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Abstract
Undesirable emissions in internal combustion engines are of major concern due to their negative
effect on the human health and global warming. Implementing an organic Rankine cycle (ORC)
in mobile applications can help to mitigate their negative effect by transferring some of their
wasted heat into useful electrical or mechanical energy. Considering the stringent regulations in
automobile industry ensuring the safety of equipment before implementing them on the vehicles
is vital. In this study a novel control approach is proposed to ensure the safe operation of Organic
Rankine Cycle (ORC) waste heat recovery (WHR) system and stabilize its work output when
subjected to transient heat sources in a range of waste heat from heavy-duty diesel engines. The
control strategy comprises a neuro-fuzzy controller based on the inverse dynamics of the ORC
system to control the superheating at the evaporator outlet by adjusting the pump speed and a PI
controller to maintain the expander work output by regulating the mass flow rate at the expander
inlet. The performance of the control strategy is investigated with respect to set-point tracking and
its robustness is tested in the presence of noises. The simulation results indicate an enhancement
in the controller performance by combination of feedforward and feedback controllers based on
neuro-fuzzy technologies. The proposed control scheme not only can obtain satisfactory transient
response under various loading conditions, but also can achieve desirable disturbance rejection
performance.
Keywords: Organic Rankine Cycle, Waste Heat Recovery, Inverse Neuro-fuzzy Control, Energy
Harvesting, Heavy-duty Diesel Engines
1. Introduction
Internal combustion engines (ICE’s) are likely to be used in heavy-duty application for many years
and it is important to enhance their efficiency to reduce their environmental impacts. One approach
is to recover some of the wasted exhaust and coolant thermal energy and convert it to alternative
electrical or mechanical energy by deploying waste heat recovery (WHR) technologies. Among
the available technologies WHR using Organic Rankine Cycle (ORC) is a preferred method of
engine-bottoming fuel-reduction technologies in heavy-duty diesel engines. This is due to its
promising energy recovery efficiency, simplicity and availability of components [1] [2]. The ORC
configuration shown in Fig. 1, is comprised of an evaporator, expander, condenser and pump [3,
4]. In the ORC an organic fluid is evaporated in a closed cycle to provide the required propulsion
force in the expander. The vapour is then cooled down in the condenser to achieve subcooled liquid
and is pumped again in the cycle. The principle of the ORC is similar to conventional Steam
Rankine Cycle (SRC), which has been previously used to recover the wasted energy of industrial
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processes. Since the heat source in stationary industrial processes has high temperature and mass
flow rate, SRC employs water as the working fluid due to its large specific heat. In the ORC,
however, the water in SRC is replaced by an organic fluid with higher molecular weight and lower
boiling point to adopt the system for recovery of energy from low-medium temperature heat
sources such as automotive applications.

Fig. 1. The ORC configuration

The research about adopting ORC for harvesting energy from internal combustion engines is
mostly dedicated to choosing the best architecture [5], working fluid and expander selection [6]
and modelling [7] [8]. The publication about thermal management and control of the ORC are
scarce, and not usually supported by experimental results. Furthermore, control of high-pressure
part of the ORC adopted for recovering energy in automotive applications is not a trivial task.
First, the heat source transient behaviour (in terms of mass flow rate and temperature) makes the
operation of the cycle very different from a typical steam Rankine cycle. Second, automotive
regulations impose several constraints for working fluid selection. Third, the size and weight of
components are constraints that should be addressed at the design stage of the ORC. Lastly, a
reliable control system is required to ensure the safety of the system by keeping the system
parameters within the limits and maximise the heat recovery efficiency [9].
In the ORC system, typical objectives of a control system in the high-pressure part of the cycle are
to control the evaporator outlet temperature (superheating) by adjusting the pump speed and
maintaining the required pressure by changing the expander speed [10]. In [1] the authors proposed
three different control strategies to control superheating and evaporating temperature by adjusting
pump speed and expander speed as the manipulated variables, respectively. Two independent PI
controllers deployed to examine the performance of the control strategies. The best performance
achieved from the optimized evaporating temperature strategy; however, the performance of
controller drops as the operating condition changes from nominal condition. Endo et. al. [11]
studied a distributed control system using two proportional controllers with feed-forward pressure
and temperature terms from the evaporator outlet for an ORC system. In their study the outlet
temperature of evaporator manipulated using the pump speed and vapour pressure adjusted by
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changing the expander speed. In [12], Peralez et al. designed a gain scheduled PID controller
combined with a nonlinear feed-forward action computed from a reduced-order model of the highpressure region of the ORC system to control superheating at the evaporator outlet. More recently,
authors in [13] deployed offline dynamic programming and online optimization techniques to
maximise the power production of a diesel-electric railcar. Hou et al. [14] applied a generalized
minimum variance controller (GMVC) to a 100 kW ORC system to control the outlet temperature
of evaporator, power, condenser outlet temperature and throttle pressure. However, the stochastic
disturbances in the system has not been considered in their proposed control scheme. Zhang et al.
[15] investigated a multi-variable linear quadratic regulator (LQR) coupled with a PI controller
and an extended observer. This control scheme is developed based on the linear state-space model
of the ORC system. Liu et al. [16] developed adaptive linear model predictive control (LMPC) and
nonlinear model predictive control (NMPC) . The controllers in their study are designed based on
a reduced-order moving boundary (MB) model of the ORC system using ethanol as the working
fluid. The authors pointed out the superiority of both control methods in terms of set-point tracking
and disturbance rejection as compared to a tuned PID controller, but it should be noted that this
improvement is achieved at the price of higher online computations, because both LMPC and
NMPC require the online iterative solution of optimal control problem.
Intelligent control has emerged as a powerful tool for nonlinear and challenging control problems.
For plants with high nonlinearity, uncertainties and unknown variations in plant parameters
utilizing intelligent control techniques instead of model-based control methods may improve the
robustness of the controller [17]. Furthermore, merging various intelligent techniques (neural
networks, fuzzy logic, evolutionary algorithms, etc.) may result in achieving better control
performance by integrating benefits of different methods. One approach is the direct inverse neurofuzzy control which utilises the learning ability of neural networks and approximate reasoning
capability of fuzzy systems. This method assumes existence of the inverse model of plant to be
controlled which is not valid in general [17]. However, in case of the ORC, the inverse dynamics
of the system can be realized using the data from the open-loop configuration.
In this paper, a direct inverse neuro-fuzzy control strategy is proposed for an ORC waste heat
recovery system deployed to recover the waste heat energy of internal combustion engines in
heavy-duty trucks. This control strategy, potentially offers a highly effective control of
superheating at the evaporator outlet accruing benefit of safe operation of ORC system under
highly dynamic heat source condition. Moreover, the control system maintains the expander work
output at the desired value by regulating the vapour pressure at the expander inlet. The proposed
control strategy has been developed to meet two main requirements: set-point tracking and
disturbance rejection.
The paper is structured as follows: in section 2 the model for sub-components of the ORC is
developed and the final ORC model is achieved by interconnecting these components. Section 3
describes the development of inverse neuro-fuzzy controller and its implementation in different
closed loop configurations to control the superheating at the evaporator outlet. Configuration of
the control loop for simultaneous control of superheating at the evaporator outlet and control of
expander output is also described in section 3. Section 4 demonstrates the results of set-point
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tracking and controller robustness in presence of high frequency noises for different control loop
configurations. These simulation tests are designed to evaluate the effectiveness of the proposed
control strategy. The objective of this study is to confirm the potential of utilising the proposed
inverse neuro-fuzzy controller for ORC under transient heat source of heavy-duty diesel engines.
2. Model of Organic Rankine Cycle
This section describes the construction of sub-models for the individual components of organic
Rankine cycle shown in Fig. 1. The model of the ORC system is then formed by interconnecting
these components. The ORC model will ultimately be controlled to demonstrate its effectiveness
in ensuring the safety of system under dynamic loading condition and stabilizing the output work
of the system.
2.1. Evaporator model
The evaporator is the most influential component of the ORC owing to its high thermal inertia and
slower response time compared to the other components of the system. Therefore, for accurate
control of ORC a precise dynamic model of the evaporator is required. Several models of
evaporator are represented in the literature [1, 8, 14, 18-22]. These models can be categorized in
terms of their complexity, accuracy and ability to identify the evaporator under transient conditions
and different pressures to three main groups: single segment lump method, moving boundary
method and distributed or finite volume (FV) methods. Models developed based on the single
segment lump method are generally not suitable for investigating dynamic behaviour of
evaporator, because these models do not consider the phase changes of working fluid in the
evaporator when subjected to a transient heat source. Moving boundary method, on the other hand,
discretizes the length of evaporator to three regions (liquid, two-phase, and vapour) with
intermediate moving boundaries. However, the highest performance of the ORC is achieved under
the supercritical pressures of evaporator, which there is no distinct phases available for working
fluid [23]. Therefore, the thermo-physical properties of working fluid are changing with the
temperature [23]. The FV models of evaporator are able to handle the supercritical pressures. In
FV models, the length of evaporator is discretized to a number of control volumes, then mass and
energy conservation equations are solved in each control volume numerically to find the properties
of working fluid [18]. The FV models of evaporator are computationally expensive and are not
suitable for real-time control of the ORC [24, 25]. To resolve this issue a neuro-fuzzy model of
evaporator operating under supercritical pressures is developed in the previous study of the authors
[26]. This neuro-fuzzy model of evaporator is identified using the data from a FV model of
evaporator operating under supercritical pressures developed by Chowdhury et. al. [22] and
optimized using particle swarm optimization (PSO) algorithm [27] to minimize the performance
measure (RMSE) between the target values and neuro-fuzzy model outputs. This trained neurofuzzy model is able to predict the input-output evaporator behaviour using the logic-based rules
without solving the time-consuming governing differential equations. Furthermore, the
optimization process is carried out offline and after the training, the model can be used for online
control applications.
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2.2. Expander model
The expander selection plays a vital role in the performance of ORC. In small-scale ORC systems,
volumetric-type expanders are usually preferred over velocity-type expanders, because of their
reliability, availability, reduced number of moving parts and ability to operate at the higher
pressures and lower mass flow rates [28]. Selection of the expander type depends on many factors
such as type of working fluid and expansion process pressure ratio. Moreover, the dynamic
response of expander is much faster than the heat exchanging components in the cycle. Therefore,
a detailed dynamic model of the expander is unnecessary for the simulation and a steady-state
model is sufficient for this purpose. In this study, a volumetric scroll type expander is used. A
zero-dimensional thermodynamic model for the expander based on the state enthalpies is
formulated. The expander output work 𝑊𝑊𝑒𝑒𝑒𝑒𝑒𝑒 is given by:
𝑊𝑊𝑒𝑒𝑒𝑒𝑒𝑒 = 𝑚𝑚̇𝑒𝑒𝑒𝑒𝑒𝑒 η𝑒𝑒𝑒𝑒𝑒𝑒 (𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑜𝑜 − 𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖 )

(5)

where 𝑚𝑚̇𝑒𝑒𝑒𝑒𝑒𝑒 is the working fluid mass flow rate passing through the expander, 𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑜𝑜 and 𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖
are the inlet and outlet enthalpies of working fluid in 𝑘𝑘𝑘𝑘/𝑘𝑘𝑘𝑘, and η𝑒𝑒𝑒𝑒𝑒𝑒 is the expander efficiency.
2.3. Pump model

In the ORC waste heat recovery system, the pump is responsible for pressurizing the working fluid
and providing the required mass flow rate through the cycle. Depending on the mass flow rate and
pressure requirements centrifugal and volumetric-type pumps such as diaphragm and piston pumps
can be utilized. However, in automotive applications, other requirements such as being leak-proof,
ability to deliver lower mass flow rate at higher pressures and compatibility with the organic
working fluid should be met. In this study, among the available options a diaphragm pump is
selected for the ORC system. The enthalpy of working fluid at the evaporator outlet 𝐻𝐻𝑝𝑝,𝑜𝑜 and the
pump work 𝑊𝑊𝑝𝑝 are given by:
𝐻𝐻𝑝𝑝,𝑜𝑜 =
𝑊𝑊𝑝𝑝 =

𝜈𝜈𝑝𝑝 (𝑃𝑃𝑝𝑝,𝑜𝑜 −𝑃𝑃𝑝𝑝,𝑖𝑖 )

η𝑝𝑝

+ 𝐻𝐻𝑝𝑝,𝑖𝑖

𝑚𝑚̇𝑝𝑝 𝜈𝜈𝑝𝑝 (𝑃𝑃𝑝𝑝,𝑜𝑜 −𝑃𝑃𝑝𝑝,𝑖𝑖 )

(6)

η𝑝𝑝

where 𝑃𝑃𝑝𝑝,𝑜𝑜 and 𝑃𝑃𝑝𝑝,𝑖𝑖 are the inlet and outlet pressures of the pump, respectively. 𝐻𝐻𝑝𝑝,𝑖𝑖 is the working
fluid enthalpy at the pump inlet, 𝑚𝑚̇𝑝𝑝 is the pump mass flow rate in 𝑘𝑘𝑘𝑘/𝑠𝑠; 𝜈𝜈𝑝𝑝 is the average specific
volume of the working fluid in 𝑚𝑚3 /𝑘𝑘𝑘𝑘 and η𝑝𝑝 is the pump efficiency.
2.4. Condenser model

The heat exchanging elements are determining the dynamic response of the ORC system due to
their slower response time. Nevertheless, since the ORC system is operating under the supercritical
pressures, prediction and control of the high-pressure side of the ORC system is much more
important. This is due to complex heat transfer behaviour in the evaporator under supercritical
pressures and transient heat source. In this study, it is assumed that there is enough cooling capacity
on board to remove the excessive heat from the working fluid in the condenser. This task can be
5

achieved by using a separate fan to cool down the condenser or utilizing the engine cooling fan to
reduce the temperature of organic fluid. Therefore, the working fluid at the outlet of condenser is
considered to be subcooled and a zero-order thermodynamic model according to the inlet and outlet
working fluid enthalpies describes the condenser power 𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 as follows:
(7)

𝑄𝑄𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑚𝑚̇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑜𝑜 − 𝐻𝐻𝑐𝑐𝑐𝑐𝑐𝑐,𝑜𝑜 )

where 𝑚𝑚̇𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is the mass flow rate of refrigerant through the condenser and 𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑜𝑜 and 𝐻𝐻𝑐𝑐𝑐𝑐𝑐𝑐,𝑜𝑜 are
the enthalpies at the expander outlet and condenser outlet, respectively.
2.5. Valve model

A three-way control valve in the ORC configuration is responsible for bypassing the excessive
mass flow rate of working fluid. The valve provides an extra degree of freedom in the ORC
configuration to regulate the work output of the expander by adjusting the percentage of working
fluid mass flow rate passing through the expander. The working fluid mass flow rate passing
through the valve is as follows:
(8)

𝑚𝑚̇𝑟𝑟,𝑣𝑣 = 𝛼𝛼 𝐴𝐴𝑣𝑣 �2𝜌𝜌∆𝑃𝑃

where 𝛼𝛼 is the percentage of valve opening, 𝐴𝐴𝑣𝑣 is the valve cross-section area in 𝑚𝑚2 and ∆𝑃𝑃 is
the pressure drop between the evaporator outlet and the valve inlet calculated using the DarcyWeisback pressure drop correlation [29] as follows:
∆𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 =
1

�𝑓𝑓𝐷𝐷

𝑓𝑓𝐷𝐷 𝜌𝜌𝐿𝐿𝑝𝑝 𝑣𝑣 2
2𝐷𝐷ℎ

(9)
∈𝑝𝑝 /𝐷𝐷 1.11

= −1.8 log ��

3.7

�

6.9

(10)

+ 𝑅𝑅𝑅𝑅 �

where 𝐷𝐷ℎ and 𝐿𝐿𝑝𝑝 are the pipes hydraulic diameter and length of pipe in 𝑚𝑚, respectively and ∈𝑝𝑝
and ∈𝑝𝑝 /𝐷𝐷 denote the absolute and relative roughness of the pipe in 𝑚𝑚.
3. Control system design for Organic Rankine Cycle

The ultimate objective of an evaporator outlet temperature control system is to maintain the
temperature of working fluid at the evaporator outlet within predefined limits under all operating
conditions. The excessive temperature of working fluid could result in decomposition of working
fluid as well as components damage, whereas the low temperatures of working fluid could lead to
liquid droplets that can damage the expander and reduce the efficiency of ORC cycle. Moreover,
increasing the working fluid temperature at the evaporator outlet beyond its superheating
temperature does not improve the thermal efficiency of the cycle [1, 30]. In the ORC system, any
modification in the pump speed changes the mass flow rate of working fluid and consequently, the
temperature at the evaporator outlet. The ORC control system should thus be able to precisely
track the required set-point temperature by changing the pump speed while compensating for
changes in mass flow rate and temperature of heat source during various loading condition of
internal combustion engines.
6

Furthermore, the work output of the expander also requires to be controlled to prevent the expander
from damage. The mass flow rate of working fluid has a prominent effect on the expander inlet
vapor pressure and as a result the expander work output. According to equation (5) the expander
work output is directly affected by the mass flow rate of working fluid passing through it (𝑚𝑚̇𝑒𝑒𝑒𝑒𝑒𝑒 )
and its inlet and outlet enthalpies (𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑖𝑖 , 𝐻𝐻𝑒𝑒𝑒𝑒𝑒𝑒,𝑜𝑜 ). Therefore, to control the expander output work
a three-way valve is used in the ORC configuration to bypass the excessive vapour entering the
expander to protect it from breakdown, hammering or excessive wear.
In an ORC system working under supercritical pressures, control of working fluid temperature at
the evaporator outlet is possible by regulating the pump speed, and control of expander work output
is attainable by regulating the ratio of working fluid mass flow rate passing through it. Therefore,
two strategies to control the working fluid temperature and expander output work are investigated
in this paper: i) control of superheating at the evaporator outlet ii) combination of evaporator outlet
temperature control and expander work output control.
3.1. Control of superheating at the evaporator outlet
Control of the ORC for automotive applications is not a trivial task. This is due to the highly
transient nature of heat source and complex evaporator heat transfer characteristics in supercritical
pressures. The first control strategy investigated in this study is a direct inverse adaptive neurofuzzy inference system (ANFIS) controller. In this strategy, regulation of evaporator outlet
temperature is investigated by modifying the ORC pump speed during the heat source mass flow
rate and temperature disturbances using the inverse ANFIS model of the ORC system.
3.1.1. Direct inverse ANFIS controller
ANFIS is an artificial intelligence method introduced in 1993 by Jang [31]. This method represents
the Takagi-Sugeno (TSK) fuzzy inference system in the framework of a feedforward neural
network accruing the high pattern recognition power of neural networks and modelling benefits of
fuzzy inference system in order to map the input data to the output data. The advantage of the
direct inverse ANFIS controller over its neural network counterparts is the ability of better
controller recovery after disturbances [17]. The ANFIS architecture is comprised of five layers
and each layer contains some nodes, which are performing a specific task known as the node
function. For simplicity, a two-input one-output system is represented here to illustrate the ANFIS
technique. To form the network’s rule base two Takagi-Sugeno rules are considered for the
network as follows:
Rule 1: If 𝑥𝑥 is 𝐴𝐴1 and 𝑦𝑦 is 𝐵𝐵1, then 𝑓𝑓1 = 𝑝𝑝1 𝑥𝑥 + 𝑞𝑞1 𝑦𝑦 + 𝑟𝑟1

Rule 2: If 𝑥𝑥 is 𝐴𝐴2 and 𝑦𝑦 is 𝐵𝐵2, then 𝑓𝑓2 = 𝑝𝑝2 𝑥𝑥 + 𝑞𝑞2 𝑦𝑦 + 𝑟𝑟2

where 𝑥𝑥 and 𝑦𝑦 are input variables, 𝑓𝑓𝑖𝑖 is the output and 𝐴𝐴𝑖𝑖 and 𝐵𝐵𝑖𝑖 represent the fuzzy sets which are
defined over the input domain, and 𝑝𝑝𝑖𝑖 , 𝑞𝑞𝑖𝑖 and 𝑟𝑟𝑖𝑖 are the parameters of linear polynomial in the 4th
layer of ANFIS network. Fig. 2 shows the structure of the ANFIS network.
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Fig. 2. Structure of ANFIS network

The function of the nodes in all layers of ANFIS are listed in Table 1. In the first layer, input
values are converted to their corresponding subspaces by deploying Gaussian membership
functions. Selection of the shape and number of membership functions has a profound influence
on the complexity and accuracy of ANFIS-based models. Therefore, Gaussian membership
functions, considering their smooth representation of input space are selected. The tuneable
parameter sets (𝑎𝑎𝑖𝑖 , 𝑏𝑏𝑖𝑖 and 𝑐𝑐𝑖𝑖 ) of these membership functions are determining the shape of
membership function and are referred to as premise parameters. In the node function of layer one
(see Table 1), 𝑥𝑥 and 𝑦𝑦 are the inputs to the node 𝑖𝑖, 𝐴𝐴 and 𝐵𝐵 are the linguistic labels, and 𝜇𝜇(𝑥𝑥) and
𝜇𝜇(𝑦𝑦) are Gaussian membership functions ranging from 0 to 1 as follows:
𝜇𝜇(𝑥𝑥) = exp(−

(𝐶𝐶𝑖𝑖 −𝑥𝑥)2
2𝜎𝜎𝑖𝑖 2

(11)

)

In the second layer, input signals from previous layer are multiplied and firing strengths of the
fuzzy rules are obtained. Subsequently, in the third layer, the firing strengths are normalised
against each other. Then, in the fourth layer, the normalised firing strengths are multiplied with
the consequent parameters (𝑝𝑝𝑖𝑖 , 𝑞𝑞𝑖𝑖 and 𝑟𝑟𝑖𝑖 ). Finally, in the fifth layer the final crisp output is
achieved by summation of all incoming signals.

Table 1: Node functions of ANFIS layers
Layer
1

Node Function

Node Type
Adaptive

O1,i = µ Ai (x ) for i = 1,2, or

Tuneable Parameters
ai , bi and c i

O1,i = µ B i −2 ( y ) for i = 3,4

2

O 2,=
w=
µAi (x ) µB i ( y ), i = 1, 2
i
i

3

wi =

wi
, i = 1, 2
w 1 +w 2

8

Fixed

_

Fixed

_

4

5

O 4,i = w i f i = w i ( p i x + q i y + ri )
=
O 5,1

w f
∑=
i

i

i

∑w
i

i

∑w
i

fi

Adaptive

p i , q i and ri

Fixed

_

i

As previously mentioned, the nodes in the first and fourth layers of ANFIS are adaptive and
ANFIS model can be trained by tuning the parameters in these layers. The tuneable parameters in
the first layer are 𝑎𝑎𝑖𝑖 , 𝑏𝑏𝑖𝑖 and 𝑐𝑐𝑖𝑖 , whereas the 𝑝𝑝𝑖𝑖 , 𝑞𝑞𝑖𝑖 and 𝑟𝑟𝑖𝑖 are for the fourth layer. ANFIS adopts a
hybrid method to tune these parameters. This hybrid method has a forward and a backward pass
as shown in Table 2.
Table 2: Hybrid learning algorithm of ANFIS
Parameter
Antecedent Parameters
Consequent Parameters
Signals

Forward Pass
Fixed
Least Square
Estimate
Node Outputs

Backward Pass
Gradient Decent
Fixed
Error Signals

In the forward pass, the antecedent parameters in the first layer are fixed and the input signal
propagates forward until fourth layer of ANFIS, and by using the least square estimate, the error
between the model outputs and training data is calculated. Subsequently, in the backward pass,
consequent parameters in the fourth layer are fixed and the error signal propagates backward
through the network architecture. Then, by using the gradient decent algorithm, the antecedent
parameters in the first layer are updated.

Fig. 3. Structure of inverse ANFIS controller in the learning phase

This control scheme is developed based on the inverse dynamics of the ORC model. The inverse
learning for controller is performed in two phases: the learning phase and the implementation
phase. The structure of inverse ANFIS controller during the learning phase is shown in Fig. 3. In
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the learning phase, the inverse model of the ORC is obtained based on the open-loop data and the
goal is to minimize the error between the actual values of pump speed and its predicted values by
the ANFIS structure. To achieve this goal, first, a random signal for the pump speed 𝑁𝑁𝑝𝑝 (𝑘𝑘) ranging
from 80 to 1750 𝑅𝑅𝑅𝑅𝑅𝑅 is produced. This signal is based on the typical range and rate of change of
the low to medium grade waste heat ORC pump. Then, this signal alongside with the random
signals for heat source mass flow rate 𝑚𝑚ℎ (𝑘𝑘) and temperature 𝑇𝑇ℎ (𝑘𝑘) applied to the ORC model
in an open loop configuration. The range of heat source mass flow rate signal is equal to 0.073 to
0.2985 𝑘𝑘𝑔𝑔/𝑠𝑠 and the heat source temperature is ranging from 412 to 523 K. The temperature of
the working fluid at the evaporator outlet 𝑇𝑇𝑟𝑟𝑟𝑟 (𝑘𝑘) and a unity-delayed temperature of working
fluid at the evaporator outlet 𝑇𝑇𝑟𝑟𝑜𝑜 (𝑘𝑘 − 1) are recorded for 4500s. In the next step, the gathered data
from the open-loop configuration is used to model the inverse dynamics of the ORC system offline.
As recommended in several studies, the data is further divided randomly to 70% for training and
30% for testing the proposed inverse ANFIS model. Consequently, 3150 and 1350 data points are
used for training and testing the controller model, respectively. As illustrated in Fig. 3, the inputs
for the inverse controller model in the learning phase are heat source mass flow rate 𝑚𝑚ℎ (𝑘𝑘) and
temperature 𝑇𝑇ℎ (𝑘𝑘), working fluid temperature 𝑇𝑇𝑟𝑟𝑟𝑟 (𝑘𝑘) and unity-delayed working fluid
temperature 𝑇𝑇𝑟𝑟𝑟𝑟 (𝑘𝑘 − 1) at the evaporator outlet. The output of the model is the pump speed
𝑁𝑁𝑝𝑝 (𝑘𝑘). The ANFIS parameters utilized for the inverse model during the learning phase of
controller is listed in Table 3. The actual and predicted pump speeds for train and test data are
shown in Fig. 4. As it can be seen, the training data and an unseen test data are applied to the
trained models to evaluate the generalization power of the models. Additionally, a statistical
criterion in terms of RMSE is considered to evaluate the accuracy of the models. The training and
test RMSE for prediction of pump speeds are 7.75 and 8.45, respectively. Furthermore, to better
illustrate the deviation of the predicted pump speeds from the actual values, regression plots are
also included in Fig. 4. The linear correlation coefficient (R) for training data set is 0.99972 and
for test data set is 0.99968. The R value for training and test data clearly implies the high
generalization power of the model since the R value for both training and test data are close to one.
Table 3: Inverse ANFIS controller training parameters
Parameters

Inverse ANFIS controller

Parameters

Inverse ANFIS controller

Number of training data set

3150×5

Number of Epochs

3000

Number of test data set

1150×5

Number of linear parameters

280

Clustering method

FCM

Number of nonlinear parameters

560

Membership functions

Gaussian

Total number of parameters

840

Number of Clusters

70×4

Number of fuzzy rules

70
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Fig. 4. Comparison of actual and predicted pump speeds for training and test data sets

3.1.2. Implementation of inverse ANFIS controller
Two closed loop ORC configurations are considered to assess the performance of the neuro-fuzzy
controller developed in the previous section as shown in Fig. 5 and 6. The inputs to the controller
in the implementation phase are the transient mass flow rate 𝑚𝑚ℎ (𝑘𝑘) and temperature 𝑇𝑇ℎ (𝑘𝑘) of the
heat source, which are mimicking the behaviour of heat source in the internal combustion engines,
the temperature of working fluid at the evaporator outlet 𝑇𝑇𝑟𝑟𝑟𝑟 (𝑘𝑘) and the reference working fluid
temperature 𝑇𝑇𝑟𝑟𝑟𝑟_𝑟𝑟𝑟𝑟𝑟𝑟 (𝑘𝑘). In the second configuration, a single-input single-output (SISO) PID
controller with fixed gains based on the error signal from the difference between reference working
fluid temperature and the evaporator outlet temperature is tuned to control the working fluid
temperature at the evaporator outlet. The PID controller is combined with the inverse ANFIS
controller to improve the chattering effect of pump signal and reduce the settling time and
overshoot of the system response. The PID is tuned with the nominal heat source temperature of
500 K and mass flow rate of 0.2 kg/s. The PID gains achieved for this control scheme are Kp = 8,
Ki = 2.5, Kd = 2.5 and z = 0.13, for the proportional, integral, derivative, and filter coefficient,
respectively. In both configurations, the rate of change and range of pump speed are limited to
±100 𝑅𝑅𝑃𝑃𝑃𝑃/𝑠𝑠 and 80-1750 𝑅𝑅𝑅𝑅𝑅𝑅, respectively, according to the specifications of the deployed
pump.
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Fig. 5. Structure of the ORC with inverse ANFIS controller

Fig. 6. Structure of the ORC with combination of inverse ANFIS and PID controllers

3.2. Expander work output control
Control of expander speed during the transients is discussed in the following section. As discussed
previously in section 3, any modification in the pump speed changes the mass flow rate of working
fluid passing through expander. Since the ORC in the mobile applications is imposed to a highly
transient heat source, the pump speed needs to be adjusted accordingly to compensate for these
transients in order to maintain the superheating at the evaporator outlet. As a result, the mass flow
rate of working fluid may experience sudden changes in the ORC system that causes the expander
output work 𝑊𝑊𝑒𝑒𝑒𝑒 (𝑘𝑘) to change abruptly. This is due to the faster dynamic of expander as compared
to the evaporator. Furthermore, control of the expander work output is not effective when it is
implemented independently without regulating the evaporator outlet temperature. This is due to
the importance of vapour quality at the expander inlet. If a positive superheating is not maintained
at the evaporator outlet, liquid droplets can form, which can harm the expander. Therefore, a
simultaneous control scheme is proposed in this study to control the superheating and expander
work output at the same time. The configuration of the control scheme is illustrated in Fig. 7. A
three-way valve is used in this configuration to bypass the excessive working fluid mass flow rate
passing through the expander to maintain a steady expander work output. The percentage of valve
opening (𝑉𝑉 − 𝑂𝑂) is determining the working fluid mass flow rate passing through the expander. A
PI controller with gains Kp = 8, Ki = 2.5, and z = 0.13 for the proportional, integral, and filter
12

coefficient, respectively, is tuned and implemented in the ORC control system. Since a steadystate model of the valve is used in this study, the response of the valve is filtered using a first order
low-pass filter to reduce the oscillations as follows:
𝑉𝑉 − 𝑂𝑂𝑓𝑓 =

1

(12)

𝜏𝜏𝑣𝑣 .𝑠𝑠+1

where 𝑉𝑉 − 𝑂𝑂𝑓𝑓 is the valve filter and 𝜏𝜏𝑣𝑣 is the time constant for the filter which is assumed to be
1s.

Fig. 7. Structure for simultaneous control of superheating and expander work output

4. Results and discussion
The performance of control strategies described in section 3 are now tested in terms of set-point
tracking and robustness in presence of a highly transient heat source. The success of the control
strategies are judged based on the ability to track the reference set-points for the working fluid
temperature at the evaporator outlet and expander work output within acceptable limits. Moreover,
since in practical applications environmental noises may affect the sensor readings, the robustness
of controllers are also assessed in the presence of noise.
4.1. Set-point tracking
To test the set-point tracking ability of the inverse ANFIS and combination of inverse ANFIS
and PID controllers, the closed loop control systems shown in the Fig. 5 and 6 are subjected to
random signals for the heat source mass flow rate and temperature within the range of 0.18 –
0.24 𝐾𝐾𝐾𝐾/𝑠𝑠 and 495 – 525 𝐾𝐾, respectively. These ranges are selected to represent the temperature
and mass flow rate variations of a typical waste heat source in heavy-duty trucks. The heat
source mass flow rate and temperature variations are shown in Fig. 8.
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Fig. 8. Heat source mass flow rate and temperature variations

To ensure that the system reaches its steady-state condition before introducing transients to the
ORC at 𝑡𝑡 = 500𝑠𝑠 the simulations start under steady-state heat source condition with 𝑇𝑇ℎ = 500 𝐾𝐾
and 𝑚𝑚ℎ = 0.2 𝐾𝐾𝐾𝐾/𝑠𝑠. Furthermore, during this period the controller is off and a fixed pump speed
of 850RPM is exerted to the system. At 𝑡𝑡 = 500𝑠𝑠 the controller becomes functional and
simultaneously the transient heat source is applied to the ORC. As can be seen from Fig. 9, a
reference signal with the temperature 405 𝐾𝐾 is set for the outlet temperature of evaporator. A series
of step changes are applied to the reference signal. These step changes are happening at 𝑡𝑡 = 800𝑠𝑠,
𝑡𝑡 = 1000𝑠𝑠, 𝑡𝑡 = 1200𝑠𝑠, 𝑡𝑡 = 1400𝑠𝑠, 𝑡𝑡 = 1600𝑠𝑠, with the step sizes of +3, -3, +5, -5 and -1,
respectively. Since the PID controller has fixed gains, which are tuned for nominal temperature
and mass flow rate of 500 𝐾𝐾 and 0.2 𝐾𝐾𝐾𝐾/𝑠𝑠, its performance reduces in the presence of the transient
heat source. Moreover, PID controller is unable to eliminate the steady-state error during the heat
source disturbances. As it can be inferred from the results, the ANFIS controller is able to eliminate
the steady-state error in the presence of heat source disturbances. This is achieved by intense
modification of the pump speed during the transients to compensate for the changes in the heat
source variations. However, the results are not very encouraging due to the chattering effect in the
response of the controller. This chattering effect could be attributed to the fast adjustments of the
pump speed in the presence of highly transient heat source that increases the settling time of the
response. The results suggest that combination of a PID controller with the inverse ANFIS
controller significantly reduces the chattering effect of the controller response and reduces its
overshoot during the transients. Moreover, compared to the inverse ANFIS controller the second
control strategy reduces the settling time of the response significantly. The pumps speed for
different control scenarios are compared in Fig. 10.
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Fig. 9. Comparison of set-point tracking of control strategies with transient heat source

Fig. 10. Comparison of response of pump for various control schemes under transient heat source
4.2. Robustness of the proposed control systems
Initial simulation test on evaporator outlet temperature control loops indicated the acceptable
performance of combination of PID and inverse ANFIS controllers in presence of a transient heat
source. However, in practical applications, the ORC works in a harsh environment and as a result,
it is important to investigate the robustness of the control schemes. The robustness of controllers
is assessed in terms of set-point tracking and disturbance rejection by adding a high frequency
white noise to the heat source mass flow rate and temperature as represented in Fig. 11. To test the
robustness of controllers the set-point for the outlet evaporator temperature experiences several
step changes with different amplitudes.
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Fig. 11. Heat source mass flow rate and temperature variations in the presence of white noise

The tracking ability of PID, inverse ANFIS and combination of PID and inverse ANFIS controllers
are shown in Fig. 12. The results indicate the superior performance of combination of PID and
inverse ANFIS controllers as compared to the PID controller by adjusting the pump speed in the
range of 400-1250 𝑅𝑅𝑅𝑅𝑅𝑅. As it can be observed from the pump speed responses in Fig. 13, the
chattering effect of the pump speed is significantly reduces by combining a PID controller with
the inverse ANFIS controller. Comparison of pump speed for three controllers reveals that the
range of pump speed adjustment in the PID configuration is significantly less than the other two
controllers. This lower adjustment range results in an undesirable increase in the working fluid
temperature deviation from the set-point. The tracking ability of controllers in Fig. 12 points out
the ability of the controller in successfully tracking the working fluid temperature set-point at the
evaporator outlet even in the presence of significant disturbances in the heat source sensors data.

Fig. 12. Comparison of set-point tracking of control strategies with transient heat source in the
presence of noise
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Fig. 13. Comparison of response of pump for various control schemes with transient heat source
in presence of noise
4.3. Set-point tracking of expander work output
The ability of the expander control loop in this section is tested using simulation. The expander
control loop is added to the combination of PID and inverse ANFIS control loops to simultaneously
regulate the work outlet of expander as well as the superheating at the evaporator outlet. The
simulation results for expander work output and percentage of valve opening are shown in Figs.
14 and 15, respectively. A fixed set-point of 2.8 𝑘𝑘𝑘𝑘 for the expander work output is considered.
As can be seen in the Fig. 14, the PI controller is able to successfully maintain the desired expander
work output by adjusting the valve opening for majority of the test duration. To achieve this, the
controller adjusts the valve opening in the range of 87-100 percent. It can be seen in Fig. 15 that
the valve opening saturates at certain periods during the test, specially between 𝑡𝑡 = 1030𝑠𝑠 and
𝑡𝑡 = 1210𝑠𝑠. This is because the transient nature of the heat source. In this specific period, the heat
source quantity is not enough to superheat the working fluid therefore the ORC superheating
control loop tries to reduce the pump speed to compensate for the heat source transients and
maintain the evaporator outlet temperature set-point. As a result, the mass flow rate of working
fluid at the valve inlet decreases. Subsequently, the expander work output control loop responds
to this change in mass flow rate by completely opening the three-way valve to allow more
superheated vapor to enter the expander and this causes deviation from the set-point. However,
after the quantity of the transient heat source improves the controller tries to adjust the mass flow
rate by suddenly reducing the percentage of valve opening. Due to this fast transition an overshoot
happens in the response of the expander output work until the expander work control loop regains
control and the work output returns to its defined set-point.
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Fig. 14. Set-point tracking of expander work output

Fig. 15. Percentage of valve opening using the PI controller

5. Conclusions
A new control structure comprised of two independent loops is proposed to control an ORC
subjected to a transient heat source with heavy-duty diesel engine waste heat characteristics. The
controlled parameters are chosen as superheating at the evaporator outlet and the expander work
output which controlled respectively by adjusting the pump speed and bypassing the excessive
flow. In the first loop an inverse neuro-fuzzy controller is designed and its performance is
compared with a tuned PID controller in terms of set-point tracking. To reduce the chattering in
the response of the pump the inverse neuro-fuzzy controller is combined with a feedforward PID
controller and the robustness of control schemes is assessed in presence of a high frequency white
noise. In the second control loop to regulate the expander work output and prevent expander
damage a PI controller is tuned to bypass the excessive mass flow rate entering expander using a
three-way valve. Based on the simulation results, the main conclusions are as follows:
•
•

The performance of PID controller with fixed gains is not satisfactory for control of
superheating at the evaporator outlet under transient heat source conditions.
The inverse neuro-fuzzy controller was able to reduce the steady state error for controlling
the temperature at the evaporator outlet; however, due to the logic-based structure of the
controller the chattering in the pump speed increases, this fast adjustment of pump speed
reduces the overall efficiency of the ORC and increases the settling time of the response.
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•

•

•

Combining a PID controller with inverse neuro-fuzzy controller improves the settling time
of the controller and reduces the chattering effect in the pump speed. Furthermore, this
control strategy is shown to track the desirable set-point temperature at the evaporator
outlet with an acceptable precision.
The performance of the proposed controller is compared with a PID controller in terms of
set-point tracking and disturbance rejection, and the results suggest that the robustness of
the controller is improved as compared to a tuned PID controller.
The performance of the PI controller is satisfactory for controlling the expander work
output at its set-point. However, due to the importance of vapour quality at the expander
inlet, this control strategy cannot be implemented independently without controlling the
superheating at the evaporator outlet.
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