed, the output of the FF network
takes the following form:

h(x;w,b) =
m∑
j

wj
og

(
n∑
i

wj
ixi + bj

)
+ bo ; (1)

where w = {wj
o, w

j
i }i=1,...,,j=1,...,m and b = {bj, bo}j=1,...,m.

All the parameters w,b that appear in Eq. (1) are “learned” through a training process
which consists in the resolution of the minimization problem of Eq. (2):

min
w,b

E(w,b) =
1

2

P∑
p

∥∥h̄p − h(xp;w,b)
∥∥2 . (2)

2.2. Recurrent Neural Networks (RNN)

Recurrent neural networks (RNN) differ from FF ones in that the output of the network
is fed back to the network, as depicted in Figure 2. The output of the network is cyclically
fed back to the hidden layer, after being weighted. This feature makes RNNs useful for
temporal sequences, because they are able to maintain information from previous inputs.

Figure 2: Recurrent Neural Network (RNN) structure from [25]

The output of the network ht (see Figure 2) depends on the new input to the network
xt and on the output of the network at the previous time step ht−1 and it can be expressed
as shown in Eq. (3):

ht = tanh(Wh[ht−1, xt] + bh) (3)

where the vector of weights Wh is composed of the weights that refer to the input of the
network and of the weights that refer to the output of the previous time step. The training
phase consist in solving an optimization problem similar to that introduced by Eq. (2) in
which the vector of weights Wh and the vector of bias bh comprehend also the values that
refer to the feedback loops. Since the feedback loop occurs at each time step, RNNs push
forward information from time steps in the past as long as the memory can persist.
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2.3. Long Short Term Memory Networks (LSTM)

Long Short Term Memory (LSTM) networks represent an advancement with respect to
the simple RNNs presented in Section 2.2. LSTMs were introduced in 1997 [26] to solve
the problem of long term dependencies. This is of particular importance for ANNs used for
time series prediction, in which the dependencies of the output of the network from values
of the input of old time steps is not known a priori. The neurons in LSTMs are replaced by
memory cells, as the one presented in Figure 3.

𝑓𝑡
𝑖𝑡

 𝐶𝑡

𝑜𝑡

𝐶𝑡−1 𝐶𝑡

Figure 3: Long Short Term Memory (LSTM) cell from [25]

LSTM cells are capable of filtering the information present in the input layer, discarding
or memorizing instances of the past. The input of the network xt and the output of the
previous time step ht−1 are manipulated in the LSTM cell to produce the output ht. As op-
posed to traditional neural units, LSTM cells present a cell state that takes into account the
relationship between the inputs of the network and the information previously elaborated.

An in depth explanation of LSTMs is out of the scope of this work. The interested reader
can refer to [25] for a thorough explanation. The high number of weights that characterize
each cell of LSTM networks makes the training phase more time consuming with respect to
that of the other network architectures presented.

The experimental data obtained from the ORC test rig are presented in section 3, which
have been used to build the training and test sets used to compare the ANN architectures
presented in section 2.

3. Experimental set-up of the 20 kW ORC system

Section 3 shows the description of the experimental set-up considered to gather the data
used for the training and test of the ANNs. The ORC plant has been designed by Entropea
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Labs [20], a London based company that develops waste heat recovery technology based on
the Organic Rankine Cycle. Figure 4 shows the schematic of the ORC plant including the
position of the sensors in the test rig.

Thermal oil circuit

Gas flux

Thermal oil flux

High pressure WF flux

Low pressure WF flux 

Gas-Oil Heat Exchanger

Evaporator

Recuperator

Condenser

ORC

Circuit

𝑇𝑤𝑓,𝑡𝑢𝑟𝑏,𝑖𝑛𝑝𝑤𝑓,𝑡𝑢𝑟𝑏,𝑖𝑛 𝑚𝑜𝑖𝑙

 𝑚𝑤𝑓

𝑇𝑜𝑖𝑙,𝑖𝑛

Oil Tank

WF Tank

Figure 4: Scheme of the ORC test rig, including the sensor installed

Figure 4 reports the main components of the ORC together with the pressure (PR),
temperature (TR) and flow meter transistors installed in the experimental rig.

3.1. Heat transfer loop
In the thermal oil circuit (see Figure 4) the thermal energy content of the exhaust gas

of the engine is transferred to a thermal oil. The engine of the experimental set up is a
206 kW engine by Yuchai (engine model YC6A280-30), installed in the engine lab of Brunel
University London. The heat transfer between the exhaust gas and the thermal oil takes
place in a shell and tube heat exchanger, which is the only component that is not installed in
the ORC skid. The gas/oil heat exchanger has been designed keeping the back pressure on
the engine low enough to avoid the deterioration of the engine performance. A volumetric
pump is installed to circulate the oil in the loop. The frequency of the motor of the oil pump
is controlled by means of an inverter. The maximum volumetric flow rate that the oil pump
can supply is 40 l/min.

3.2. ORC loop
The ORC loop consists of a fluid tank, a volumetric pump, a recuperator, an evaporator,

a turbine and an electric generator. The pump sucks the working fluid from the tank and it
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pressurizes it. The fluid flows in the recuperator and in the evaporator where it is pre-heated
and vaporized. The turbine extracts energy from the fluid, producing mechanical energy.
The fluid at the outlet of the turbine is circulated through the hot side of the recuperator
and through the condenser to revert back to its initial thermodynamic conditions. The
mechanical power produced by the turbine is converted into electrical energy in the high
speed generator and it is dissipated in a resistor load back. The volumetric flow rate of the
working fluid is controlled via an inverter, which allows the user to control the frequency of
the motor coupled to the pump. The maximum volumetric flow rate that the working fluid
pump can supply is 80 l/min. The heat exchangers of the ORC loop, namely evaporator,
recuperator and condenser are brazed plate heat exchangers, boarded by insulating panels.
The expansion machine is a single stage radial turbine developed in house coupled with a
high speed generator.

3.3. Cooling loop

The lab is equipped with a water tank, which supplies the cold water to condensate the
working fluid. Two flexible hoses connect the water tank of the facility to the condenser
installed in the ORC skid. The temperature of the cooling water varies in the range 5−25◦C.

3.4. Transducers

The test rig is equipped with transducers, as depicted in Figure 4. Pressure, temperature
and mass flow rate levels are recorded during operations, to characterize the performance of
the system. The thermodynamic library COOLPROP [27] is used to calculate the enthalpy
and entropy values at each thermodynamic point to derive the efficiency of the components,
the power absorption of the pumps and the power output of the system.

4. Analysis of the training and test sets

This work investigates the possibility to use ANNs to predict the dynamics of the system.
To this end, the first step to take is the selection of the variable to monitor, which represents
the output of the network named ht in section 2. The purpose of the neural network is to
predict the temperature of the working fluid at the inlet of the turbine, which plays a crucial
role in the definition of the ORC performance. In fact, the temperature of the working fluid
at the inlet of the turbine greatly affects the efficiency of the turbine and hence, the power
output produced by the ORC system. This work is intended as a first step towards the
definition of an optimal controller for the ORC system based on the use of Neural Networks.
The choice of predicting the temperature of the working fluid at the inlet of the turbine has
been made to demonstrate the validity of the proposed approach. The same technique can
be used to predict other variables of interest for the control of the system. The different
configurations of the neural network, namely FF, RNN and LSTM, have been trained to
predict the turbine inlet temperature respectively 10 seconds, 60 seconds and 120 seconds
ahead. The predictions 120 seconds ahead are considered sufficient to actuate the control
system. Eq.(4) reports the output variable of the network ht.
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h =
[
Twf,turb,in(t+ n)

]
n=10,60,120

(4)

Once the outlet of the network is defined, the user should define the vector of inputs,
named xt in section 2. It is necessary to include in the vector of the inputs all those variables
that have an effect in the fluctuation of the output vector ht. In this case, for simplicity, the
gas/oil heat transfer loop has been neglected, considering the thermal oil as the unsteady
heat source of the ORC system; this assumption allows to extend the results of this analysis
to ORC systems for different applications, where the gas/oil loop is absent. The mass flow
rate and temperature of the thermal oil at the inlet of the evaporator (see Figure 4) have
been included in the input vector xt, together with the mass flow rate, the temperature
and the pressure of the working fluid at the inlet of the turbine. A trial and error process
led to the decision of feeding the network with a set of five different values for each of the
aforementioned variables, recorded in five consecutive seconds during the experiments. Eq.
(5) reports the input vector of the network xt.

x =


ṁoil(t− 5)t=1,...,5

Toil,in(t− 5)t=1,...,5

ṁwf (t− 5)t=1,...,5

pwf (t− 5)t=1,...,5

Twf,turb,in(t− 5)t=1,...,5

 (5)

The total number of inputs to the neural networks is 25, five different values for each of
the five variables considered.

The dynamic tests on the experimental rig have been conducted with the internal com-
bustion engine that feeds heat to the ORC operated at part load. Table 1 reports the
conditions of different variables under which the tests have been performed.

Table 1: Testing conditions

ṁoil[kg/s] Toil,in[◦C] ṁwf [kg/s] pwf [bar] Twf,turb,in[◦C] Pengine[kW ]

0.3 - 0.5 75 - 255 0.1 - 0.6 1 - 12 40 - 225 60 - 80

A broader range of values for the operating conditions of the engine would have led to a
broader set of information for the training of the neural network. However, this work aims
at demonstrating that the proposed methodology allows for the prediction of the dynamic
performance of ORC systems, regardless of the operating conditions.

The selection of the input and output vectors of the ANNs has been followed by the
definition of the training set and of the test set. The networks have been trained considering
4 different experimental tests. Each variable has been recorded every second. The training
set is formed by 10995 instances. The network has been tested on two additional data sets
obtained from two experiments, Test set 1 and Test set 2, to verify the capability of the
three networks to generalize on unseen examples. The test sets count for a total of 8934
instances. Table 2 reports the statistical description of the overall available samples.
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Table 2: Analysis of the data in the training and test sets

Toil,in[◦C] ṁoil[kg/s] Pwf [bar] ṁwf [kg/s] Twf,turb,in[◦C]

count 19929 19929 19929 19929 19929
mean 184.311879 0.523552 4.385740 0.261017 168.298370
std 29.906591 0.063264 3.557430 0.172044 38.167201
min 73.135353 0.219002 0.815605 0.000000 40.660940
25 % 167.567898 0.495215 1.562166 0.078287 155.341028
50 % 184.191427 0.539358 3.418055 0.263291 172.239101
75 % 202.022090 0.563886 5.336384 0.385660 192.458527
max 253.724995 0.614862 13.858494 0.617379 224.317270

Table 2 shows the following values:

• count: The number of instances present in the set

• mean: The mean value of of the variables in the set

• std: Standard deviation that expresses by how much the values differ from the mean
value

• min: The minimum value it is possible to find in the set for each variable

• 25, 50 and 70 %: The percentile that indicates the value below which a given percentage
of observations can be found

• max: The maximum value it is possible to find in the set for each variable

The model proposed would accurately predict the temperature of the working fluid at
the inlet of the turbine when the input values fall in the min-max interval shown in Table
2. The min and max values demonstrate the dynamics of the experiments that have been
carried out. In fact, for every variable in input to the network there is a wide variability. In
addition, the percentile values allow the reader to understand the distribution of the values
of the collected data. For clarification, the reader is referred to Figure 5, where the frequency
of appearance of different values of the turbine inlet temperature is reported.

Figure 5 shows that the temperature values in the training set (left) cover a broader
range with respect to those of the test set (right). This is of importance in that the network
will be able to accurately predict values in the range of those covered by the training set.
Furthermore, Figure 5 shows that the turbine inlet temperature of the working fluid during
testing has been kept in the range 130 - 210 ◦C for most of the time.

A correlation matrix is constructed by evaluating the Pearson’s coefficient among the
different inputs of the network and it takes values in [0;1] being 1 perfect correlation. The
correlation matrix has been designed using the software Keras [23]. Figure 6 reports the
correlation matrix.
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Figure 5: Frequency of the values of temperature of the working fluid at the inlet of the turbine Twf,turb,in

T_oil_in m_oil P_wf m_wf T_wf_out

T_oil_in

m_oil

P_wf

m_wf

T_wf_out 0.6

0.3

0.0

0.3

0.6

0.9

Figure 6: Correlation matrix of the data
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A correlation matrix is representative of the correlation existing among the different
inputs of the network. The purpose of the correlation matrix is twofold. First, the correlation
matrix can be used to withdraw from the input vector some inputs which are redundant, i.e.
linearly dependent on other inputs. Second, it allows the user to make sure that the data
collected are consistent. Values of light colors imply high correlation, 1 revealing perfect
correlation. The values in dark colors imply low correlation. For example, Figure 6 shows
that there is high correlation between the mass flow rate and the pressure of the working
fluid. This can be physically explained. An increase in the mass flow rate of the working
fluid has the effect of increasing the back pressure produced by the turbine, and hence, the
pressure on the high pressure side of the system. On the contrary, the correlation between
the temperature of the oil at the inlet and the pressure of the working fluid is close to zero.
In fact, the pressure of the working fluid is affected by the parameters on the working fluid
side but it is not dependent on the fluctuation of the parameters on the oil side. Finally,
the correlation between the temperature and the mass flow rate of the oil is low. In fact,
the mass flow rate of the oil has been kept fairly constant during testing. The variation of
the thermal input from the exhaust gases and the thermal output to the working fluid lead
to the fluctuation of the temperature of the oil. Figure 7 shows the frequency of appearance
of the different mass flow rate values in the training set and in the test set.

Figure 7: Frequency of the values for the mass flow rate of the oil

Figure 7 clarifies that the mass flow rate of the oil has been kept in the range 0.5−0.6 kg/s
throughout the experimental campaign. Following the data pre-processing, the different
configurations of the neural network have been trained and tested to evaluate their predicting
performance.

5. Results

In this section the results obtained from the training of the different neural networks and
those of the predictions obtained on the test set are presented.
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The training of a network consists of the minimization of the Mean Squared Error (MSE)
on the instances of the training set. The MSE is defined as in eq (6)

MSE =
1

n

n∑
i=1

(ĥi − hi)2 (6)

where n is the number of instances of the datat set, ĥi is the value predicted by the network
and hi is the experimental value corresponding to the i-th input. The algorithm used for the
training of a network is a modified stochastic gradient descent algorithm as implemented in
Adam algorithm [28] of the platform Keras. The training phase has been performed using
15 epochs and considering a batch size of samples of 300.

The performance of the networks have then been compared using the root mean squared
error (RMSE) which is defined as the squared root of the MSE of the network in predicting
experimental values and it is expressed as in eq. (7):

RMSE =

√√√√ 1

n

n∑
i=1

(ĥi − hi)2 (7)

In particular the RMSE has been considered for the training set and the test sets. The closer
the RMSE value to zero, the higher is the accuracy on the chosen data set. However when
the RMSE on the training set is a much lower with respect to those of the test sets, this
may be a warning that the network is not able to generalize on instances it has never seen
before. This phenomenon is known as over-fitting. Actually this is a well known trade-off to
account when solving the optimization training problem. Indeed tricks like early stopping or
k− fold cross validation to individuate the best configuration of the network are often used.
In this specific case, a 10-fold cross validation has been performed over a grid a parameters
that characterized the networks.

Indeed the networks have been trained multiple times with different number of neurons
and parameters to define the most performing configurations, i.e. those that allow for the
minimization of the error in the prediction of instances of the test sets. A single hidden
layer with 20 neurons has been considered for the FF and for the RNN networks. A single
layer with 5 memory cells has been considered for the LSTM network.

The different network’s configurations have been trained using the same training set, for
the purpose of comparison.

Table 3 reports the RMSE of each of the networks tested.
The RMSE is calculated for each of the sets (i.e. training set, test set 1 and test set

2) comparing the value predicted by the trained network and that recorded experimentally
from the test rig. Table 3 shows that every network has been trained successfully, displaying
comparable values between the training and the test sets. The internal structure of the
memory cells allows the LSTM network to keep track of the information from previous time
steps that influences the output of the network. In fact, LSTMs have been conceived to let
information last in the ”memory” of the cell for a long time. On the contrary, FF networks
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Table 3: RMSE for each of the network design

Network Training Set Test Set 1 Test Set 2

FF 10 s 0.03 0.04 0.05
FF 60 s 0.06 0.06 0.09
FF 120 s 0.08 0.07 0.11
RNN 10 s 0.02 0.02 0.03
RNN 60 s 0.05 0.04 0.08
RNN 120 s 0.07 0.07 0.11
LSTM 10 s 0.05 0.03 0.03
LSTM 60 s 0.08 0.06 0.05
LSTM 120 s 0.11 0.09 0.08

do not take into account the consequentiality of the instances provided during the training
process; for this reason, they are more suitable for steady state predictions. Finally, RNNs
have the ability to learn the relationship existing between subsequent inputs but they are
not good in learning the relationship among inputs far apart. From a computational stand
point, FF networks display the shortest training time (about 15 seconds per epoch), followed
by RNNs (about 120 seconds per epoch) and LSTMs (about 200 seconds per epoch). The
computer resource used to train the ANNs is an Intel Core i5-421-U CPU 1.7 GHz, RAM
8GB.

A graphical representation will clarify the results presented in Table 3. From a control
perspective, it is important to be able to predict values farther in time, to activate the
controller in advance. For this reason, the three different network topologies have been
compared with respect to their ability to make predictions on the test sets. Finally, the
predictions of the LSTM 10 seconds ahead for the two test sets are shown, as they result in
the most accurate predictions (see Table 3).

Figure 8 shows the pressure and the mass flow rate of the working fluid of the test sets
used to demonstrate the ability of the method proposed to accurately predict the dynamics
of the system.
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Test 1: mass flow rate and pressure of the experiment
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Figure 8: Mass flow rate and pressure of Test 1 and Test 2
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Figure 8 shows that the mass flow rate and the pressure vary over a wide range during
testings. Furthermore, it can be seen how the two values are correlated. In fact, as more
mass flow rate is drawn into the system, the back pressure created by the turbine increases,
causing an increase in the pressure of the system.

Figure 9 reports the prediction of the FF network 60 seconds ahead.
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Figure 9: FF Network prediction of the turbine inlet temperature 60 seconds ahead

As shown in Figure 9, both tests have been predicted fairly well by the network. How-
ever, the predictions are not good enough to be used to activate a control system. Some
delay in the prediction can be observed, particularly in those intervals of time in which the
temperature fastly fluctuates over time.

Figure 10 reports the prediction of the RNN network 60 seconds ahead.
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Figure 10: RNN Network prediction of the turbine inlet temperature 60 seconds ahead

From Figure 10 it is possible to notice that the RNN predicts with a higher accuracy the
temperature of the working fluid at the inlet of the turbine with respect to the FF network,
in accordance with the results of Table 3. In particular, regarding test 2, the prediction
of the RNN in the interval of time 1000 - 2000 s, where the temperature fluctuates more,
results in more accurate predictions than those of the FF network.

Figure 11 shows the prediction of the LSTM network 60 seconds ahead.
From Figure 11 it is possible to notice that the LSTM network follows accurately every

dynamic present in the system, showing a slight time delay in the prediction. Although
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Figure 11: LSTM Network prediction of the turbine inlet temperature 60 seconds ahead

the RMSE of the RNN and of the LSTM network are comparable (see Table 3), the latter
configuration follows more precisely the picks during severe fluctuations. In fact, despite a
similar training and test error for the RNN and LSTM networks (see Table 3), the LSTM
network’s ability to keep track of information from previous predictions make it possible
to accurately follow the fast dynamics of a system. Ultimately, this is the end goal of a
dynamic model.

Figure 12 reports the error of the different network’s configurations in the prediction of
the turbine inlet temperature 60 seconds ahead.
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Figure 12: Percentage error of the different network configurations when predicting the temperature of the
working fluid at the inlet of the turbine 60 seconds ahead

The error shown in Figure 12 is calculated using the following expression:

Err(%) =
YANN − Ytest

Ytest
∗ 100 (8)

Figure 12 demonstrates that the LSTM network is the most performing in the prediction
60 seconds ahead. In fact, except for a couple of spikes per test, in which the temperature
of the fluid changes sharply, the LSTM network is able to predict the temperature of the
working fluid at the inlet of the turbine with an percentage error always smaller than 10 %.
Furthermore, notice that the high error that the thre configurations commit at the beginning
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of test 1 is related to the way the error is calculated. In fact, the percentage error as defined
in Eq. 8 displays higher values for lower values of the variable that is measured.

Since the prediction 60 seconds ahead of the LSTM configuration has been proved accu-
rate enough, the behavior of the LSTM networks in predicting the turbine inlet temperature
120 seconds ahead has been also investigated . Figure 13 shows the results.
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Figure 13: LSTM Network prediction of the turbine inlet temperature 120 seconds ahead

Figure 13 shows that the LSTM network provides a good prediction of the dynamics of
the system 120 seconds ahead. However, the possibility to use the prediction 120 seconds
ahead for control purposes needs to be further analyzed. In fact, the time delay of the
prediction present in Figure 13 could result in poor control performance. For example, the
prediction of the turbine inlet temperature of test 2 at time 4500 seconds presents an error
of approximately 40 ◦C, not suitable for a proper control.

Finally, Figure 14 shows the prediction 10 seconds ahead of the LSTM network for test
1 and test 2.
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Figure 14: LSTM Network prediction of the turbine inlet temperature 10 seconds ahead

In comparison with the results obtained for predictions 120 seconds ahead (see Figure 13),
Figure 14 demonstrates that the prediction of the networks 10 seconds ahead is practically
in perfect accordance with the experimental data. The black line in Figure 14 demonstrates
that the error that the LSTM configuration shows in predicting the temperature of the
working fluid 10 seconds ahead is lower than that shown when predicting the temperature
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60 seconds ahead. In fact, the prediction 10 seconds ahead shows an error always lower
than 5 %, except for the last part of Test 2, where it reaches a value slightly greater than
10 %. As expected, the RMSE increases as the network tries to predict the temperature
farther ahead. The RNN and LSTM networks result in comparable values for the RMSE
whilst the FF network results as the worse performing among the three configurations tested,
respectively for the prediction at 10 s, 60 s and 120 s.

This work demonstrates that the Neural Network approach for the prediction of the
thermodynamic values during operations of an ORC system is a viable option. The results,
although quite accurate, would benefit from the availability of a broader range of values
to be used to train the network. In fact, the more information the neural network has on
the system, the more accurate the prediction that it can achieve. Furthermore, it is worth
mentioning that because of the nature of the proposed approach, one has to define a new
training set anytime he wants to apply the methodology to a different ORC experimental
rig. This paper demonstrate the advantage of using LSTM network’s configuration over the
other architectures tested for the dynamic prediction of the performance of ORC systems.

6. Conclusions

This work investigates the possibility to predict the dynamic performance of a 20 kW
ORC system, using a Machine Learning approach. Different network architectures have
been compared in the analysis, namely Feed Forward, Recurrent Neural Networks and Long
Short Term Memory Networks.

The results obtained in this paper show that:

• the three different types of network predict well the dynamic behavior of the system;

• the quality of the results deteriorates as the time ahead of the prediction increases;

• The LSTM architecture outperforms FF and RNN networks in predicting the dynamic
behavior of the 20 kW ORC system.

• The LSTM network shows an percentage error lower than 10 % in predicting the
dynamics of the ORC system 60 seconds ahead;

• The LSTM network shows an percentage error lower than 5 % in predicting the dy-
namics of the ORC system 10 seconds ahead.

This study shows that, through the definition of a proper training set and input param-
eters, ANNs are able to predict the behavior of the dynamics of ORC systems, with a high
grade of accuracy. This can lead to the optimization of the real time performance of the
system, coupling ANNs with the optimal control theory.
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Abbreviations

ANN Artificial Neural Network
CPT Crude Preheat Train
EU European Union
FF Feed Forward
ICE Internal Combustion Engine
LSTM Long Short Term Memory
MLT Machine Learning Technique
MSE Mean Square Error
NARX Non-linear Auto Regressive network with Exogenous inputs
ORC Organic Rankine Cycle
RMSE Root Mean Squared Error
RNN Recurrent Neural Network
PI Proportional-Integral
PID Proportional-Integral-Derivative
WHR Waste Heat Recovery

Nomenclature

b Threshold
g Activation Function
h Experimental value

ĥ Predicted value
ṁ Mass Flow Rate [kg/s]
p Pressure [Pa]
P Power [kW]
σ Sigmoid Function
tanh Hyperbolic Tangent
T Temperature [◦C]
x Vector of inputs
w Weight
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Subscripts

in Inlet
m Number of neurons in the output layer
n Number of neurons in the hidden layer
t Time
turb Turbine
wf Working Fluid
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