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Abstract:
This study aims to develop a predictive control model for an exhaust air heat pump
system, in order to meet the thermal load in a single-family house in Sweden for a range
of boundary conditions. For this purpose, three models are developed by the artificial
neural network (ANN) approach, based on the training data acquired by the TRNSYS.
The fulfillment of the best ANN design was accomplished by employing the back
propagation learning algorithm with variants lavenberg–marguardt (LM) and mainly
with two stages hidden layers. The integrated ANN model has 3 sub models. The total
amount of heat transfer from the heat pump to the building heating system in both
modes of space heating (SH) and domestic hot water (DHW) is anticipated in the first
model (model 1). The speed of compressor is considered in the second model (model
2). The average indoor temperature of the house as well as the heat losses from the
building envelop are predicted in third model (model 3). Then, the results of coupled
ANN model are analyzed by three statistical parameters to assess the performance of
LM algorithm: the root mean square (RMS), the coefficient of variation (COV) and the
coefficient of multiple determinations (𝑅𝑅 2 ).

According to the results, heat transfer predicted by the model 1 in the heat pump
system provides a correlation coefficient 0.9720 with the COV and RMS values of
22.0994 and 0.0073, respectively. Similarly, the speed of the compressor is anticipated
by model 2 offers a correlation coefficient 0.9784 with the COV of 17.5701 and RMS
of 12.2475. In the model 3, the building indoor temperature provides the RMS
of 0.0362 and COV of 0.1732 with the correlation of coefficient of about 0.9999. Also,
the coefficient of determination comes to about 0.9999 for building heat losses with the
RMS and COV of 0.7659 and 1.0235, respectively.
The results point to an interesting fact that the correlation coefficients are higher than
0.9720 in all three ANN models, which confirm the high accuracy of the ANN model
to predict the desired network outputs. Moreover, the R2 values obtained from all ANN
models varied between 0.9720 and 0.9999 are completely acceptable value from the
statistical point of view. With such a model, it can implement the predictive control
strategy for heat pump system with PV and electrical storage for better economic
benefits.
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Abstract
This study aims to develop a predictive control model for an exhaust air heat pump system,
in order to meet the thermal load in a single-family house in Sweden for a range of boundary
conditions. For this purpose, three models are developed by the artificial neural network
(ANN) approach, based on the training data acquired by the TRNSYS. The fulfillment of
the best ANN design was accomplished by employing the back propagation learning
algorithm with variants lavenberg–marguardt (LM) and mainly with two stages hidden layers.
The integrated ANN model has 3 sub models. The total amount of heat transfer from the
heat pump to the building heating system in both modes of space heating (SH) and domestic
hot water (DHW) is anticipated in the first model (model 1). The speed of compressor is
considered in the second model (model 2). The average indoor temperature of the house as
well as the heat losses from the building envelop are predicted in third model (model 3).
Then, the results of coupled ANN model are analyzed by three statistical parameters to
assess the performance of LM algorithm: the root mean square (RMS), the coefficient of
variation (COV) and the coefficient of multiple determinations (𝑅 ).
According to the results, heat transfer predicted by the model 1 in the heat pump system
provides a correlation coefficient 0.9720 with the COV and RMS values of 22.0994 and
0.0073, respectively. Similarly, the speed of the compressor is anticipated by model 2 offers
a correlation coefficient 0.9784 with the COV of 17.5701 and RMS of 12.2475. In the model
3, the building indoor temperature provides the RMS of 0.0362 and COV of 0.1732 with
the correlation of coefficient of about 0.9999. Also, the coefficient of determination comes
to about 0.9999 for building heat losses with the RMS and COV of 0.7659 and 1.0235,
respectively.
The results point to an interesting fact that the correlation coefficients are higher than 0.9720
in all three ANN models, which confirm the high accuracy of the ANN model to predict
the desired network outputs. Moreover, the R2 values obtained from all ANN models varied
between 0.9720 and 0.9999 are completely acceptable value from the statistical point of view.
With such a model, it can implement the predictive control strategy for heat pump system
with PV and electrical storage for better economic benefits.
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1 Introduction
The great importance of energy-efficient building design in countries like Sweden leads to
carefully investigate the most energy efficient way of energy utilization in terms of high
thermal comfort and less cost of operation of heating, ventilation and air-conditioning
(HVAC) in this system. In addition, nonlinearity and high complexity of this system
underlined the special requirement of advanced control strategy to meet the former
necessities with the most energy-efficient and cost-effective way.
As a result, in this study, control of exhaust air heat pump with great potential of performing
heat transfer in a desired direction of heat flow between heat source and heat sink is mostly
considered. This is successfully accomplished by circulating refrigerant liquid that is
evaporated at low pressure to extract heat energy from the surroundings through a cycle
which compromises also other components such as condenser, exchangers and expansion
valve.
Basically, by using a supervisory advance model predictive control (MPC) controller to
HVAC systems could result in to benefit up to 50 % a reduction in operating cost and energy
consumption compared to traditional HVAC controller such as proportional–integral–
derivative controller (PID) or on/off controller which suffer from the lack of these
advantages. The supervisory MPC controller, furthermore, can consider carefully the
variations in weather climate over the future, the dynamic electricity price and maintain
active and passive thermal energy storage to balance the peak load to off-peak hours. The
data-driven models, however, are a simple alternative to forward (conventional) models to
implement advanced HVAC systems tasks into practice. A broad set of training data of the
system is required under all possible operating conditions to achieve the highest accuracy in
modeling. There are many types of inverse (data-driven) models such as fuzzy logic models,
adaptive network based fuzzy inference system, statistical models (regression), auto
regression exogenous, auto regression moving average exogenous, and auto-regressive
integrated moving average have been used by the researchers [1].
However, among all modeling method of the intelligent controller for the heat pump system,
artificial neural network (ANN) is the most well-known method due to high level of accuracy
compared with other methods [1]. Furthermore, it requires much less information [2]
compared to the other numerical and detailed analytical method. Back propagation (BP)
network will be used in this study that include input layer, hidden layers and output layer for
the ANN network. The network is trained to predict an output based on the set of input
data in the training stage. Training method are constituted of a group of matching input and
output vectors that are employed in network training. It measures the difference between
the current actual output vector and the desired output (target) vector, and consequently the
resulting error back propagates to tune the connecting weights result in decreasing the error.
This process runs number of times until the error is within the required level. Then the
weights keep constant in the network that becomes a valid model for prediction of the
problem [3].
The contribution of this study in HVAC control system can be applied in practice to design
an advance predictive controller of the heat pump system in the building to save both
performance and economic benefits that provide lower energy consumption and operating
cost along with higher thermal comfort for the building envelop.
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Aims and objectives
This research aims to develop an ANN model-based heat pump system for a single-family
house that combines with a photovoltaic (PV) array, electrical storage and grid interaction,
to optimize and predict the performance of a residential HVAC system, with the following
main objectives:



To develop control algorithms that optimize system operation using forecast of
weather as well as potentially hot water usage.
To test whether such optimized control works for a range of boundary conditions

Method
In this research, a detailed model of a heat pump system, exhaust air heat pump F750, in a
Swedish single-family building which is in Norrköping, Sweden was modeled and designed
in TRNSYS (type581a). The modeling of heat pump is carried out by ANN method to
develop a predictive control strategy for a heat pump system with PV and electrical storage.
Thanks to robustness of ANN, the predictive controller for the heat pump is designed and
set as a base controller to predict the behavior of the heat pump response to potential control
signals. In other words, the optimization algorithm obtains in ANN modeling is utilized in
computing the control signal that ultimately optimizes future plant performance. Although
all these steps are carried out offline, the controller needs a remarkable amount of online
computation due to accomplish optimization algorithm at each sample time to acquire the
excellent control input. The main steps of this research methods are formulated as following
to design the model predictive control model:
 Determine the plant model of the neural network (system identification) by the
TRNSYS data set with time step of one minute for one year.
 Predict future performance of the plant by the plant model that is implement by
the controller.
 Analysis of ANN results and compare with statistical error to justify the
effectiveness of predictive controller to predict the thermal load of the building.

Previous work by literature review
The ANN model of a direct expansion geothermal heat pump is presented by [4] to predict
the heating capacity and the coefficient of performance of heat pump. Among the four
different algorithms including levenberg-marquardt (LM), pola-ribiere conjugate gradient
(CGP), scaled conjugate gradient (SCG) and broyden-fletcher-goldfarb (BFG) that was used
in the modeling process, LM provides the best results with 28 neurons in the hidden layer.
The performance coefficients (R , RMS, COV) of LM method also is quite outstanding
compared to others. However, this study clearly shows that the ANN is an effective
alternative way in modeling complex systems [3] integrate ANN with genetic algorithm (GA)
to optimize the performance of direct expansion solar assisted heat pump (DX-SAHP),
including heating capacity, energy performance ratio (EPR), power consumption and
compressor discharge temperature (CDT). Solar intensity and ambient temperature are
applied to train ANN model with LM as an optimization method as well as using 10 neurons
in hidden layer. The calculated percentage error obtained by integrating ANN with GA
brought about exceptional performance characteristic of DX-SAHP with faster execution
time in comparison with the ANN [5] presents a novel ANN model which composed of
multistage with multilevel to design the optimum design of geothermal heat pump used
district heating system (GHPDHS). The assessment of the system performance in terms of
COP, ᵋsys, COP sys, and NPV was carried out by the three different algorithm that were
LM, SCG and CGP along with second step ANN structure consist of three levels of ANN
2

models. This innovative approach provides simplicity and time saving for more complicated
calculation procedures for the development of GHPDHS [2] proposed a new control
strategy by ANN model to optimize the performance of the hybrid ground source heat
pump systems (HGSHP) and the result comparison with two conventional control methods
that are called schedule-based control (SBC) and temperature differential based control
(TDBC). The output water temperature of the ground heat exchanger (GHE) is predicted
by the ANN model with LM learning algorithm with 28 neurons in hidden layer. The result
of this study shows that ANN based predictive control strategy is more energy efficient than
the other two methods besides high accurate prediction under various operational
conditions and fully exploit the heat exchanger advantage of outdoor air and the soil. The
energy performance of a photovoltaic-thermal evaporator (PV-TE) used in solar assisted
heat pumps by the ANN was developed by [6] In this study photovoltaic panel temperature,
photovoltaic efficiency, solar energy input ratio and evaporator heat gain were predicted by
the ANN model with LM variant, 15 number of neurons in hidden layer with learning rate
and momentum factor 0.8 and 0.9, respectively. This novel approach presents that ambient
temperature and solar intensity are the most significant parameters impact on the energy
performance of the PV-TE.
According to previous research in modeling of the heat pump by the ANN, the key steps
that play significantly important role in modeling plant by the ANN are as following: first,
chose the most efficient training algorithm based on the best performance results that obtain
during the training; second, the performance coefficient such as (𝑅 , RMS, COV) would
offer a promising method to check that if the network model is validated; last but not least,
the parameters of the network model as an inputs and outputs can show the most important
effect on the performance of the plant model and thus they should be selected carefully to
achieve inevitable results.
On the other hand, no existing studies have been investigated yet about the coupled ANN
control model for heat pump operation when considering hot water usage/storage in a
variety of boundary conditions.
The following are the main objectives and contributions of this study:
i.

Developing the coupled ANN control model together with TRNSYS tool for a heat
pump system operated in building.
ii. Considering forecast of hot water usage/storage during the heat pump operation
and thus make optimization of the operation.
iii. Testing the proposed control model in different boundary conditions and deliver
the operational experience for practical application.
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2 Development of heat pump system model and building model
Firstly, let us look at the vital principals of air to air heat pump system as well as necessary
detailed description of heat pump applied in the problem. Next, the issue of detailed
description of the heat pump system will be discussed. Finally, let us do a brief review of
detailed model 3 where heat pump system is employed in the building energy model.

Fundamental principal of heat pump system
A heat pump can be able to apply for either heating or cooling or both applications. Heat in
the heat pump system is extracted from the heat source with low temperature (𝑄̇ ) and then
heat is received by the heat sink with high temperature (𝑄̇ ). However, this process is
accomplished by appending work 𝑊̇
. This shows in figure 2.1.1 and equation 2.1.1. For
exhaust air heat pump, the exhaust ventilated indoor air is the most common heat source
and it is regularly used as the sink.

𝑄̇

𝑄̇

𝑊̇

Figure 2.1.1: Fundamental principal of heat Pump system

𝑄̇ = 𝑄̇ + 𝑊̇

Equation 2.1.1

Since it is particularly vital that the heat pump operates with high energy efficiency, the heat
pump capacity control will be in high demand. For this reason, it necessitates to treat this
subject further here by reviewing the essential equations that will be employed in order to
find out the parameters of the ANN heat pump model in the following sections.
First it is essential to answer this question why the variable speed capacity control can
provoke the increase in energy efficiency of heat pump systems. Basically, the lower
condensation pressure in heat exchanger will trigger the decrease in compressor capacity.
Therefore, the thermal efficiency of the condenser by adopting the 𝜀 -NTU method for a
counter flow heat exchanger will determine in accordance with the equation 2.1.2 [7].
𝜀=

̇
̇

(

(

=

(

))

(

))

;𝑅 =

̇

; 𝑁𝑇𝑈 =

̇

.
̇

Equation 2.1.2

If it is supposing that the change in temperature can be negligible, then this is corresponding
to an infinitive heat capacity flow rate, and hence R can be approximately equal to zero. In
addition to the equation 𝑄̇ = 𝐶̇ . Δ𝑡 and, consequently the condensation temperature 𝑇
will be explained:
𝑇 = 𝑇

+
̇

̇
. (

.
̇

Equation 2.1.3

)
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This equation points to an interesting fact that the lower heating capacity, 𝑄̇ 2 , the lower
condensing temperature, 𝑇 , can be provided, whereas both the thermal transmittance of the
condenser and the return temperature from the heating system are assumed unaltered.
However, the change in heating capacity of heat pump will be accomplished by the change
in compressor speed. For this reason, the speed of compressor, 𝑓
, can be expressed as
equation 2.1.4 [7].

𝑓

=

.

.

. 𝑀̇

Equation 2.1.4

Hence, the power required by the compressor for delivering this heat capacity, 𝑊̇
be outline as [7]:
𝑊̇

=

̇
.

= 𝑀̇ .

can

Equation 2.1.5

From equations 2.1.4 and equation 2.1.5, the heating capacity can be determined in terms of
compressor speed as follows:
𝑄̇ = 𝐶𝑂𝑃 . 𝜂 . 𝑊̇

= 𝐶𝑂𝑃 .

.

.

. 𝑓

. (ℎ

−ℎ )

Equation 2.1.6

As can be seen in equation 2.1.6, a change in compressor speed can affect the heating
capacity but this also requires maintaining the optimize efficiency of the compressor. The
significance of the variation will be determined by the efficiencies of the compressor and the
pumps as well as the heat exchangers characteristics. In fact, these parameters which are not
ascertained by the individual design of the heat pump and it is also excluded from the main
context of this research.
However, in the preceding equations has been attempted to address the significance of
compressor speed as one of the key parameters in the modeling of heat pump system. At
this point it is necessary to investigate another major parameter which greatly contribute to
the HP thermal output power.
Exhaust air
heat exchanger
Heating system
(Heat Pump F 750)

𝑇

Condenser
𝑇

Figure 2.1.2: The heat pump heat sink system connected to the heating system
The principal to determine these parameters primarily based on the energy balance for the
heat pump model, see figure 2.1.2. Because of that, for the steady state conditions the heat
pump outlet temperature is [7]:
5

𝑇

=𝑇

+
̇

̇

Equation 2.1.7

.

In addition, the heat pump return temperature in steady state condition can be expressed as
follows [7]:
𝑇
= ̇ .
Equation 2.1.8

From the equations 2.1.7 and 2.1.8, the heat pump thermal output power can be express as:
𝑄̇

= 𝑚̇ . 𝑐

(𝑇

− 𝑇

) = 𝑄̇

Equation 2.1.9

The return temperature from the heating system (𝑇
) can considerable influence on the
requested heating capacity in the heat sink system (condenser), as can be seen from the
equation 2.1.9. The higher return water temperature from the heating system into the heat
pump will provoke the greater heating request in the condenser to maintain the indoor
temperature of the building in the comfort level correlated to outdoor temperature [7].
Consequently, this former equation will motive for introducing the inlet temperature of the
heat pump in the set of the parameters will be applied in the ANN modeling.
Furthermore, the other parameters that are used in the ANN modeling are as following: The
indoor air temperature of the building which is divided into 6 temperature zones is presumed
to be the mean air temperature of all zones unless the specified zone temperature is required.
The exhaust air temperature is also assumed to be the average exhaust air temperature of all
six zones, except kitchen fan, and it flows from the evaporator in the heat pump with the
ventilation flow rate of 52 l/s. Based on the former parameters, two dependent output
parameters that will be addressed in the ANN modeling are figured out. These parameters
are listed in the table 2.1.1.
Table 2.1.1: Details of the outputs from type581a.

Nr. of output

Description

1
2

Thermal power output
Compressor speed

Range of output
[0.00-0.09] kW
[0,20,50,80,120] Hz

The following section describes the model development and related testing. To start with
the heat pump system is briefly described as well as the model 3, and then the boundary
conditions for the simulation are explained. After that, the ANN model and its integration
in the plant modeling are covered.

Description of the targeted heat pump system
Basically, an exhaust air heat pump meets the building heating demand by employing the
heat in building air ventilation system. This is performed in three different circuit systems
including: Firstly, natural heat transfer between indoor environment and heat pump (1).
Secondly, the low temperature heat recover is gained heat energy and becomes a high
temperature heat in refrigerant circuit of the heat pump (2). Thirdly, the heat distribution in
indoor building environment to meet both domestic hot water system (DHW) load and
space heating system (SH) load in the building system (3). The heat pump system is shown
in figure 2.2.1.
6

Figure 2.2.1: Typical heat pump system model based on NIBE F750 (User Manual NIBE F750
Exhaust air heat pump) [12].

2.2.1. Ventilation air
Since there is DC fan for building ventilation system, the heat energy of ventilation air can
be transmitted through the heat pump evaporator system that decline energy costs
substantially. Hence air temperature decreases significantly.

2.2.2. Refrigerant circuit
Firstly, the heat transmits from ventilation air to refrigerant in the evaporator where the
refrigerant phase change is occurred. Secondly, the considerably increase in gas pressure and
gas temperature take place in the compressor. Thirdly, the gas is condensed owning to attract
heat in condenser. Finally, thanks to expansion valve, the refrigerant with primarily
temperature will be provided by the rapid decline in refrigerant pressure.

7

2.2.3. Heat medium circuit
The heat energy gain in the condenser is transported to the house heating close loop system
which are including DHW and radiators. The heat pump operates efficiently when there is
either SH demand or DHW demand.

Building model
However, the main objective of this research underlines how the predictive operational
strategy develops the smart control of heat pump system in space heating mode. There will
be limited description about detailed SH loads.
The total energy consumption in the building that will be integrated for the ANN building
model is estimated according to the formula under steady-state condition:

2.3.1. Space heating
𝐺 + 𝑄̇

,

+ 𝑄̇

− 𝑄̇

=0

Equation 2.3.1

Basically, the total heat losses can be calculated in terms of transmission (𝑄̇
ventilation(𝑄̇ 𝑣𝑒𝑛𝑡 ) and infiltration (𝑄̇ 𝑖𝑛𝑓𝑙 ) as the following [7]:
𝑄̇
=𝑄̇
+ 𝑄̇
(𝐴 . 𝑈) + ( 𝑐

+ 𝑄̇
=
. 𝑝
. (𝑞 + (𝑛 . 𝑉))

. (𝑇 − 𝑇 )

),

Equation 2.3.2

To simplify the model, it is assumed that the building is very air-tight and the heat loss due to passive
ventilation and infiltration is small enough to be ignored, as compared to the magnitude of heat loss
due to transmission through envelopes. Then the above equation can be simplified by the following
equation:
𝑄̇

= 𝑄̇

Equation 2.3.3

= 𝐴 . 𝑈. (𝑇 − 𝑇 )

As can be seen from the above equations, the temperature difference between inside and
outside of the building is the main reason for heat losses. The greater this difference, the
higher the rate of heat losses from the building. For this reason, these two mentioned
parameters will be also used along with other heat gains in ANN modeling of the building
model.
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2.3.2. Climate data
The outdoor temperature is obtained from the local climate of the house location,
Norrköping (2007), Sweden (58.6°N, 16.2°E) with a high time resolution of one minute by
the swedish meteorological and hydrological institute (SMHI). This data represents in figure
2.3.1 [13].

Figure 2.3.1: Weather data of Norrköping (2007), depicted in daily value.
Another important parameter is the global solar radiation,𝐺 , that is depicted in figure 2.3.2.

Figure 2.3.2: Global solar radiation of Norrköping (2007).
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3 Artificial neural network (ANN)
The following sections describe in the first place, the structure of ANN modeling as well as
the system identification method in ANN toolbox and then, review how the optimization
process works.

ANN base model
This toolbox in MATLAB is inspired by biological nervous system to process the data and
is contain of several groups of neurons that learn and stores the information. Back
propagation (BP) network is the most popular of the ANN model including input layer,
hidden layer(s), output layer as well as the number of neurons in the layers, weights, bias and
transfer function that show in figure 3.1.1 [8].

Hidden Layer
Input

Output Layer

W

W

b

b

Output

Figure 3.1.1: A typical Neural Network model in ANN toolbox based on ANN model [8].

System identification
Basically, good ability of neural network to be trained or adjusted leads to particular target
output obtained by specific input. The neural network training signal is gained and adjusted
by the prediction error between neural network output and the plant output. This procedure
is outlined in figure 3.2.1.

Figure 3.2.1: Error adjustment between real and predicted outputs as a learning signal based on ANN
model [8].
The ANN plant model implements previous plant outputs as well as previous inputs to
anticipate future values of the plant output. For this reason, the desired plant outputs are
also applied as an input to enjoy benefit of past values of target outputs instead of calculated
outputs.
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Neural network design steps
The work flow for ANN modeling has seven primary steps using both the graphical user
interface (GUI) tools and command-line operations [8]. Data collection in step 1, while
important, generally occurs outside the MATLAB environment by the measured values.
However, in this research because of measured data is not available, one of the data driven
methods could be used and TRNSYS is the software that provide data set for ANN
modeling in this study. These steps are shown in figure 3.3.1.

Figure 3.3.1: Flow chart of ANN learning process.

These steps will perform either by the GUI tools or command-line operations of the ANN
tool box for training neural networks to find a solution for problems in function fitting,
clustering, time series and pattern recognition. The time series tool (ntstool) is applied in this
study to import data set from TRNSYS. This tool in ANN toolbox can solve three types of
nonlinear time series and helps to train different kinds of nonlinear problems. In fact, this is
an effort to use dynamic filtering, of which past values of one or more time series are
employed to estimate future values [8].
The following represents the main details of these three various types of times series
problems in ntstool:
-

The first type of time series problem (autoregressive with exogenous (external) input
or NARX) is an effort to predict future values of a time series y(t) based on the past
values of that time series (d) and the past values of a second time series x(t). This is
shown in equation 3.3.1 [8].
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𝑦(𝑡) = 𝑓(𝑦(𝑡 − 1), … , 𝑦(𝑡 − 𝑑), 𝑥(𝑡 − 1), … , 𝑥(𝑡 − 𝑑))
-

Equation 3.3.1

The second type of time series problem (nonlinear autoregressive, or NAR) includes
only one series. The future values of a time series y(t) are anticipated only from past
values of that series(d). This can be written as equation 3.3.2 [8].
Equation 3.3.2

𝑦(𝑡) = 𝑓(𝑦(𝑡 − 1), … , 𝑦(𝑡 − 𝑑))
-

The third time series problem (input-output model) is much the same to the first
type in which predict values of y(t) from previous values of x(t), d, but without
using of past values of y(t). This is shown in equation 3.3.3 [8].
Equation 3.3.3

𝑦(𝑡) = 𝑓(𝑥(𝑡 − 1), … , 𝑥(𝑡 − 𝑑))

Generally, the NARX model will come up with more accurate predictions compare to the
input-output model when the past values of y(t) would be available. This model, thus, has
been applied in this study.

Heat pump model and building model with the ANN
The ANN heat pump model and model the building by the ANN are discussed in more
details in the following chapters.

3.4.1. Modeling heat pump network with the ANN in a range of
boundary conditions
The available data set acquired from TRNSYS contributes to perform the heat pump system
ANN modeling in this study. The modeling is divided in two parts that mainly are varied in
the arrangement of inputs and output parameters. In the first model (Model 1) of this study
the amount of heat transfer in condenser is modeled by the NARX is selected among three
different types of nonlinear time series problems. The data set consist of the water inlet
temperature of heat pump system, condenser, 𝑇
, the exhausted air inlet temperature of
the evaporator in heat pump system 𝑇 , the average indoor ambient temperature of
building 𝑇
and the speed of compressor 𝑓
which are all as input parameters. Also,
the heat transfer 𝑄̇
in condenser in both modes of SH and DHW is selected as the
output parameter in ANN modeling. The boundary condition of theses parameters is listed
in table 2.2. Since the inputs parameters of ANN modeling impact significantly on updating
the weight adaption, the inputs that greatly affect the physical process in heat pump system
are most interested. Basically, 70% of the data is allocated to the training set, 15% of the
data is assigned for the validation and 15% is used for testing the performance of the
network [9]. It is important to mention here that among different available data division
options, the randomly data division with divide up by every time and sample is employed in
this part.
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Table 3.4.1: Range of inputs and outputs.
𝑻𝑯𝑷 𝒊𝒏 [°𝐂]
𝑻𝒂𝒊𝒓 [°𝐂]
𝑻𝒊 𝒂𝒗 [°𝐂]
𝒇𝒄𝒐𝒎𝒑 [Hz]
𝑸̇𝑫𝑯𝑾 𝑺𝑯[kWh]

Minimum

Maximum

10.59
17.25
17.40
0.00
0.00

52.96
26.01
25.90
120.00
0.09

Moreover, the minimum value of speed of compressor and heat transfer in condenser is
obtained while the compressor is off and thus the heat transfer in condenser equals to zero.
A three-layer back propagation network (two hidden layers and one output layer) with “tansigmoid” transfer function in hidden layers and the linear transfer function “purelin” in
output layer is implemented as the ANN network. This is mainly because two hidden layers
offer more accuracy in network modeling though the network becomes more complex due
to weight balancing stage between first and second hidden layers. This makes weight
updating accomplished based on the error between desired and actual output [10].
Furthermore, the number of neurons in hidden layers determined based on some rule-ofthumb for instance this number should not exceed the double number of neurons in input
layer. Moreover, this optimal number of hidden layers was founded based on the searching
method in which guarantee not only the optimum number of the hidden layer but also
network generalization [11]. This searching method was accomplished by running the ANN
model with certain hidden layer size a few numbers of times to ensure that the most
optimum, generalized network is selected. Hence, by adopting trial and error the neurons
number set varied between 4 and 12 in hidden layers to reach finally best performance with
10 and 8 neurons in first and second layers respectively. In addition, LM as well as SCG
show best results among other training algorithm. Although SCG shows faster convergence,
LM performs significantly better with brilliant performance on function fitting (nonlinear
regression) problems [8] and hence LM is taken in training algorithm in this research. The
Model 1 of ANN network is demonstrated in Figure 3.4.1.

T
Tai

𝑄̇

𝑇
fcomb

Input Layer

Hidden Layer

Output Layer

Figure 3.4.1: The architecture of ANN layers for heat pump (Model 1).

On the other hand, in the second part of ANN plant modeling, although the similar
approach is adopted for system identification, the inputs and outputs of the ANN network
is modified. In the network model 2, the water inlet temperature of condenser 𝑇
and
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only indoor temperature of zone 1 among six indoor ambient temperature of building 𝑇
are considered as input parameters of the network while the speed of compressor 𝑓
is
selected as output parameters. In addition, like the model 1, the same approach is adopted
to find and adjusted the network parameters such as number of hidden layers, number of
neurons and learning algorithm. These parameters after enough trial and error set to gain
the best network performance, in which LM algorithm with two hidden layers including 20
and 18 neurons in first and second hidden layers, respectively. This network is illustrated in
figure 3.4.2.

𝑇

𝑓

𝑇

Input Layer

Output Layer

Hidden Layer

Figure 3.4.2: the architecture of ANN layers for heat pump (Model 2).

Another difference in model 2 is that unlike model 1, in which used linear function in
output layer, the “tansig” is applied in output layer. This is mainly because of nonlinear
relation between speed of compressor and temperature of indoor zones as well as inlet
temperature of condenser. The more temperature, the less speed of compressor is required
to adjust the desired setting temperature of space heating. These parameters in both model
1 and model 2 is summarized in table 3.4.2.
Table 3.4.2: the parameter of ANN network in model 1 and model 2.

Network

N(Neurons
number)

Transfer
function
(Hidden
layers)

Transfer
function
(Output layer)

Training
algorithm

Model 1
Model 2

[10 8]
[20 18]

tansig
tansig

purelin
tansig

LM
LM

3.4.2. The building modelling by the ANN model (Model 3)
This part aims at providing model 3 to determine the relationship between heating energy
gains by the building and average indoor temperatures in the whole building (𝑇 ) as well
as heat losses (𝑄̇ ) from the building including ventilation before the energy is taken out
from the exhaust air by the heat pump. These heating energy gains by the building consisting
of outside ambient temperature (𝑇 ), global radiation (𝐺 ), the heating rate from the heat
pump in space heating mode (𝑄̇ , ) and all other internal gains(𝑄̇
) in to the building.
Table 3.4.3 shows the range of input and parameters of the model 3.
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Table 3.4.3: Range of inputs and outputs for the model 3.
𝑻𝒐 [°𝐂]
𝑮𝒉 [𝐤𝐖𝐡]

Minimum
- 8.25
- 0.01

Maximum
29.34
1099.70

0.00
0.00
17.40
17.39

236.71
0.08
25.90
160.78

𝑸̇ 𝒉𝒑 ,𝑺𝑯 [𝐤𝐖𝐡]
𝑸̇𝒈𝒄𝒐𝒏𝒗 [𝐤𝐖𝐡]
𝑻𝒊 𝒂𝒗 [°𝐂]
𝑸̇ 𝒍𝒐𝒔𝒔 [𝐤𝐖𝐡]

Similarly, the same methodology and approach is adopted again to determine neural network
architecture which is discussed in detail earlier in the previous chapter. Sensitivity of ANN
model was investigated again by the diverse number of neurons in the hidden layer between
4 to 12 neurons. It was, however, obtained that network with two hidden layers [10 10] and
LM as the training algorithm can meet effectively the requirements of the best network for
this problem. This ANN network is depicted in figure 3.4.3.

𝑇

𝑇
𝑄̇

𝐺
𝑄̇

,

𝑄̇
Input Layer

Hidden Layer

Output Layer

Figure 3.4.3: the architecture of ANN layers for the model 3.
Regarding type of function layers, “purelin” as a linear function was applied in output layer
while “tansig” was preferred in hidden layers. The reason to adopt linear function in output
layer stems from the fact that there is the linear connection make input and output
parameters of the ANN model. In simpler terms, the more the heat gain receive, the higher
indoor temperature as well as heat losses in the building. The table 3.4.4 shows selected
parameters for this problem.
Table 3.4.4: the parameter of ANN network in building model.

Network

N(Neurons
number)

Transfer
function
(Hidden
layers)

Transfer
function
(Output layer)

Training
algorithm

Model 3

[10 10]

tansig

purelin

LM

3.4.3. Train and tuning the multilayer neural networks
Generally, the training process of a neural network includes tuning of the network weights
and bias in order to optimize network performance. This performed by initializing both bias
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and weights to make ready network for training and that is done either by default whenever
the network initialized or using directly by command “init” network in the script file of
Matlab. The mean square error (mse) is default performance function in ANN toolbox and
used here with the following formula [8] for network performance optimization.
mse = ∑

(𝑒 ) =

∑

(𝑡 − 𝑦 )

Equation 16

In this equation, 𝑡 is a target output, 𝑦 is a calculated output, 𝑒 is an error between target
and calculated output and N is a number of data sample.
Another important parameter to implement training in the network is about how weights
updated in the algorithm. Normally there are two different ways regarding this matter and
that is increment mode and batch mode. For most problems, batch mode not only provides
smaller error but also performs remarkably faster than incremental training. “Train”
command helps to applied batch mode in which before the weights are updated in the
training set all the inputs applied while in the incremented mode, which is employed by the
“adapt” command, first inputs are applied to the network and then the weights updated [8].
Moreover, optimization algorithm underlined this fact that the biases and weights updates
towards the performance function becomes minimum. This mainly is accomplished by the
gradient and Jacobian descent in the optimization algorithm. Fortunately, the process of
computing the Jacobian and gradient is implemented in all training function and as a result
in train LM.

4 Results
Analyze neural network performance after training
It is extremely important to assess the validity of the training by using the training records
that demonstrate the performance progress. Firstly, the training windows are considered to
check how good the training progress would be. Of most interest is the order of the gradient
of performance, the number of validation check and the performance. The performance will
become extremely small value while the training attains a minimum of the performance and
the other two parameters are used to terminate the training. In other words, if these
adjustable parameters are smaller than predefined set values which take, for example,
0.00001 and 6.0 for gradient and number of validations check respectively, then the training
will stop.
Furthermore, the plots show great information for the goodness of the training network
procedure and among others, the most two important one is regression and histogram plots
to validate network performance.
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4.1.1. Results of ANN network model 1
In the following the results of ANN network are shown for model 1, model 2 and model 3.
As can be seen in figure 4.1.1, all the curve including training, validation, and test does not
represent any major problems. The lower the performance, the smaller the error between
real and desired outputs of the network, mean square error (mse). Another important test
is that it is less likely over fitting occurred since the test curve had not increased notably
before the validation curve increased [8]. So, the assumption of overfitting is violated in
model 1.

Figure 4.1.1: Performance progress (Model1).
Another important verification of the network performance is the regression plot in which
represent the linear regression between the desired targets and the corresponding network
outputs (predicted outputs). In ideal training condition, both outputs and targets would be
lying down on the 45-degree line and more simply exactly equal with extremely minor error,
but it seldom perfects in practice [8]. Figure 4.1.2 shows the regression graph for model 1 in
this research. The fit between data seems properly good for training, validation, testing and
whole data sets with the R-value of approximately 0.9895.

Figure 4.1.2: Regression plot (Model1).
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The error histogram in figure 4.1.3 provides additional verification of the network
performance that indicates outliers to represent data points where the fit is considerably
worse compared to the majority of data. If the outliers are reasonable data points, yet are
dissimilar the rest of the data, then the network is more likely extrapolating for these points.
In this case, the distribution of the residuals between targets and network outputs is shown
that the most errors lie approximately between -0.0036 and 0.0044.

Figure 4.1.3: Error Histogram (Model1).
Generally, the lower performance, the better accurate network model brings about best
results. The performance values, (figure 4.1.4), for the selected hidden layer configuration
are 0.00001665 (performance), 0.00001637 (train performance), 0.00001666 (validation
performance) and 0.00001793 (test performance).

Network Performance
0,000025
0,00002
0,000015
0,00001
0,000005
0
N=4

N=6

performance

N=8

N=10

N=[4 4] N= [6 6] N=[8 8] N=[10 8] N= [10
10]

trainPerformance

valPerformance

N=[12
10]

testPerformance

Figure 4.1.4: Network performance (Model1).

4.1.2. Results of ANN network model 2
The best results of ANN network model 2 are illustrated in figures 4.1.5, 4.1.6 and 4.1.7.
The trends behavior is much like model 1, and as a result, let just draw the attention to the
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most important key points. As can be seen here, performance progress is settled in higher
value in which test performance value is 46.4872, compared to model 1. However, it is no
sign of overfitting is founded in this graph.

Figure 4.1.5: Performance progress (Model2).
Regression plot is shown in figure 4.1.6 and it demonstrates slightly better results, in which
the total R-value is about 0.9905 although it is still far from the ideal condition as described
in detail in model 1.

Figure 4.1.6: Regression plot (Model2).
Another verification here is the error histogram in figure 4.1.7 that indicates those data
points where the fit is significantly worse compared to most data. On the basis of the present
error histogram, the error lies mostly between -6.0090 and 5.9890. However, there are also
data points with an error 17.9900 and – 18.0100. These values rise the issue of whether the
quality of sample data is good enough or whether the outliers are just dissimilar and not
from the same population as the rest of the data, and therefore the network is extrapolating
for these points. Since the TRNSYS output data is used as the dataset in ANN modelling
with time step 1 minute, it is more likely that this time step does not adequate to cover all
the required information especially about the compressor speed during the transient state
when it switches on and off. Thus, the cause of outliers can be due to the worse quality of
data in some data points as well as dissimilarity of some of data (outliers) compare to the
rest of data.
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Figure 4.1.7: Error histogram (Model2).
Furthermore, the former results are also borne out by the network performances in figure
4.1.8 that clearly reveals that the hidden layer with 20 and 18 in both hidden layers could
offer a most efficient way to model the plant model 2. The performance values for the
selected hidden layer configuration are 39.4212 (performance), 37.5106 (train performance),
46.1334 (validation performance) and 41.6167 (test performance).

Network perfomance
70
60
50
40
30
20
10
0
2

4

6

performance

8

10

12

trainPerformance

18

[10 8] [20 18] [24 22]

valPerformance

30

[30 28]

testPerformance

Figure 4.1.8: Network performance (Model2).

4.1.3. Results of ANN network model 3
The results are demonstrated in figures 4.1.9, 4.1.10 and 4.1.11. Since the best validation
performance changes in a similar fashion for model 1 and model 2 that described earlier in
this chapter, only differences are highlighted. It is clear in figure 4.1.9 that the best
performance put in around 0.0217 at epoch 17 where there is no sign of over fitting can be
seen.
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Figure 4.1.9: Performance progress (Model 3).

The regression plot for the building model is shown in figure 4.1.10. This linear regression
surprisingly shows brilliant fitting between desired target data points and ANN network
output. With the R-value of 0.9999 for all data sets, it fully accepts this claim about the
goodness of the fitting data.

Figure 4.1.10: Regression plot (Model 3).
Another proof of ANN building model is again the error histogram that is shown in figure
4.1.11. As the fitting was significantly pleasant, most of the outliers are frequently occurred
with remarkably low error around – 0.0682.
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Figure 4.1.11: Error histogram (Model3).
Similarly, the results of the model 3 are confirmed by the network performance with 10
neurons in both hidden layers to grant the best ANN model for this problem. The
performance values 0.0262 (performance), 0.0280 (train performance), 0.0215 (validation
performance) and 0.0225 (test performance) were obtained during the modelling. This
network performance shows in figure 4.1.12.
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10]

trainPerformance

valPerformance

Figure 4.1.12: Network performance (Model 3).
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testPerformance
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Model validation
Though the best network performance is assessed previously by the different plots of NARX
toolbox of ANN, it is necessary to check the effectiveness of well-trained network by
additional effort like numerical method or graphical method (residual plot) to validate the
best network performance.
In model validation by numerical method mostly three statistical parameters were applied to
assess the performance of LM algorithm: the root mean square (RMS), the coefficient of
variation (COV) and the coefficient of multiple determinations (𝑅 ), presented by the
equations 4.2.1, 4.2.2 and 4.2.3. In these equations, 𝑦 is the predicted value by the ANN
model, 𝑥 is the measured value of one data point, n is the number of test patterns in the
test data and 𝑥̅ is the mean value of all measured points. Generally, the top network design
should provide the minimum RMS and COV while has the maximum value of 𝑅 [4].
RMS =

∑

(

COV = 100
𝑅 =1−

)

Equation 4.2.1
Equation 4.2.2

| ̅|

∑

(

)

Equation 4.2.3

∑

4.2.1. Statistical performance calculation in model 1 and model 2
(numerical method)
The ANN modeling was done for several neurons in hidden layers between 4 and 12 in
model 1. Four neurons in the hidden layer are the number of inputs and show the minimum
value in the hidden layer used in model 1 of this study. Similarly, the minimum number of
neurons in the hidden layer for model 2 set two neurons but the number of neurons in the
hidden layer changed between 2 and 30 neurons. The best network performance for model
1 and model 2 was shown previously in table 3.2 and this fact prominent also by these
statistical performances. The best network performance is obviously shown for model 1 and
model 1 with [10 8] and [20 18] neurons in hidden layers respectively based on the statistical
parameters. Table 4.2.1 and 4.2.2 show these statistical errors for model 1 and model 2 based
on the equations 4.2.1 till 4.2.3.
Table 4.2.1: Training performance versus number of neurons in hidden layer for LM (Model 1).

N

LM
𝑸𝑫𝑯𝑾

4
6
8
10
[4 4]
[6 6]
[8 8]
[10 8]
[10 10]
[12 10]

𝑺𝑯

RMS

COV

0.0071
0.0072
0.0072
0.0072
0.0072
0.0072
0.0073
0.0073
0.0074
0.0073

21.5626
21.8067
21.9181
21.9989
21.9954
21.9837
22.1156
22.0994
22.3401
22.0897
23

𝑹𝟐
0.9732
0.9726
1.0000
0.9721
0.9721
0.9722
0.9719
0.9720
0.9713
0.9719

Table 4.2.2: Training performance versus number of neurons in hidden layer for LM (Model 2).

N

LM

𝒇𝒄𝒐𝒎𝒑
2
4
6
8
10
12
18
30
[10 8]
[20 18]
[30 28]

RMS

COV

11.3765
11.4858
11.7102
11.9273
11.9018
11.9260
12.0639
11.9856
11.9824
12.2475
12.1603

16.3206
16.4774
16.7993
17.1107
17.0741
17.1088
17.3067
17.1943
17.1898
17.5701
17.4450

𝑹𝟐
0.9813
0.9810
0.9802
0.9795
0.9796
0.9795
0.9790
0.9793
0.9793
0.9784
0.9787

4.2.2. Statistical performance calculations in the model 3
(numerical method)
Table 4.2.3 shows the changes in training performance of the model 3 using the LM
algorithm. In line with the performance criteria, the best value of the neurons in the hidden
layers is 10 neurons in both hidden layers that provide the minimum values of the COV and
RMS as well as the highest value of the 𝑅 for the two outputs studies of the model 3.
Table 4.2.3: Training performance versus number of neurons in hidden layer for LM (Model 3).

N

LM
𝑻𝒊 𝒂𝒗

4
6
8
10
12
14
16
18
[2 2]
[2 4]
[4 6]
[6 6]
[6 8]
[8 8]
[10 10]
[10 12]

RMS

COV

𝑹𝟐

0.0535
0.0472
0.0530
0.0479
0.0486
0.0464
0.0459
0.0464
0.0461
0.0461
0.0463
0.0463
0.0525
0.0463
0.0362
0.0518

0.2568
0.2266
0.2542
0.2301
0.2335
0.2226
0.2205
0.2227
0.2215
0.2214
0.2221
0.2223
0.2518
0.2223
0.1737
0.2488

0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999

𝑸𝒍𝒐𝒔𝒔

RMS

COV

𝑹𝟐

0.7647
0.7704
0.7685
0.7628
0.7598
0.7623
0.7622
0.7726
0.7505
0.7602
0.7529
0.7644
0.7616
0.7733
0.7659
0.7528

1.0219
1.0295
1.0269
1.0194
1.0153
1.0186
1.0185
1.0324
1.0030
1.0159
1.0062
1.0215
1.0178
1.0334
1.0235
1.0060

0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999
0.9999

In this regard, the coefficient of determination attains approximately 0.9999 for both
𝑇 and 𝑄
with the RMS 0.0362 and the COV of 0.1732 for 𝑇 value for the [10 10]
neurons in hidden layers compare with the others hidden layers; besides, the RMS 0.7659
and the COV of 1.0235 for 𝑄 . The heat loss might not the minimum size, but
nevertheless, it still maintains the best performance among all the network.
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Model validation (residual plot) and uncertainty
Unfortunately, a high value of 𝑅 values does not assurance which the model fits the data
competently. However, graphical residual analysis can provide information on acceptability
of different aspects of the model. Scatter plots of the residuals versus the predicted values
from the model permit comparison of the amount of random deviation in different parts of
the data. If the model fit to data were accurate the residuals appears to behave randomly.
Moreover, it should be hard to predict the error for any given data points.
Figures 4.3.1, 4.3.2, 4.3.3 and 4.3.4 show the residuals plots for all three models in this
research. As can be seen from the figure 4.3.1, the residuals plot versus predicted values in
model 1 highlights the non-constant standard deviation of random errors across the
predicted values calculated in each data points. This is mainly because the scatter of residuals
looks randomly throughout the level of predicted data. Consequently, the assumption of
random error over the whole predicted data points is satisfied. The prediction bound (+/10 %) illustrates also the level of uncertainty in different predicted data points.

Figure 4.3.1: The residual versus fits plot (Model 1)
The residuals plot versus predicted value for model 2 varies in some complex fashion (figure
4.3.2), in which the residuals increase not only near the lower end of the scale (zero Hz) but
also near the upper end of the scale (120 Hz) especially if applied the absolute values for
residuals across the predicted values. But, however, they are minimum for the medium value
of the predicted values between 40 Hz and 80 Hz. So, this suggest non-constant of standard
division of random errors. Furthermore, it is still difficult to predict the residuals in different
predicted data points and the assumption of constant deviation of errors is thus violated.
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Figure 4.3.2: The residual versus fits plot (Model 2).
However, compare to previous models the residuals in model 3 are normally distributed
around the zero line. In this case the residuals should not be either systematically high or
low. In other words, the residuals should be centered on zero throughout the range of fitted
values. As can be seen, the outstanding predicted bounds (+/- 1%) cover a majority of the
residuals and proves well this assumption. The model is thus correct on average for all fitted
values. This pattern is shown in figure 4.3.3 and 4.3.4 for model 3.
.

Figure 4.3.3: The residual versus fits plot (Model 3,T_(i av)).
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Figure 4.3.4: The residual versus fits plot (Model 3, Q_loss)).

5 Discussion and conclusion
The first part of ANN modeling of the heat pump model of NIBE F750 (model 1) with
respect to heat that transfers from condenser to the heating water system is taken into
account to obtain more precise control of the heating system. The temperature of exhausted
air of the evaporator, the water inlet temperature of the condenser as well as the speed of
the compressor in heat pump system and also the indoor air temperature in the building are
collected during the all heating seasons by the TRNSYS simulation software based on the
experimental data of the heating system loop. The calculated data accomplished in the
TRNSYS during the one year with the time step of one minute have been used to train the
network. Heat transfer predicted by the ANN in the heat pump system provides a
correlation coefficient 0.9720 with the COV and RMS values of 22.0994 and 0.0073,
respectively.
On the other hand, the second part of ANN modeling (model 2) has been accomplished
with the inlet temperature of the condenser as well as the indoor temperature of zone 1 that
are used as input parameters. In contrast, in model 2 of ANN modeling, the speed of the
compressor is applied as an output parameter. It is noteworthy that other boundary
conditions to make ready data set for the network modeling are completely the same as
model 1. The speed of the compressor is anticipated by the ANN network modeling that
offers a correlation coefficient 0.9784 with the COV and RMS values of 17.5701 and
12.2475, respectively.
Moreover, the model 3 by the ANN model performed with both indoor temperature of the
building as average temperatures in all 6 zones of the building and heat losses of the building
which provides the RMS of 0.0362 and COV of 0.1732 with the correlation of coefficient
of about 0.9999 for building indoor temperature. Also, the coefficient of determination
comes to about 0.9999 for building heat loses with the RMS and COV of 0.7659 and 1.0235,
respectively. Table 5.1 provides the summary of these values.
Table 5.1: Performance of the best algorithms during validation for model 1, model 2 and model 3.
LM
RMS
COV
𝑅
[10 8]
0.0073
22.0994
0.9720
𝑄
[20 18]
12.2475
17.5701
0.9784
𝑓
[10 10]
0.0362
0.1732
0.9999
𝑇
̇
[10
10]
0.7659
1.0235
0.9999
𝑄
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The results in tables 4.2.1, 4.2.2 and 4.2.3 revealed shortcomings in implementing simulation
results from TRNSYS especially with time step one minute during the year to estimate
statistical errors to validate the best algorithm because performance coefficients. One reason
for this comes from the fact that the compressor speed is changed abruptly between
different setting values take for example from a frequency of 120 Hz to 80 Hz or between
full speed 120 Hz to full stop 0 Hz while it is not attainable in real practice and with this
long time step (1 minute) might loss consequently some part of information during the
setpoint change of the compressor speed. While, this manner is predicted well by the ANN
network where this prediction is done smother with a few ahead predicted middle values
between 120 Hz and 80 Hz in which it would approximately be predicted 115 Hz, 90 Hz
and finally 80 Hz in ANN modeling. This leads to a large amount in the calculation
procedure of some data points and as a result, it goes to some degree of uncertainty about
which network configuration could bring about the best efficient results. This problem is
mostly shown in the model 2 where the speed of compressor is predicted
However, on the basis of the top performance data that is predicted by the ANN would take
into account the first estimation of the best number of neurons in the hidden layer. Then,
the calculation of different correlation of coefficients is performed, and this significantly
most considered near to the former best performance recorded network to find out the
validity of selected network configuration. For this reason, there is a major discrepancy
regarding suggested best network model in terms of neurons number in hidden layers by the
performance estimation of ANN in one hand, and correlation coefficients on the other
hand.
On balance, the overall results procured from the ANN confirmed that the performance of
ANN models is good enough in predicting of the target values of all three models in this
study in which the heat transfer between the condenser of the heat pump and the heating
water system (model 1), the speed of the compressor (model 2) and the average indoor
temperature and the heat losses from building envelop (model 3). Furthermore, better
economic benefits can be provided by the ANN predictive control strategy for heat pump
system.

28

6 Future works
The future works are encapsulated in an applied the heat losses in ANN modeling through
the building envelopes in complete fashion (passive ventilation, infiltration and transmission.
In addition, utilized the ANN networks modeling in MATLAB SIMULINK as a part of
supervisory predictive controller in the HVAC system. Finally, coupling ANN models with
other MATLAB toolboxes like genetic algorithm for more optimization of ANN models.
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8 Appendices
The code for the model in Matlab Mfile:

% Solve an Autoregression Problem with External Input with a NARX
Neural Network
% Script generated by Neural Time Series app
% Created 21-Jan-2018 10:03:42
%
% This script assumes these variables are defined:
%
%
Input - input time series.
%
Output - feedback time series.
X = tonndata(Input,false,false);
T = tonndata(Output,false,false);
%[ X ] = (Input);
%[ T ] = (Output);
% Choose a Training Function
% For a list of all training functions type: help nntrain
% 'trainlm' is usually fastest.
% 'trainbr' takes longer but may be better for challenging problems.
% 'trainscg' uses less memory. Suitable in low memory situations.
trainFcn = 'trainlm'; % Scaled conjugate gradient backpropagation.
% Create a Nonlinear Autoregressive Network with External Input
inputDelays = 1:4;
feedbackDelays = 1:4;
hiddenLayerSize = [ 6, 6 ];
%hiddenLayerSize = 40;
net =
narxnet(inputDelays,feedbackDelays,hiddenLayerSize,'open',trainFcn);
net.layers{1}.transferFcn = 'tansig';
net.layers{2}.transferFcn = 'tansig';
net.layers{3}.transferFcn = 'purelin';
%net.layers{4}.transferFcn = 'purelin';
%net.trainParam.ir = 0.8
net.inputWeights{1,1}.weightFcn = 'dotprod';
net.inputWeights{1,2}.weightFcn = 'dotprod';
net.layerWeights{2,1}.weightFcn = 'dotprod';
% Choose Input and Feedback Pre/Post-Processing Functions
% Settings for feedback input are automatically applied to feedback
output
% For a list of all processing functions type: help nnprocess
% Customize input parameters at: net.inputs{i}.processParam
% Customize output parameters at: net.outputs{i}.processParam
net.inputs{1}.processFcns = {'removeconstantrows','mapminmax'};
net.inputs{2}.processFcns = {'removeconstantrows','mapminmax'};
net.outputs{3}.processFcns = {'removeconstantrows','mapminmax'};
% Prepare the Data for Training and Simulation
% The function PREPARETS prepares timeseries data for a particular
network,
% shifting time by the minimum amount to fill input states and layer
% states. Using PREPARETS allows you to keep your original time series
data
% unchanged, while easily customizing it for networks with differing
% numbers of delays, with open loop or closed loop feedback modes.
[x,xi,ai,t] = preparets(net,X,{},T);
% Setup Division of Data for Training, Validation, Testing
% For a list of all data division functions type: help nndivide
net.divideFcn = 'dividerand'; % Divide data randomly
net.divideMode = 'sampletime'; % Divide up every sample
net.divideParam.trainRatio = 70/100;

1

net.divideParam.valRatio = 15/100;
net.divideParam.testRatio = 15/100;
% Choose a Performance Function
% For a list of all performance functions type: help nnperformance
net.performFcn = 'mse'; % Mean Squared Error
% Choose Plot Functions
% For a list of all plot functions type: help nnplot
net.plotFcns = {'plotperform','plottrainstate', 'ploterrhist', ...
'plotregression', 'plotresponse', 'ploterrcorr', 'plotinerrcorr'};
net = init(net);
% Train the Network
[net,tr] = train(net,x,t,xi,ai);
% Test the Network
y = net(x,xi,ai);
e = gsubtract(t,y);
performance = perform(net,t,y)
% Recalculate Training, Validation and Test Performance
trainTargets = gmultiply(t,tr.trainMask);
valTargets = gmultiply(t,tr.valMask);
testTargets = gmultiply(t,tr.testMask);
trainPerformance = perform(net,trainTargets,y)
valPerformance = perform(net,valTargets,y)
testPerformance = perform(net,testTargets,y)
% View the Network
view(net)
% Plots
% Uncomment these lines to enable various plots.
%figure, plotperform(tr)
%figure, plottrainstate(tr)
%figure, ploterrhist(e)
%figure, plotregression(t,y)
%figure, plotresponse(t,y)
%figure, ploterrcorr(e)
%figure, plotinerrcorr(x,e)
% Closed Loop Network
% Use this network to do multi-step prediction.
% The function CLOSELOOP replaces the feedback input with a direct
% connection from the outout layer.
netc = closeloop(net);
netc.name = [net.name ' - Closed Loop'];
view(netc)
[xc,xic,aic,tc] = preparets(netc,X,{},T);
yc = netc(xc,xic,aic);
closedLoopPerformance = perform(net,tc,yc)
% Multi-step Prediction
% Sometimes it is useful to simulate a network in open-loop form for
as
% long as there is known output data, and then switch to closed-loop
form
% to perform multistep prediction while providing only the external
input.
% Here all but 5 timesteps of the input series and target series are
used
% to simulate the network in open-loop form, taking advantage of the
higher
% accuracy that providing the target series produces:
numTimesteps = size(x,2);
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knownOutputTimesteps = 1:(numTimesteps-5);
predictOutputTimesteps = (numTimesteps-4):numTimesteps;
X1 = X(:,knownOutputTimesteps);
T1 = T(:,knownOutputTimesteps);
[x1,xio,aio] = preparets(net,X1,{},T1);
[y1,xfo,afo] = net(x1,xio,aio);
% Next the the network and its final states will be converted to
% closed-loop form to make five predictions with only the five inputs
% provided.
x2 = X(1,predictOutputTimesteps);
[netc,xic,aic] = closeloop(net,xfo,afo);
[y2,xfc,afc] = netc(x2,xic,aic);
multiStepPerformance = perform(net,T(1,predictOutputTimesteps),y2)
% Alternate predictions can be made for different values of x2, or
further
% predictions can be made by continuing simulation with additional
external
% inputs and the last closed-loop states xfc and afc.
% Step-Ahead Prediction Network
% For some applications it helps to get the prediction a timestep
early.
% The original network returns predicted y(t+1) at the same time it is
% given y(t+1). For some applications such as decision making, it
would
% help to have predicted y(t+1) once y(t) is available, but before the
% actual y(t+1) occurs. The network can be made to return its output a
% timestep early by removing one delay so that its minimal tap delay
is now
% 0 instead of 1. The new network returns the same outputs as the
original
% network, but outputs are shifted left one timestep.
nets = removedelay(net);
nets.name = [net.name ' - Predict One Step Ahead'];
view(nets)
[xs,xis,ais,ts] = preparets(nets,X,{},T);
ys = nets(xs,xis,ais);
stepAheadPerformance = perform(nets,ts,ys)
% Deployment
% Change the (false) values to (true) to enable the following code
blocks.
% See the help for each generation function for more information.
if (false)
% Generate MATLAB function for neural network for application
% deployment in MATLAB scripts or with MATLAB Compiler and Builder
% tools, or simply to examine the calculations your trained neural
% network performs.
genFunction(net,'myNeuralNetworkFunction');
y = myNeuralNetworkFunction(x,xi,ai);
end
if (false)
% Generate a matrix-only MATLAB function for neural network code
% generation with MATLAB Coder tools.
genFunction(net,'myNeuralNetworkFunction','MatrixOnly','yes');
x1 = cell2mat(x(1,:));
x2 = cell2mat(x(2,:));
xi1 = cell2mat(xi(1,:));
xi2 = cell2mat(xi(2,:));
y = myNeuralNetworkFunction(x1,x2,xi1,xi2);
end
if (false)
% Generate a Simulink diagram for simulation or deployment with.
% Simulink Coder tools.
gensim(net);
end
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